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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

by stochastic processes such as random partitioning of cellular components to progeny

cells at division and random interactions among biomolecules in cells. One of the important

biological questions is how the dynamics at the cell cycle scale, which is related to family

dependencies between the cell and its descendants, affects cell population behavior in the

long-run. We address this question using a ªmechanisticº model, built based on observa-

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-

sion to describe stochasticity of partitioning and inheritance of cell-cycle-phase times, and

an ordinary differential equation system to capture single-cell protein dynamics. Long-term

simulations, concordant with in vitro experiments, demonstrated the model reproduced the

main features of our data and had homeostatic properties. Moreover, heterogeneity of cell

cycle may have important consequences during population development. We discovered an

effect similar to genetic drift, amplified by family relationships among cells. In consequence,

the progeny of a single cell with a short cell cycle time had a high probability of eventually

dominating the population, due to the heritability of cell-cycle phases. Patterns of epigenetic

heritability in proliferating cells are important for understanding long-term trends of cell popu-

lations which are either required to provide the influx of maturing cells (such as hematopoi-

etic stem cells) or which started proliferating uncontrollably (such as cancer cells).

Author summary

All cellsin multicellularorganismsobeyorchestratedsequencesof signalsto ensuredevel-
opmentalandhomeostaticfitnessunderavarietyof externalstimuli. However,therealso
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existself-perpetuatingstem-cellpopulations,thefunction of which is to provideasteady
supplyof differentiatedprogenitorsthat in turn ensurepersistenceof organismfunctions.
Thisªcellproductionengineºisanimportant elementof biologicalhomeostasis.A similar
process,albeitdistortedin manyrespects,playsamajor role in cancerdevelopment;here
therobustnessof homeostasiscontributesto difficulty in eradicationof malignancy.An
important role in homeostasisseemsto beplayedbygenerationof heterogeneityamong
cellphenotypes,whichthencanbeshapedbyselectionandothergeneticforces.In the
presentpaper,wepresentamodelof aculturedcellpopulation,whichfactorsin relation-
shipsamongrelatedcellsandthedynamicsof cellgrowthandimportant proteinsregulat-
ing celldivision.Wefind that themodelnot only maintainshomeostasis,but that it also
respondsto perturbationsin amannerthat issimilar to thatexhibitedby theWright-
Fishermodelof populationgenetics.Themodel-cellpopulationcanbecomedominated
by theprogenyof thefittestindividuals,without invokingadvantageousmutations.If con-
firmed, thismayprovideanalternativemodeof evolutionof cellpopulations.

Introduction
Thecellcycleisaprocessleadingto celldivision.It playsacritical role in tissuegrowth,devel-
opmentandregenerationof multicellularorganisms.It consistsof two critical phases:theS
phase,in whichthecellreplicatesits DNA, andtheM phasewhereit dividesin two progeny
cells(mitosis).Thesephasesfollow theG1andG2phases,respectively.After division,progeny
cellsusuallyre-enterthecellcycleandreturn to theG1phase[1, 2]. Dependingon avarietyof
factors,theymaybecomequiescent(passto thedormantG0phase).

Oneof theimportant biologicalquestionsishowthedynamicsat thecellcyclescale,which
is relatedto familydependenciesbetweenthecellandits descendants,affectscellpopulation
behaviorin thelong-run.Weaddressthisquestionusingaªmechanisticºmodel,built based
on observationsof singlecellsoverseveralcellgeneration,andthenextrapolatedin time.We
follow aparadigmrecentlyexpressedamongothersbySandleretal.[3] andDolbniaketal.[4]
statingthatstochasticprocessesin cellsareassociatedwith fluctuationsin mRNA [5], protein
productionanddegradation[6, 7], noisypartition of cellularcomponentsatdivision[8], and
othercellprocesses.Variability within aclonalpopulationof cellsoriginatesfrom suchsto-
chasticprocesses,whichmaybeamplifiedor reducedbydeterministicfactors[9].

Independentlyof recentapproaches,our work hasbeeninspiredbyearlierwork of Darzyn-
kiewiczetal.[10], whoanalyzedcyclingChinesehamsterovary(CHO) cellsusingflow cytom-
etry.Theyreportedvariability in G1phasecausedmainlybyunequaldivisionof cytoplasmic
constituentsinto progenycells,andthemainconclusionwasthat thecell-cycleheterogeneity
wasgeneratedmostlyduring cytokinesisandto alesserdegreeduring theG2phase.These
datainfluencedthemathematicalmodelsof Kimmel etal.[11], andArino andKimmel [12].
In thesemodels,theheterogeneityhasbeengeneratedonly byunequaldivisionor RNA or
cytoplasm,with cellgrowthandthecellcycledurationbeingdeterministicfunctionsof the
birth-sizeof cell.Modelsinvolvingcellcycledurationstochasticityfollowed,with themost
recentonebeingref. [4]. Thelattermodelisaprecursorof thepresentone,yetwith amore
limited scopeandbasedonly on literaturedata.

Understandingof thecomplexityof cell-cycledynamicsandof thespecificpatternsof cell-
cycleprogressionremainsincomplete.Quantitativedynamicimagingcombinedwith mathe-
maticalmodellinghasbecomeanessentialapproachto understandingsuchcomplexdynamics
[13]. TherecentlydevelopedexperimentalFUCCI(fluorescentubiquitination-basedcell-cycle
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indicator) reportersystem[14,15]allowscontinuousimagingof cell-cycleprogressionin sin-
glelivecells.In thissystem,two distinctproteinsCDT1andGEMININ, fusedto fluorescent
markers,indicatetheG0/G1andS/G2/Mphasesof thecellcycle,respectively.

FUCCIsystemhasbeenusedto investigateinheritancemechanismsin non-stimulated
dividing mammaliancells[3], aswellasin reoxygenated[16] andX-ray-irradiatedcells[17].
In ref. [3] theauthorsanalyzedthecorrelationof cell-cyclephasedurationsbetweenfamily
members.Variability in cell-cycleduration isubiquitous,andsourcesof heterogeneitysuchas
extrinsicandintrinsic noise[7] or unequaldivision[18] havebeenreported.Division times
mayalsobeepigeneticallyregulated[19].

In thepresentpaper,weanalyzedexperimentalandmodelledcellpedigreesto determine
patternsof inheritanceof cell-cyclephasedurationsfor aggregatedG1andS/G2/Mphases,
basedon dynamicimagingof liveNIH 3T3cells.Basedon this,wedevelopedanintegrated
modelinvolvingbifurcationautoregressionto describecellproliferationandcell-cyclephase
durations,andanordinarydifferentialequation(ODE)systemto describesingle-cellprotein
dynamics.Theideaof bifurcatingautoregressionis thateachline of descentfrom anancestral
cellfollowstheautoregressionmodel(descendantsinherit certainpropertiesfrom theances-
tor), while theinheritedandenvironmentaleffectsin progenyarecorrelated.Wedeveloped
estimatesof theparametersof bifurcatingautoregressionunderlognormallydistributednoise,
givenobservedcell-cyclephasedurations,andfitted single-cellprotein trajectoriesto theODE
model.In thiswaywefoundcorrelationsamongparametersfor singlecells.Wevalidatedthe
model,usingthecellpedigreesfrom dynamicimagingdata.

Usingthevalidatedmodel,weemployedlong-termsimulationsto addressthelong-term
behaviorof thepopulation,includinghomeostasis,memoryof initial conditionsandheritabil-
ity. Specifically,wewereinterestedin howregulationmechanismsof thecellcyclemaycon-
tribute to propagationof newgeneticor epigeneticvariantsin thecellpopulation.Thisseems
important becauseit hasbeenestablishedthatmanydiseaseprocessesin living organisms
werecausedby thereplacementof originalcelldiversitybycloneswhicheitherproliferate
without control (asin cancer),or dominatetissue-specificstemcells,limiting their resilience
andability to regenerate,asin agingbonemarrow(see[20] andreferencestherein).This
observationhasbeenexploredin anumberof deterministicandstochasticmodels(seereview
[21]). Wesummarizedour findingsusingaversionof theclassicalpopulation-genetics
Wright-Fishermodel,with variablepopulationsize;examplesandreferencescanbefound in
[22,23].Thisapproachisalsorelatedto thebranchingprocessparadigm,althoughour cell
proliferationmodelisnot aclassicalbranchingprocess[24].

������ Weemploythefollowingvocabularyconventionfor family relationshipsin cell
pedigrees.SupposecellA dividesinto cellsX andY; thenX dividesinto L andM, whileY
dividesinto N andP.Wecalltheprogenycellsof thesameparentcellsiblingpairs.X andY,L
andM, andN andP,aresiblingpairs.Cellswhoseparentsaresiblingswecallcousinpairs.
Thus,L andN, andM andP,arecousinpairs.

Results

Description of the mathematicalmodeland the wayit reproduces
experimentaldata
Thedataatour disposalincludesingle-cellobservationof NIH3T3 cellsusingtheFUCCI-2A
system(seeMethodssection(��	��
�����
 	��������) for details),undertwo differentFetal
BovineSerum(FBS)concentrations.Cellsweregrownin constantconditionsfor 72hours.
During theexperiment,films wererecordedin randomlyselectedareas.Wecollecteddata
from 123celllineages,including890individual cellsfrom eightrecordedfilms for 15%FBS,

Modelling of cell cycle inheritance and variability

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

https://doi.org/10.1371/journal.pcbi.1007054


and69celllineagesincluding224individual cellsfrom fiverecordedmoviesfor 10%FBS.
Basedon experimentalresultswediscoveredthatcell-cycleduration isshorterwhenhigherFBS
concentrationisused.Fasterprogressionof cellcycleiscausedmainlybyspeedingup of S/G2/
M phasesprogression.Differencesbetweenthesetwo experimentsaremainlyvisible(S7EFig)
in thefractionof cellsenteringdormancy(G0).AlsoseeSupportingInformation (S1Text,����
�
�
�
�� �� �����
��� �� ��

����
� 	����� �� ����� ��
��
��
��) for amoredetaileddescriptionof
theseresults.Furtheranalysiswasperformedfor 15%FBSdata,sincethesamplesizewassignif-
icantlyhigherthanin the10%FBSexperiment,andour modelisnot focusedon dormantcells.

Cell cyclekinetics in the pedigreeasbifurcating autoregressiveprocess. Time-lapse
microscopyallowstrackingof individual cellsandidentifiesfamily relationsamongcells(Fig
1A).Usingthis information weinvestigatedtheinheritedandenvironmentalcausesof cell
cycle(CC),cell-cyclephaseslength(G1andS/G2/Mphases)andproteindynamicsvariability.
Weobservedstrongpositivecorrelationof cellcyclebetweensiblings,whereasthesamecorre-
lation for parentandprogeny(�) wassignificantlysmaller(Fig1B).Correlationbetweencell-
cyclephasesfollow thesamepattern,but thecorrelationbetweendurationsof G1phasesis
alwayslowerthancorrelationbetweendurationsof S/G2/M.

Our resultssuggestthatprogenycellsinherit propertiesfrom their parents(Fig1B).Consis-
tentwith this,weobservedevenstrongercorrelationsbetweensiblings.In theliterature,such
correlationsarefrequentlyexplainedbyexternalfactorsaffectingthecell-cyclelength,suchas
environmentalconditions,among-cellcommunication,neighborhoodeffector theageof cells
(seeref. [25] for theNIH 3T3cells).In our data,aftertwo generationsthecorrelationdisap-
pears,asshownby low-correlationcoefficientsbetweengrandparentandgrand-progenycells
(S3AFig).

Asis laterdemonstrated,experimentalresultsareconsistentwith thebifurcatingautore-
gressionmodel,in whichtheprogenycellsinherit randombut correlatedfractionsof agiven
featureof theparentcell[26]. Bifurcatingautoregressionhasbeensuccessfullyusedpreviously
to fit cell-cyclekineticsdatarecordedasmagnetictapevideos[27]. Theapproachpresentedin

Fig 1. Family relationsamongcellsobserved�� �����. (A)Time-lapsemicroscopy permitsthetrackingof individual
cells,identifyingdivisionmoments,family relations,cellcycleandcell-cyclephaseduration,andproteinconcentration
at thetimeof eachobservation. Introduced notationsandcolorsindicatecellcycle(CC,blue),G1phase(G1,red)and
S/G2/Mphases(green).Correspondingsimulation dataarerepresented bythegraycolor.(B) Correlationsbetween
familymembersbasedon experimentalandsimulation data.Estimationof standarddeviationsfrom experimental data
isdescribedin detailin SupportingInformation (S1Text,�������). Simulationresultsfor theautoregression
bifurcation modelaredescribedin detailin Methods.

https://doi.org/10.1371/journal.pcbi.1007054.g001
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thecurrentpaperismorecomplex;it includesmodelingof phasesof cellcycleandprotein
concentrationandisbasedon asignificantlylargerdataset.

Analysisof cell-cyclekineticsin thepedigree,with resultsfor thethird generationof cells
(cousins,grandparentÐgrand-progeny), including thephysicalproximity andcellbirth time
whichdo not affectcell-cycleduration,arepresentedin SupportingInformation (S1Text,
�����
���� ��� ���
��������
 ������ �� ��

 ���
� 
����� ���
��


�� ����� �� ��� ���  !�
��	��
����).

Modelling the pattern of dependencebetweenG1andS/G2/Mphasesof cell cycle. Pre-
viously[3], thebifurcatingautoregressionmodelwasappliedto cell-cycledurationdata,but
not to dependencebetweendurationsof cell-cyclephases.Weinvestigatedthestatistical
dependenceof cell-cyclephasedurationsandoverallcell-cycletimes,andfoundastrongposi-
tivecorrelationbetweendurationsof cell-cyclephasesandcell-cycletimes(Fig2B).However,
thereexistsonly alow correlationbetweendurationsof G1andS/G2/Mphaselength(Fig2B).
Basedon detailedanalysisof presentedresults,includingclusteringof cellswith differentpro-
gressionratesin G1andS/G1/M(SupportingInformation,S1Text,����
��
��
 ��	������� ��
��

 ���
� 	���� �����
��� ��� ��

 ���
� �
���), wedecidedthat inheritanceof thedurationsof
thephasesof thecellcyclecanbemodelledindependently.Accordingly,weusedthebifurca-
tion autoregressionmodelto estimatethedurationsof theG1andS/G2/Mphasesin related
cells(cf.schematicsof themodelin Fig2A.,and���
���
�� �� "��������� usingthemethodof
momentsin Methods).Patternsin theexperimentaldataarewell reproducedby theresultsof
modelling.In Fig2C,wepresentedthedistributionsof theexperimentalandsimulateddata,
andin Fig2Bthenoise-perturbedlinearrelationshipsbetweenthetotaldivisiontime andthe
durationsof theG1andcombinedS/G2/Mphasesin simulationdata.Resultsconfirm thatwe
cantreatdurationsof cell-cyclephasesindependently,which impliesthat lengtheningone
phasedoesnot imply lengtheningof otherphases.

Modelling protein dynamicsin individual cells. Aswedescribedin ref. [4], wefitted
experimentaltrajectoriesof individual cellsto amodelin theform of asystemof ordinarydif-
ferentialequations(ODE)andcalculatedcorrelationsamongproductionparameters,duration
of phasesof cellcycleandinitial levelsof proteins.Eachcellin thepopulationisdescribedby
sevenparameterswith cell-dependentstochasticvalues.Basedon thematrix of correlations
presentedin Fig2D (left part) weproposedaproceduredescribedin theMethodssectionand
in Fig2A,with theaddednoisebeingcorrelatedbetweensiblings.Correlatednoisereproduces
weakcorrelationof proteindynamicsbetweenparentandprogeny,andstrongcorrelationof
siblingsevidentfrom correlationmatricesof protein levelsin relatedandunrelatedcells(diag-
onalarea,S5Fig).Comparisonof thecorrelationbetweenproteinproductionparameters
assumedin thesimulationsandthoserecovereddirectlyfrom theexperimentaldata(see
Methods,Estimationof parameters)ispresentedin Fig2E.Detailedscatterplotsof experimen-
tal andsimulateddata(S11Fig)demonstratetheaccuracyof themodel.Simulationresults
reproducedmostof characteristicsobservedin experimentaldata(Figs1±3).

Wright-Fisher modeland the cell-cyclemodel
Long-term simulations:Memory and transients. Wehaverun themodelfor alarge

numberof cellgenerations(50generations),recordingtheproteincontentsin cellsof the
resultingpedigreeatconstanttime intervals.Simulationwasstartedfrom asingleancestorcell
with definedor randomlysampledparameters,andthefatesof cellsfrom theresultingpopula-
tionshavebeenrecorded.During celldivision,theproteinsareunequallydistributedamong
progenycells[4]. Direct measurementof theextentto whichdivisionof proteinsisunequalis
difficult dueto degradationof theFUCCImarkersin lateM phase.Weperformedsimulations
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Fig 2. Analysisof protein dynamicsbasedon experimental andsimulation data.(A) Schematicsof themodel.In
thepopulation,eachcellischaracterizedbysevenparameters.At division,theparent-cellmass(#��� , $ ��� ) is
randomly split betweenthetwo progenycells,accordingto theexpression#1

0 ˆ b#��� ; #2
0 ˆ …1� b†#��� in which�� is

therandomvariable.Cell-cyclephasedurations(%

$1 ; %


$1) for progenycells(
 isprogenynumber)arecalculated using
autoregressionbifurcatingmodels.	 


# ; 	 

$ Ðproduction rateof Cdt1andGemininproteins,arecalculatedusinglinear

regression models,%

# Ðcell cycleduration,%$1,%�$2� ÐG1 or S/G2/Mphaseslengthof theparentcell,&$1,&�$2� ±

meanG1or S/G2/Mcellcyclephaseslength,' $1,' �$2� ±relationbetweenparentandprogenyG1or S/G2/Mcellcycle
phaseslength,( 


$1 ; ( 

�$2� ± randomvariablesfrom bivariatelognormaldistributions(commonmeanzero,common

variancesandcorrelation coefficients). Weabandonedtheoriginallyassumedbivariatenormaldistribution to
lognormalbecauseof thepositiveskewnessof thedistributionsof cell-cycleduration.(B) Comparisonof linear
relationshipsbetweenthetotaldivisiontimeandthedurationof phasesfor experimental andsimulationdata.Solid
blacklinesshowthefitted linearrelationsof theform � = (�
�	�) � �. (C) Comparisonof distributionsof thecellcycle
andthecell-cyclephasedurationfor experimental dataandmodellingresults.(D) Lookingfor probableregulatory
mechanisms.Data-derivedandsimulation-basedcorrelationsbetweenpairsof variablescharacterizingtheprotein
trajectories.(E)Data-derivedandsimulation-basedcorrelationsbetweenproduction parametersof familymembers.

https://doi.org/10.1371/journal.pcbi.1007054.g002
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to calibratetheimpactof thisdistribution'swidth on thedynamicsof protein levelsin the
progenycells.Strongasymmetryin proteindivisiondoesnot affecttheregulationmechanisms
modelled,andthereforeweusedtheparametersproposedin ref. [4], calculatedfor mamma-
lian cells.A samplelong-termsimulationandresultingphaseportraitsarepresentedin Fig3.
Stochasticityof cell-cycledurationandproteinproductionparametersresultin largevariabil-
ity in proteinexpression,attenuatedbyregulatorymechanisms.

Phaseportraitsaretheusualwayof depictingsystemsdynamicsin general[28]. Fig3B
depictsphaseportraitsbasedon experimentaldata(
���) andon simulationresults(�
���),
whichcoincidequantitativelyfor mostobservedcelltrajectories,with thequalitativepattern
beingsimilar in almostall cells.Discrepanciesarelikely to bedueto high levelof measure-
ment-relatednoisein thecellsfollowedexperimentally.An exampleof suchªnoisyºmeasure-
mentispresentedin S12Fig

Wedesignedlong-termexperimentsto verify if theinitial ancestorcellhasanimpacton
cellcycledurationsin latergenerations.Our first experimentwasbasedon simulationsfor 400
generationsof arandomlychosenline of descentoriginatingfrom asinglecell.Historiesof
cell-cycletimesfor singlecellsshowedstabilizationproperties(S8Fig).Theinfluenceof the
ancestralcell-cycletime becamedissolvedin subsequentgenerations.

Our secondexperimentwasbasedon simulationsof agrowingpopulation,started,as
before,from singleancestorcellswith differentcell-cyclelengths.In two extremecases(initial
cell-cycletime 13.6h and61.3h), largedifferencesin thepopulationgrowthratewere
observed.Within theintervalfrom 0 to 200h, during whichthecell-cycleduration in both
populationsreturnedto thestationarydistributions,thedescendantsof thecellwith theshort
cell-cyclelengthhaveformedasubpopulation40timeslargerthanthedescendantsof thecell
with thelongcell-cycleduration.If thesetwo subpopulationswerepooled,theoneoriginating
from theancestorwith theshortercell-cyclelengthwoulddominatetheother.

�	
�����
� ��
�� 
� 	��

�����
�� ��

 	�	�
��
��. Theeffectdominancehason thedescendants
of ªfastestcyclingºcells,describedin thelastparagraphof theprevioussection,isnot deter-
ministic (seefurther on).Our resultsshowthat it is similar to geneticdrift, andweuseawork-
ing term ªepigeneticdriftº. Theclassicalform of geneticdrift usedin populationgenetics[29],
isembodiedby theWright-Fishermodel(Fig4A),whichassumesatime constantpopulation
sizeequalto ) anddiscretegenerations.Each(�+1)-st generationindividual isaprogenyof a
randomlychosenindividual of the�-th generation.Asaresult,thenumberof progenyof any
individual isbinomiallydistributed,andtherandomvector* of progenycountsof all ) indi-
vidualshasmultinomial distribution, i.e.*~�)() �1 ,. . .,) �1 ;)). Eventually,for time � large

Fig 3. Resultsof long term simulations.(A) Dynamicsof thetime seriesof theCdt1andGemininproteincontentsin
arandomly chosenlineageof descendantsof theancestorcell.(B) Phaseportrait of experimentalandsimulation data.
Tentrajectoriesof cellcyclewererandomly selectedfrom theexperiment(
���) andsimulation(�
���) data.In both
cases,fluorescencelevelswerenormalizedto maximumvalues.

https://doi.org/10.1371/journal.pcbi.1007054.g003
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Fig 4. Comparison of simulation resultsobtainedby proposed modelandWright-Fisher model.(A) Main
assumptionsof Wright-Fishermodelandour modelarepresentedin separateboxes.Themostimportantdifference
concernspopulation size,constantin Wright-Fisherandvariablein our model.Seriesof 
� �


�� experimentswere
performedwith differentinitial populationsizesof 3,25,and100cellsdrawnfrom previouslygeneratedpopulations.
Eachcellwascharacterized bydifferentcell-cycletime andat thetime0cellswerenot synchronized(i.e.cellswere
spreadoverdifferent cell-cyclephases).(B±D)Exampleof performedsimulationsfor initial populationwith ) = 3.B)
Descendantsof ancestorcellsareidentifiedandcounted.Totalpopulationsizeismarkedbyblackdashedline.C) The
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andinverselyrelatedto ), thepopulationisdominatedby theprogenyof asingleindividual
(effectknownasªfixationº). It isalsoknown[29] that if thepopulationsize) = )(�) varies
with �, thentheWright-Fishermodelincluding fixation holdsapproximately,with ªeffectiveº
populationsizebeingequalto theharmonicmeanof )(1),)(2),. . .,)(�). Our simulation
resultsshowsimilareffects,however,with effectivepopulationsizesdeviatingfrom simplehar-
monicmeans(also,seeMethods).

Fig4containsasummaryof hypothesesandresults.Assumptionsof theWright-Fisher
modelandour modelarepresentedin separateboxes(Fig4A).Themostimportant difference
concernspopulationsize,constantin Wright-Fishermodelandvariablein ours.In Fig4B±4E,
theoutcomesof aseriesof 
� �


�� experiments,performedwith differentinitial population
sizes,areshown.In thesesimulationruns,100,25,10or 3 cellsweredrawnfrom previously
generatedpopulations.Eachcellhaddifferentcell-cyclelengthandat � = 0 cellswerenot syn-
chronized(cellswerein differentcell-cyclephases).Thenumberof descendantsfor eachinitial
cellwasdetermined(markedbydistinct colorsin Fig4B,for thecase) = 3).Totalpopulation
sizewasmarkedbyablackdashedline (Fig4B).Thefractionof eachprogenyin thepopula-
tion wascalculated(colorsin Fig4Ccorrespondto colorsin Fig4B).Weanalyzedthefraction
of descendantsin thepopulationat time 300,while in generalthis fractionstaysconstant
alreadyafter� = 200.Simulationswererepeateduntil appropriatesamplesizewasobtained.
Outcomesarepresentedin histogramsin Fig4E;themeanvalueisspecifiedfor eachhisto-
gram.Randomnumbersdrawnfrom estimatedbinomialdistribution with coefficient+ values
asspecifiedin thelegendarepresentedin Fig4E.Distribution tail functionscomparedto the
binomialarepresentedin Fig4E.

Basedon theWilcoxon'stest,thereisno significantdifferencebetweenthenormalizedfre-
quenciesandthebinomialdistribution.Theestimatesof covariances(Table1) arenot equalto
theoreticalexpectedvalues,althoughtheyareof similarorder,exceptfor Dataset1,which
includesonly 3ancestralcells.Correlationcoefficientshaveveryskeweddistributions[30],
whichcanbeoneof thereasonsfor thediscrepancy.Anotherpossiblereasonisdeviationfrom
multinomial sampling.Wright-Fishermodelisaspecialcaseof theso-calledCanningsmodel,
whichallowsmoregeneral(not necessarilymultinomial) samplingdistributions,andmay
resultin differentcorrelationcoefficients.Canningsmodelisnot frequentlyused,howeverit
wasappliedto modelstemcellsin humancolon[31]. Basedon currentdata,it seemsdifficult
to determinewhichof thesetwo modelsmight bemoreappropriate.

fractionsof theprogenyin populationwerecalculated. Weanalyzedthefractionof progenyin thepopulationat time
300,but thelevelisdetermined after� = 200.Simulationswererepeateduntil requiredsamplesizewasobtained. D)
Cumulativedistribution functionsfor simulationdataandWright-Fishermodel.(E) Comparisonof simulation data
andWright-Fishermodelfor threedifferentvaluesof initial cellcount). Histogramsof simulationdatasets(
���) and
randomnumbersdrawnfrom estimatedbinomial distribution with + (�
���) representthefractionsof progenyin
population after300h of simulations.Cumulativedistribution functionsfor bothcasesarealsopresentedto compare
thetailsof distributions.

https://doi.org/10.1371/journal.pcbi.1007054.g004

Table1. Comparison of data-estimated andWright-Fi shermodel-predicted parametervalues,variances,andcorrelation coefficients,basedon simulatedgenealo-
giesof prolifer ating cells.

Parameters V(� �) 	(� �, � 
)

N K (Estim.) Harmonic mean Estimated Expected Estimated Expected

Dataset 1 3 22 32 0.01005 0.01005 -0.04 -0.50

Dataset 2 10 59 104 0.00153 0.00153 -0.01 -0.11

Dataset 3 25 145 256 0.00027 0.00027 -0.02 -0.04

Dataset 4 100 567 1063 0.00002 0.00002 -0.08 -0.01

https://doi.org/10.1371/journal.pcbi.1007054.t001
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How correlation betweenrelatedcellsaffectspopulation growth
Interpretationof resultsobtainedbycell-cyclemodelmaybedifficult becauseit isnot known
whicheffectsarecausedbypopulationgrowthandwhichbycorrelationsamongfamilymem-
bers.To separatethesetwo effectsweusedasimplifiedmodelof cellcyclewhichdoesnot
includecorrelationsamongfamilymembers.In themodel,cellcyclephasedurationof each
individual wasdrawnfrom lognormaldistribution andtheparameterswereestimatedbased
on experimentaldata.Long-termexperimentsweredesignedfor differentinitial numbersof
ancestors.Resultsfor four casesintroducedin Table1 arepresentedin Table2.Estimated
effectivepopulationsize(+) isalmosttwiceashighasthatobtainedusingthecompletemodel,
whichincludescorrelationsamongfamilymembers,andcloseto harmonicmeanvaluecalcu-
latedfrom simulatedgenealogies.

To verifyhowthevalueof effectivepopulationsizedependson correlationsamongfamily
membersweusedthemodelpresentedin thispaper,whichcanreproducebehaviorof popula-
tionswith varyingcorrelationsamongfamily members.Parametersof themodelwereesti-
mated,simulationswereperformedand+ valueswereestimatedfor all possiblecasesfor three
differentnumbersof ancestorcells(Fig5).

Discussion
In thecurrentpaper,werelatedtheexperimentaldatafrom dynamicimagingof proliferating
NIH 3T3cellsto amechanisticviewof thecellcycleanddynamicsof accumulationanddecay
of proteinsexpressedspecificallyin differentcell-cyclephases.Thedataincludedrecorded
observationsof cellpedigreesstartedfrom singleancestorsandthenfollowedfor severaldivi-
sions(72h). Assumingconstantconditions,it seemspossibleto reconstructthelong-term
dynamicsof suchcellsbybuilding arelevantmathematicalmodel,estimatingit basedon
short-termdata,andextrapolatingtheresults
� �


�� to longertimes.

Table2. Comparison of data-estimated andWright-Fi shermodel-predicted parametervalues,variances,andcorrelation coefficients,basedon simulatedgenealo-
giesof prolifer ating cellsobtainedby modelwhich doesnot include family relations;the cell-cyclelength for eachcell is a random variable,drawn from lognormal
distribution .

Parameters V(� �) 	(� �. � 
)

� � (Estim.) Harmonic mean Estimated Expected Estimated Expected

Dataset1 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://doi.org/10.1371/journal.pcbi.1007054.t002

Fig 5. Effectof epigeneticdrift on population development.Theeffectivepopulationsizes+ wereestimatedfor
differentvaluesof parent-progenyandsiblingcorrelation coefficients.

https://doi.org/10.1371/journal.pcbi.1007054.g005
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Importantly,weinvestigatedexistencein our simulationsof drift-like effectssimilar to
thoseexhibitedby theWright-Fishermodelof populationgenetics.In brief,our findingssup-
port thefollowingparadigmof interplayof regulationmechanismsin thecellcycleandlong-
term proliferation:

1. Thereexistintrinsic sourcesof variability in eukaryoticcells,suchasunequaldivisionand
variable(random)durationsof cell-cyclephases.Theterm ªintrinsicº isunderstoodhereas
referringto dynamicsdependenton processeswithin cellsasopposedto thosedependent
on cellenvironment(see[32] for adifferentperspective).

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

3. Duration of thetransientissufficientfor thedescendantof theªextremeºcellsto beover-
or under-representedin theafter-transientpopulation.

4. Representationof subpopulationstraceableto specificancestralcellsfollowspatternssimi-
lar to avariantof Wright-Fishermodelwith varyingpopulationsize.In otherwords,prolif-
eratingcellpopulationsexperienceaspecificform of epigeneticdrift in addition to
mutationandselection.

5. Thelevelof correlationamongfamilymembershasasignificantrole in populationgrowth,
andmodulatestheeffectof drift.

Two important pointsregardingour approachare(1) selectionof thecellsystem,and(2)
generalizabilityto othercells.TheNIH3T3 cellsgrowin flat-dishcultures,whichmakesit pos-
sibleto trackprogressionthroughthegrowthanddivisioncycles.Cellsgrownin suspension
poseunsurmountabledifficultiesin this respect.All publicationsknownto us,which
employedgrowthanddivision tracking,usedflat-dishcultures.Thelist includesChinese
HamsterOvarycells[11], NIH 3T3cells,H1299non-smallcelllungcancercells[4, 33],and
L1210mouselymphocyticleukemiacell[3]. Usingflat-dishculturescanbeconsideredalimi-
tation.However,it canalsobearguedthatsuspensionculturesareevenlesssimilar to cellsin
physiologicalconditions,whichalwaysrequiresubstratefor proliferation.In addition,mathe-
maticalandstatisticalanalysesof thedatain paperslistedaboveindicate,despitedifferencesin
details,qualitativelysimilarpatternsof cell-cycleregulation.

Modelling the multivariate statisticsof cell cycleandFUCCI protein
dynamics
Manymodelsof cell-cycleprogressionhavebeenproposedin theliterature:age-structuredcell
populationmodels[34], branchingprocesses[4, 34],transitionprobabilitymodels[35±37]
andothernovelmodels[38], manyof thembasedon experimentaldata[4, 13,34,38,39].The
importanceof developingafully integratedmodelwith differentsourcesof noiseandhetero-
geneitywasdiscussedin ref. [40]. Thismotivatedusto developheterogeneouspopulation-
growthmodelswith proteindynamicsincluded,suchasthemodelin thepresentpaper,and
anearliermodelin ref. [4].

Theimportant featureof our modelis that it reproducesmostof thecharacteristicsobserved
in experimentaldata,asisevidentfrom Figs1,2and3.Our modelisbasedin parton bifurcating
autoregression[26] appliedto cell-cyclephasesandon ideasconcerningcell-cycleregulationand
unequaldivisionthatweredevelopedbymanyauthors;specifically,wereferhereto themodelby
Kimmel etal.[11]. In themodel,chanceanddeterministicelementscontributeto its ability to
accuratelyfit multiple facetsof cell-cyclekineticsin aheterogeneouscellpopulation.
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This typeof modelmaybeimportant not only for understandingthekineticsof cellprolif-
erationbut alsofor testingof theindividual responsesof thecellto stimuli, especiallywhen
sucharesponseiscellcycle-dependent.Themodelsshouldalsobeusefulfor predictingthe
growthratesof populationsconsistingof subgroupswith differentpropertiesand/or in which
epigeneticeffectsarestrong.Weknowthat tumor growthis theconsequenceof competition
amongafewcellpopulations.It seemsthatevenasmalldifferencein cellcharacteristics,such
asthecell-cycleproliferationtime [41], mayincreasetheability of acancerto survivechemo-
therapyandre-enterthecellcycle.

Long-term behaviorof model trajectoriesincluding homeostasisand
ªmemoryº of initial conditions
Oneof thefeaturesof our approachis integrationof 
� �
��� experimentswith statisticsand
�
�


�� simulations.Thefunction of thelatteris to understandthelong-termbehaviorof cell
populationgiventhesetof rules(i.e.themathematicalmodel)inferredusingstatisticaltools,
basedon alimited-time 
� �
��� experiment.Questionsthatcanbeansweredin thisway
includethehomeostaticpropertiesof thepopulationgrowth.Specifically,do therulesof cell
growthanddivision leadunderconstantenvironmentalconditionsto stabilizationof thedis-
tributions of important cellcharacteristics,suchascell-cycletime anddurationsof cell-cycle
phases,aswellasconcentrationsof cellproteins?A relatedquestionconcernsthenatureof the
transientsthatemergeafteracellwith extremeparametersbecomesanancestorof its own
population.If thiscellhasashortcellcycle,will its progenytendto dominatethepopulation?

Basedon simulations,in two extremecasesof initial cell-cycletime 13.6h and61.3h, large
differencesin thepopulationgrowthratehavebeenobserved.Within theintervalfrom 0 to
200h, during whichthecell-cycleduration in bothpopulationsreturnedto theequilibrium
distributions,thedescendantsof thecellwith theshortcell-cyclelengthhaveformedasubpop-
ulation � = 40timeslargerthanthedescendantsof thecellwith thelongcell-cycleduration.If
thesetwo sub-populationsweremixed,theoneoriginatingfrom theancestorwith theshorter
cell-cyclelengthwoulddominatetheother.In bacterialcells,theimportanceof long-term
dynamicsof cellularpopulationswasconsideredin recentstudies[42,43],in whichmathe-
maticalmodelsweresupportedbybiologicalexperimentsusing�. ��

 strains.In thefirst
paper[42], authorsdiscoveredthat (1) condition-dependentchangeof meancell-cycletime is
stronglycorrelatedwith variability in cell-cycledurations;and(2) increaseof theheterogeneity
of generationtimesin apopulationmaybethemethodto evolveto ahigherpopulationgrowth
ratein aconstantenvironment,whichispartlyparallelto our conclusions.In our caseahigher
variabilityof cellcycletimeswasobservedin thepopulationwith shortermeancell-cycletimes
(10%FBS,meancellcycletime 21.6h, MAD = 0.17,CV = 0.25;15%FBS,meancellcycletime
20.4h, MAD = 0.21,CV = 0.30).

In thesecondpaper[43], amethodto predicthistoriesof singlecellsin anexponentially
growingpopulationwasproposed.Analysisrevealedthatphysiologicaldifferencesin sister
cellshaveasignificantimpacton individual cellhistoriesandtheir contribution to theoverall
population-growth.

Cell proliferation andWright-Fisher model
Asstatedpreviously,themodelsof cellproliferationandthemodelsof geneticchangein popu-
lationshavebeenhistoricallybasedon two apparentlycontradictoryhypotheses,i.e.theunlim-
itedbranchingprocessandacompletelyconstantpopulationsize,respectively.Bynecessity,
whenit becameclearthatsomaticmutationsin proliferatingeukaryoticcellsareimportant for
growthrates,thepopulationconstancyassumptionin geneticmodelshasbeenrelaxed.A
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seminalpaperconcernstheWright-Fishercoalescentunderexponentiallygrowingpopulation
[44], followedbyanumberof modelsdevelopedfor othergrowthpatterns,suchasthemodel
in ref. [45], wherelineargrowthhasbeenconsidered.PolanskiandKimmel in ref. [22], devel-
opedcomputableexpressionsfor aWright-Fishercoalescentwith arbitrarygrowthpattern
(originallydueto [46]). Weanalyzedtheexperimentalandmodelledcellpedigreesto deter-
minepatternsof inheritanceof cell-cyclephasedurationsfor aggregatedG1andS/G2/M
phases,basedon dynamicimagingof liveNIH 3T3cells.Wedevelopedestimatesof the
parametersof bifurcatingautoregressionmodelwith lognormaldistributionsgivenobserved
cell-cyclephasedurations,andfitted single-cellprotein trajectoriesto theODEmodeland
foundcorrelationsamongparametersbetweensinglecells(sib-sib,parent-progeny,and
other).Parent-progenyandsib-sibcorrelationsfrom theexperimentaldatawerewell-repro-
ducedbyour modelling,asdemonstratedbycomprehensivecomparisons.Resultsshowed
strongerinheritanceof theS/G2/Mdurationcomparedto G0/G1.Usingthemodeldeveloped,
wesimulatedits transientandlong-termbehaviorandinterpretedit in thetermsof population
genetics.Long-termsimulationsdemonstratedthemodelhadhomeostaticproperties.How-
ever,progenyof asinglecellwith ashortinterdivisiontime hadahighprobabilityof eventually
dominatingthepopulation,dueto heritabilityof cell-cyclephases.Analysisof modelsimula-
tionsshowedthataneffectsimilar to geneticdrift waspresentin themodel;however,it was
amplifiedby family relationshipsamongcells.Thiswasmanifestedbyreductionof theeffec-
tivepopulationsizecomparedto thestandardWright-Fishermodelof drift. Suchpatternsof
epigeneticheritability in proliferatingcellsareimportant for understandinglong-termtrends
of cellpopulationswhichareeitherrequiredto provideinflux of maturingcells(suchas
hematopoieticstemcells),or whichrelaxedcontrolsandstartedproliferatinguncontrollably
(suchascancercells).

Specifically,weinvestigatedadherenceof our simulationsto theWright-Fishermodel.We
found thatafter300h, populationstartedfrom ) ancestralcellsconsistsof their descendants
in randomproportionssimilarasin theWright-Fishermodelwith effectivepopulationsize+
muchsmallerthanthecensussize(straightcountof individuals).This isdifferentfrom the
previousstudiesfitting cellpopulationdrift usingaMoran model(whichmaybeconsidered
asaversionof Wright-Fisher),in whichtheeffectivepopulationsizewasequalto thecensus
size;cf. [47] andreferencestherein.

In addition,weinvestigatedthedependenceof + on thecorrelationsexistingin our model.
Asdepictedin Fig5,+ is largestfor thecasein whichbothparent-progenyandsib-sibcorrela-
tionsarecloseto 0.Alsoin thiscase,+ isalmostidenticalto thatobtainedfrom theharmonic
meanof populationsizesatdifferenttimes,whichis thetextbookmethodfor computingthe
effectivepopulationsizefor expandingpopulations([29], Equ.(2.13);alsoseeMethods,
(�
���� 
���� ����
 ��� ��� ��

 ���
� ����
). Fornumericalcomparisons,seeTable2.These
findingsillustratetheimportanceof including thecorrelationsin themodel.

Themostimportant conclusionis that in thepresenceof family relations,theestimated
effectivepopulationsize+ is smallerthanthatobtainedby usingtheharmonic-meanlaw.
Usingparent-progenyandsiblingcorrelationsestimatedfrom data,weobtain+ that is
about45%lower.Asaconsequence,drift actsin cellpopulationsstrongerthanunderthe
strict Wright-Fishermodelwith populationgrowth,which increasestheimpactof random
fluctuationsin suchpopulations(seethelastsectionof Results).Thisseemsto beof impor-
tancein two contexts,in whichcontinuedcellproliferationtakesplace.Oneof theseis can-
cergrowth,in whichaninitially smallpopulationexpandsanddiversifiesby somatic
mutationsbut alsoepigeneticchanges[48±50].Geneticor epigeneticdrift actsat thestage
whenthetumor is verysmall,but alsoin isolatedsecondaryfoci in somecancers.A
verywell-documentedstudyof neutralevolutionof this kind hasbeencarriedout for
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hepatocellularcarcinoma[51]. Theothercontextis healthyhumanhematopoiesis,in which
arelativelysmallpopulation(ca.10,000cells)of hematopoieticstemcells(HSC)proliferates
throughoutthelifetime,diversifyinginto anumberof descendantlineagesandproducing
about109 maturebloodcellsperday[52]. In thecourseof infections,theHSCbecomeacti-
vatedandif theincidentsrecur,their numberandheterogeneitymaypermanentlydecrease
[20], whichalsomakesthehealthyHSClesscompetitiveif amalignantclonearises.Since
HSCpopulationis distributedamongsmallerbone-marrowneighborhoodscalledniches,
drift is likely to actstronglyin thispopulation.Reduced+ amplifiestheseeffects.Thismay
alsobethecasein developmentof otherstem-celltypes,suchasin hippocampalneurogen-
esis.Theroleof heterogeneityin this systemis becominganintensiveresearchfocus[53].
Oneof theinterestingphenomenais heterogeneityreductionwith age,whichhypothetically
might bedueto stem-cellpopulationbottlenecks,whichhavebeendemonstratedusingthe
branchingprocessmodelbyLi andco-workers[54].

Methods

Experimentalprocedures(Cell line)
Replication-defective,self-inactivatingretroviralconstructswereusedfor establishing
NIH3T3 FUCCI-2Acellline asdescribedin ref. [55].ThesecellsstablyexpresstheCdt1and
Gemininsequencescodingfor G1andS/G2/Mprobes,fusedto mKO2andE2-Crimsonfluo-
rescentreporters,respectively.Theyareseparatedbya2A sequenceto allowpost-translational
cleavageandfollowedbyapuromycin-resistancecassettefor subsequentselection.

Beforerecording,cellswereseededat7±10%confluence(105 cellsperwell) in a6-wells
plate(Falcon),with whiteDMEM medium(high glucose)containing1%Penicillin/Strepto-
mycin,10mM HEPESandeither10%or 15%FBS.Cellswereleft undisturbedfor 48hours.
For recording,cellswereplacedin aZeissAxiovert200Mmicroscope(Zeiss)with a20XPh
objective.A culturechamber,temperatureandCO2controller(Pecon)wereusedto ensure
constantsuitableconditionsfor long-termrecordingof thecells.Imageswererecordedevery
15minutesfor 72hours,usingaCoolsnapHQ/Andor NeosCMOScamera.Cellswerebriefly
illuminatedwith aFluoArcHBO lamp(Zeiss)at reducedintensity.Epifluorescencesignals
wererecordedasfollows:mKO2:300ms(filter cube:Ex534/20±Di 552±Em572/38),
E2Crimson:800ms(filter cube:Ex600/37ÐDi 650ÐLP664).

Model of cell cycle
Themodellingparadigmweemployisbasedon thehypothesisthat thetiming of majorevents
in thecellcycleisheritablein proliferatingcells.This timing andits heritabilityarecontrolled
byanintricatemechanism,whichhasbeenpartlyelucidated[56], but its detailsrequiremore
resolutionthanwecanbuild into our model.Otherprocesses,suchassynthesisof FUCCIpro-
teins,occurwithin this time.Anotherdriving factorisunequaldivisionof proteinsamong
progenycells.It hasbeendemonstratedtheoretically[12,57]andconfirmedby fitting models
to data[4, 11],thatmodelsbasedon similarhypothesesexhibithomeostaticproperties.This
amountsto regulatoryfeedbacksactingin themodel.However,noneof thesemodelshasbeen
basedon dataof suchresolutionasthepresentone.

Heritable cell cyclephasetimes. Residencetimesin progenyG1andS/G2/Mcellcycle
phases,giventheparents'residencetimes,follow thebifurcatingautoregressionequations

%1
$1 ˆ � $1 ‡ y$1…%$1 � � $1†‡ ( 1

$1

%2
$1 ˆ � $1 ‡ y$1…%$1 � � $1†‡ ( 2

$1

…1†
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%1
�$2� ˆ � �$2� ‡ y�$2� …%�$2� � � �$2� †‡ ( 1

�$2�

%2
�$2� ˆ � �$2� ‡ y�$2� …%�$2� � � �$2� †‡ ( 2

�$2�

…2†

wherethesuperscript
 = 1,2denotesthenumberof progenycell;%

$1; %


�$2� areG1or S/G2/M
phaseslengthof progenycell
, %$1, %�$2� areG1or S/G2/Mphaseslengthof theparentcell.
Constants� $1,� �$2� areequalto meanG1or S/G2/Mcell-cyclephasedurationsplusacor-
rectiveterm requiredto ensurelong-termequilibrium (seefurther on); ' $1,' �$2� arefractions
of thedurationsof theG1or S/G2/Mphasesinheritedfrom theparent;andthenoiseterms
( 


$1 ; ( 

�$2� arerandomvectorsfrom exchangeablebivariatelognormaldistributions(compo-

nent-wisetransformationbyexponentialfunction of bivariatenormalwith equalmeansand
variances).Cell-cycletime is thesumof residencetimesin G1andSG2M

%# ˆ %$1‡%�$2� :

Thismodeldeviatesfrom theoriginalbifurcatingautoregressionof CowanandStaudte
whichassumesbivariatenormaldistribution.Themodificationaccommodatesthenonnega-
tivity andpositiveskewnessof thedistributionsof cell-cyclephasedurations.

Unequaldivision of FUCCI proteins betweenprogenycells. Weusedthefollowingsto-
chasticmultiplicativelaws

#1 ˆ * ##; #2 ˆ …1� * #†#;

$ 1 ˆ * $ $; $ 2 ˆ …1� * $ †$;

where#,#1,#2,$,$ 1,$2 aretheparent,progeny1 andprogeny2 amountsof Cdt1andGemi-
nin, respectively,andindependentrandomvariables* # * $ havebetadistributionsB(��,��),
suchthatE(* #) = E(* $) = 0.5andcv(* #) = cv(* $) = ��. Valueof �� hasbeenfoundbasedon
dataasexplainedlater.Thisresultsin �� = �� = (�� �2 �1)/2, consideringthatwith �� = ��, �� = (2��
+1)�0.5. Betadistribution isusedbecauseit constitutesaflexiblefamilyof randomvariables
restrictedto theunit intervalof therealline.

FUCCI Protein synthesis(coefficientsbasedon linear regression,usinginitial concen-
trations of proteins andcell cyclephaselengths). In normalcells,Cdt1andits inhibitor
Gemininplayarole in cell-cycleregulation(S13Fig),andonecanindirectlyaffectthedynam-
icsof theother.However,our measurementsarebasedon fluorescenceof markerscontaining
only fragmentsof Cdt1andGeminin.Asaconsequence,themarkersareproducedand
degradedin proportion to theªfull-scaleºCdt1andGeminin,but theydo not interactwith
otherproteins[14,15].Single-celldynamicsof theconcentrationsof thetwo markersare
describedusingthefollowingequations(asearlieron,# variablefor Cdt1,$ for Geminin):

_# …�†ˆ 	 # � � ##…�†� � #� �$2� …�†#…�†

_$ …�†ˆ 	 $ � � $ $…�†� � $� $1…�†$…�†
…3†

wherefollowingvariablesareusedto describethetwo phases:
	 #Ðproduction rateof Cdt1protein,constantin time,
	 $Ðproduction rateof Gemininprotein,constantin time,
� #±backgrounddegradationrateof Cdt1protein,constantin time,
� $±backgrounddegradationrateof Gemininprotein,constantin time,
� #,�$2� (�) = �(��% $1)1(��%$1)Ðdegradationrateof Cdt1protein,linearlyincreasingin

time during theG/S2/Mphasesof thecellcycleandequalto 0 otherwise,
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� $,$1(�) = �(%$1��)1(%$1��)Ðdegradation rateof Gemininprotein,linearlydecreasingin
time during theG1phaseof thecellcycleandequalto 0 otherwise.

Thephase-dependentdegradationrateswereassumedto provideasimplifieddescription
of alargenumberof regulatoryprocessesinsidecells,suchasformationof complexes,their
activationanddeactivation.Asit isknown,thecellcycleiscontrolledbyubiquitin (Ub)-medi-
atedproteolysis.Activity of two complexes:APCCdh1andSCFSkp2oscillatereciprocallyduring
thecellcycle.Cdt1andGemininaredirectsubstratesof thesecomplexes[14].

Forpurposesof long-termsimulations,theproteinproductionratesof simulatedcellsare
drawnfrom linearregressionequations,following theassumptionsthat:

1. 	 # dependslinearlyon %$1 and#0, and

2. 	 $ dependslinearlyon %�$2� and$0.

Mathematically,

	 # ˆ � $1 ‡ � 1;$1%$1 ‡ � 2;$1#0 ‡ ��$1

	 $ ˆ � �$2� ‡ � 1;�$2� %�$2� ‡ � 2;�$2� $ 0 ‡ ���$2�

…4†

where#0 and$ 0 aretheamountsof theCdt1andGeminin,respectively,at thebeginningof
thecellcycle,and��$1 and���$2� arerandomerror terms.Randomnumbersaredrawnfrom
two-dimensionalnormaldistribution to reproducecorrelationbetweensiblings:
r 	 #

ˆ 0:66;r 	 $
ˆ 0:54.Parameterswereestimatedusinglinearregressionfrom single-cell

data.Thereisgenerallyhighagreementamongparameterssimulatedin thismanner,andthe
single-celldataisdepictedin Fig2E.

Estimation of parameters
Estimation of the bifurcating autoregressionparameters. Weaccomplishthis task

usingthemethodof moments;in thiscase,thefirst andsecondmoments.Forclarity,weomit
thesubscriptscorrespondingto cellcyclephasesG1andSG2M.It isunderstoodthatestima-
tion iscarriedout separatelyfor G1andSG2M.

Thenoisetermsin Eqs1 and2 aredistributedaccordingto theversionof exchangeable
bivariatelognormaldistribution,whichariseswhencoordinatesof anexchangeablebivariate
normalvector* aretransformedby theexponentialfunction.Suppose* = (* 1,* 2)~�,)(&,

S), where&= (&,&)is thevectorof expectedvaluesandS ˆ s2
1 r

r 1

 !

is thevariance-

covariancematrix of rv *. Theresultingbivariatelognormalrv ( = (( 1,( 2) = (exp(*1),exp
(* 2)) hasajoint densityfunction thatcanbederivedin astandardway,andthefirst- andsec-
ond-ordermomentshavetheform

�…( 
†ˆ � m‡s2=2; ���…( 
†ˆ � 2m� s2
…�s

2
� 1†;��	 …(1; ( 2†ˆ � 2m� s2

…�rs
2

� 1†

hencethecorrelationcoefficientisequalto

r ( 1;( 2 ˆ …�rs
2

� 1†=…�s2
� 1†

Weassumenowthat

1. Equilibrium distribution arisesin thelong-timelimit in themodel,sothat times%and%


areall identicallydistributed.This is theconsequenceof thegeneraltheoremon time series
models,seeeg.themonograph([58], Theorem4.3.1.,p.304).
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2. Cellmeasurementsrepresentsuchequilibrium,

3. In thebifurcatingautoregressionright-handsides,( 
 and%
 areindependentrv's.

Thisallowsderivingthefollowingmomentequations

�…%
†� � ˆ y…�…%†� �† ‡ �…( 
†

���…%
†ˆ y2���…%†‡ ���…( 
†

��	 …%1; %2†ˆ y2���…%†‡ ��	 …(1; ( 2†

��	 …%
; %†ˆ y���…%†

Rememberingthatunderequilibrium,E(%
) = E(%)andVar(%
) = Var(%),weobtain

� %…†ˆ � ‡
� m‡s2=2

1 � y
…5†

��� %…†ˆ
� 2m� s2

…�s
2

� 1†

1 � y2 …6†

r %1;%2
ˆ y2 ‡ 1 � y2� � � rs 2

� 1
� s2 � 1

…7†

r %
;%
ˆ y …8†

andcombiningexpressionsfor parent-progenyandprogeny-progenycovariances,weobtain
cousin-cousincorrelationcoefficient

r %1
;%2

ˆ r %1;%2

y …9†

Wecannowsolvetheseequationsfor thefour unknownparameters',- 2,&,and�, assum-
ing avaluefor parameter.. Followingthis,wecansubstitutefor themomentsE(%)andVar

(%)andcorrelationcoefficientsr %1;%2
andr %
;%

their sample-basedestimatesd�…%†; d���…%†;

dr %1;%2
and dr %
;%

, andobtainthemethod-of-momentsestimatesof theunknownparameters,

givenassumed.. Subsequently,wecanadjust. sothat thedistributionsof residencetimes%
fit databest.

Wefirst notethatbyEq(8)

by ˆ dr %
;%

Now,weuseEq(7) in theform

� rs 2
� 1

� s2 � 1
ˆ

dr %1;%2
� by2

1 � by2
ˆ b/ 2 0;1… †

to write atranscendentalequationfor � ˆ � s2
…>1†

� r � 1 ˆ b/ …�� 1†:
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Since�…�r †
�� j �ˆ1 ˆ r, therefore,for .>/, thereexists� = � 0>1, whichsatisfiesthisequation.

Thisprovides

bs2 ˆ 
�…�0†:

Theremainingtwo estimatesareobtainedbysimpleinversionof Eqs(5) and(6)

bmˆ
1
2

ln
d���…%†…1� by2†

� bs2 …�bs2 � 1†

b� ˆ d�…%†�
�bm‡ bs2=2

1 � by

Estimation of the parametersof the distribution of unequaldivision of FUCCI proteins
betweenprogenycells. Valueof thecoefficientof variation�� of therandomvariable* in
themultiplicativemodelof unequaldivisionhasbeenfound,basedon comparisonwith simu-
lations.Direct measurementof theextentto whichtheproteinsareunequallydistributed
betweenprogenycellsisdifficult dueto degradationof theFUCCImarkersin lateM phase.
Weperformedsimulationsto calibratetheimpactof spreadof thisdistribution on dynamics
of protein levelsin theprogenycells.Weassumedthe�� = 0.13thesameasthat in ref. [4], cal-
culatedfor mammaliancells.Varying�� did not altertheoutcomein asubstantialmanner,
therefore�� = 0.13hasbeenkept,whichcorrespondsto parametervalues�� = �� = 29.3of the
betadistribution model.

Estimation of FUCCI protein synthesisODE model. It isassumedthatdynamicsof pro-
tein synthesiscanbedescribedusingEq(3).Experimentaltrajectoriesof protein levelsin indi-
vidualcellshavebeenusedto find individual productionrates,with degradationrates
assumedthesamein all cells.Theseandotherparameterssuchas
 �1 , theamountof Cdt1
proteinat theendof G1phase,and� ��� , theamountof Gemininproteinat theendof thecell
cycle,werefitted iterativelyusingEq(4) andthefollowingheuristicrelationships

	 # ˆ
#$1

%$1

W#;

	 $ ˆ
$ ���

%�$2�

W$ :

Empiricalparameters0# and0$ link proteinproductionrateswith theratiosof theprotein
peakvaluesandtherespectivedurationsof cell-cyclephases.Thisamountsto linearinterpola-
tion of thearcsof exponentialfunctions.

Cell-cyclephasedurationsfor all cellshavebeenestimatedusinganoriginal technique(S14
Fig)basedon information aboutdivision timesof thecellsandtheir parentsandfluorescence
levelsof FUCCIproteins.It allowsdetectingcellcycleandphasesendpoints,but alsoverifying
if thetrajectoryisof appropriatequalityandcanbesubjectof further analysis.Briefly,it
includesthefollowingsteps(S14Fig):(i) determinationof thelevelof noiseandof theparame-
ter valuesfor smoothing,(ii) computingof numericalderivativesof thetrajectoriesof Cdt1,
Gemininprotein levels,(iii) detectionof localminima of differentiateddatato identify division
times,and(iv) detectionof Cdt1proteinmaxima,thetiming of whichprovidestheestimated
momentof transitionfrom G1to Sphaseof cellcycle(in thisstepweanalyzeonly theinterval
of Cdt1protein trajectorylocatedbetweendivisiontimes).Themaximaof theexpressionof

Modelling of cell cycle inheritance and variability

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007054 June 3, 2019 18 / 26



theCdt1protein,justbeforearapiddrop,aredetectablein 99.7%of cells.In general,problems
ateachstepof analysisweremostlycausedbyaberrantprotein trajectoriesin somecells,such
astheprotein levelnot changingin time,or thealmostconstantnoiselevelbeingextremely
high,whichmadeit impossibleto retrievetheproteindynamicssignal.

Applicationof theprocedureresultedin thefollowingestimatesof parametersthatare
identicalfor all cells,� # = 0.08,� #��$2� = 0.088,0# = 6,� $ = 0.0,�$�$1 = 0.124,0 = 4.

Wright-Fisher modeland the cell cyclemodel
Mathematicalframework. In thecanonicalWright-Fishermodelof populationgenetics,

time ismeasuredin discreteunits (generations),andthenumberof individualsin eachgenera-
tion isconstantandequalto �. Individualsof generation� contributeto the�+1-st generation
bymultinomial sampling.In mathematicalterms,letusdenote� � thenumberof the�+1-st
generationdescendantsof the�-th individual of the�-th generation.Then� = (� 1,� 2,. . .,� � )
~MN(� �1 ,. . .,� �1 ;�), which,amongotherthings,impliesthat � �~Binom(� �1 ;�). Thecell
proliferationprocessweconsiderrunsin continuoustime andthecellcountchangeswith
time.Letusconsiderapopulationstartedat time � = 0 by � cells.Letusconsideratime inter-
valof length�ï� anddenote� �(�ï�) = #{progenyof � at time �ï�}. If thedistribution of vector�
= [�(�ï�)/|�(�ï�)|] � � approximatesamultinomial distribution, thenwemayconsiderthecell
proliferationprocessasapproximatelyconformingto aWright-Fishermodelwith effective
populationsize� (whichdependson �ï�). Technically,� isalsoadiscreterandomvector,
althoughnot integer-valued.However,comparisonsbasedon distribution tailsarevalid for
anyrandomvariables.

Therationalefor our approachfollowsfrom practicewellestablishedin populationgenet-
ics,of approximatingreal-lifepopulationsbypopulationsobeyingWright-Fishermodelwith
ªeffectivepopulationsizeºthat isdifferentfrom theactualªcensuspopulationsizeº.Forexam-
ple,if thepopulationsizehasbeenvaryingin thepast,theeffectivepopulationsizeis fre-
quentlyapproximatedasaharmonicmeanof thecensuspopulationsizesin successivepast
generations([29], Equ.(2.13)).

In our notation,thisharmonic-meanestimateof + hastheform of

+ ˆ D�� 1

Z D�

0

X )


ˆ0
1
…t†

h i � 1

�t

( ) � 1

Assumingthat1
(�) areequalto their expectedvalues,i.e.that1
(�) = 1
(0)� ��� , where�� isa
growthrateestimatedfrom simulatedtrajectories(for example,by representingthemin semi-
logarithmicscaleandestimatingtheslope�� of thegraphusinglinearregression),weobtain

+ ˆ
) 0) %

) % � ) 0


�
) %

) 0

� �

Wewill seethat thesetwo estimatesprovidealmostidenticalvaluesof +.
However,it hasbeenestablishedat leastsincethewell-knownpublicationof Rogersand

Harpending(1992)[59] that theWright-Fishermodeldoesnot generallyapplywith agood
approximationwhenpopulationundergoesdemographicchange.Nevertheless,wedemon-
strateherethat theapproximationisacceptableat leastin thetermsof marginaldistributions
(seeResults).Explanationof possiblereasonsfor this ispostponedto Discussion.

Statisticalconsiderations. To obtainaninformal test,weconsiderthemarginaldistribu-
tions,whichundermultinomial joint distributionsarebinomial,andthesecondmoments.As
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stated,weexpectthat

* ˆ …*1; * 2; . . . ; * ) † � �
…) � 1; . . . ; ) � 1; +†) * 
 � �����…) � 1; +†

Upon rescalingby theeffectivepopulationsize+ sothat2 = */+,

�…2
†ˆ ) � 1; ���…2 
†ˆ …)� 1†) � 2+ � 1; ��	 …2
; 23†ˆ � ) � 2+ � 1; ���…2 
†� ��	 …2
; 23†

ˆ ) � 1+ � 1; 
 6ˆ 3

Fromsimulations,weobtain� sampletrajectoriesgeneratedbyour model,whichcan
berescaledby theestimatedeffectivepopulationsize.This lattercanbeaccomplishedby
fitting theempiricaldistributionsof * 
 to theBinom() �1 ;+) distribution.Asaresult,we

obtainasamplein theform of atable:f2 …�†

 g

�ˆ1;...;�


ˆ1;...;) . Weconsidertwo statistics� 2
� ˆ

…)� †� 1P

;� …2…�†


 � ) � 1†2 and� 2
�� ˆ …)� †� 1P


;� …2…�†

 � �2 
†

2, where�2 
 ˆ ) � 1
P

� 2 …�†

 .

Then,rememberingthat theentriesof 2(�) arenot independent,weobtain

�…�2� †ˆ …+)†� 1 ˆ ���…2 
†� ��	 …2
; 23†;�…�2� †ˆ …1� ) � 1†…+)†� 1 ˆ ���…2 
†:

Usingthesetwo expressions,wecanestimateby themethodof moments,thevarianceand
covarianceunderexchangeabilityassumption.Theresultsaredepictedin Table1.

Supporting information
S1Fig.Comparisonof repetitions of the sameexperiment(15%FBS).Boxplotsrepresent
cell-cyclelength.During observation,randomlyselectedareais recordedduring 72hours.
Moviesdiffer with respectto initial numberof cellsandtheir location.
(TIF)

S2Fig.Comparisonof repeatsof the sameexperiment(15%FBS).Thecorrelationbetween:
1) cellcycleandG1phase,2) cellcycleandS/G2/Mphasesand3) G1andS/G2/Mphases,4)
samplesizes.
(TIF)

S3Fig.Family relationsanddifferencesbetweenexperiments.(A) Correlationsbetween
familymembersbasedon experimentaldata.Estimationof standarddeviationsisdescribedin
detailin Methods.(B) Correlationsof cellcyclelengthbetweenfamily membersfor two
selectedmovies.75%of information aboutcousinscamefrom thesemovies.Strongcorrelation
betweencousinsisspecificfor case2.(C) Verificationof thehypothesisthatcell-cycleduration
dependson thebirth dateof thecell.Cells'birth datesroundedto thenearestmultiplicity of 2
hoursarepresentedasboxplotsto addressthehypothesis.(D) Cross-plotof cells'birth date
andthecell-cyclelengthfor cellsfrom two selectedmovies.(E) Individual tracesfor cousins.
Eachcolordenotesonepair of cousins;alargedot indicatespositionof cellsat thebeginning
of thecellcycle;information aboutcell-cycleduration isalsoincluded.
(TIF)

S4Fig.Relationshipsbetweendurations of the cell cycleand the G1andS/G2/Mphases.
(A) Experimentaldata.Linearrelationshipbetweenthetotaldivisiontime andthedurationof
phases.Solidblacklinesshowthefitted linearrelationsof theform � = (�
�	�)��. (B) Linear
relationspresentedin thehistograms,wherethedistribution of proportionality isshown.In
80%of samples,G1phaseoccupies35±55%of thecellcycle.(C) Cross-plotof thetimesof G1
andS/G2/Mcell-cyclephases.!
��, ªnormalº cells;�����, extendedcell-cycle-lengthcellswith
longerS/G2/Mphases;and���, extendedcell-cycle-lengthcellswith longerG1phase.(D)
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Gaussianmixture modeldistinguishingtheªnormalº from extendedcell-cycle-lengthcells,
combinedwith theEM (ExpectationMaximization)algorithm,to estimatethethreshold(22
h) for separationof cellsinto two groups.(E)Correlationbetweenphasesandcell-cyclelengths
for family members.
(TIF)

S5Fig.Correlation matricesrepresentchangesin protein dynamicsin relatedandunre-
latedcells.X andY axesrepresentfractions(0 to 1) of cellcycleprogressed,with thegaps
betweenmeasurementsnormalizedto 0.01.Correlationsbetweenproteinexpressionsateach
time of cellcyclearefoundusingcorrespondingcoordinates.Correlationmatricescanhelp
finding partsof thecellcyclewith similardynamics,asit isshownin thediagonalareaof the
progeny-progenymatrix.
(TIF)

S6Fig.Time trajectoriesof Cdt1 andGeminin levelsin singlecells,andmeanandmedian
trajectories.Two cases:(A) Movies41±48±472measurementsand(B) Movie49±177mea-
surements.
(TIF)

S7Fig.Populationswith different growth factorsconcentrations.(A) Comparisonof cell
cycle,G1phaseandcombinedS/G2/Mphasesdurationsfor two serum(FBS)concentrations.
Calculationswereperformedbasedon 105and642measurementsfor 10%and15%of FBS,
respectively.Histogramswerenormalized,theheightof eachbarisequalto theprobabilityof
selectinganobservationwithin thecorrespondingbin interval,andtheheightof all of thebars
sumsup to 1.All distributionshavecharacteristiclognormal-likeshape;additionalinformation
aboutmediansareincludeddirectlyon theplots.Lowerdoseof serumcausesextensionof G1
andS/G2/Mphasesandasaconsequenceof thewholecell-cyclelength.Changesin thelengths
of thecellcycleandof theS/G2/Mphasesarestatisticallysignificant(Wilcoxonranksumtest).
(B) Pearsonrankcorrelationsbetweenlengthsof thephasesandthecellcycle.Standarddevia-
tionswerecalculatedusingMonteCarlocrossvalidationand10,000iterations.(C) Comparison
betweenproteindynamics.Eachline denotesonecell,blacksolidline ismeantrace,black
dashedline ismediantrace.Thedivisionmomentswereselectedusingproceduredescribedin
Methodssection.(D) G1phasetakesproportionallylesstime under10%FBS(Wilcoxonrank
sumtest),asit isshownin theboxplot(105samplesfor 10%FBS,andthesamenumberof ran-
domlyselectedsamplesfor 15%FBS).(E)Survivalfunction mappingdivisioneventsonto time,
basedon cellsthatdividedat leasttwiceduring theexperiment,sothetime of birth anddeath
couldbeestimated.Kaplan-Meiercurvemapsdivisioneventsonto time, includingcellswhich
dividedonly once,sothateithertheir birth or deatharenot known.Significantdifference
between10%FBSand15%FBSisobservedonly whenincompletecellcyclesareincluded.
(TIF)

S8Fig.Resultsof long-term behaviorpredictedby the model. (A) Histogramsof cell-cycle
lengthsfor asingleancestorcellandits progeny.After eachof 4,000divisionsalongasingle
line of descent,onerandomlychosenprogenywasusedfor analysis.!
�� and��� color repre-
sentcaseswith low (13.6h) andhigh(61.3h) initial cell-cyclelength,respectively.Themedians
in bothcasesaresimilar (21.9h and21.8h). (B) Thescatterplot of initial cell-cyclelengthand
mediancell-cyclelengthafter400generations.No correlationisobservedissignificantstatisti-
cally(. = -0.04).(C) Heatmapsrepresentingchangesin cell-cycledurationsin nextgenera-
tions.Threecolorsrepresentdifferentcell-cyclelengths:�
�� for measurementsbelowthefirst
quartile;��� for measurementsabovethird quartile,and����� for measurementswithin the
interquartilerange.(D) Histogramsof cell-cyclelengthsfor apopulationstartedfrom asingle
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ancestorat200h of observation.!
�� and��� colorsrepresentcaseswith low (13.6h) andhigh
(61.3h) initial cellcyclelength,respectively.(E)Scatterplot of initial cell-cyclelengthandpop-
ulationsizeafter200h. Strongnegativecorrelationisobserved(. = -0.65).Growthcurvesfor
two extremecases.!
�� and��� colorsrepresentcaseswith low (13.6h) andhigh (61.3h) ini-
tial cell-cyclelength(respectively).(F) Descendantsof ancestorcellsareidentifiedand
counted.Growthcurvesshowdifferencesbetweentwo cellpopulations.
(TIF)

S9Fig.Cell-cycleduration for acrossseveralgenerations.(A, B) Tenextremecasespre-
sentedin theform of chart,wherex axisrepresentsgenerationnumber,y axiscell-cyclelength.
(C,D) Fifty extremecasespresentedin theform of aheatmap,wherex axisrepresentsgenera-
tion number,y axisrepresentsingle-celllineageandcolordenotescell-cyclelength.
(TIF)

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

S11Fig.Detailedscatterplotsof experimentalandsimulateddatafor modelparameters.
(PDF)

S12Fig.An exampleof ªnoisyº measurement.Phaseportraitsfor casewherequalitativepat-
tern isdifferentthanin majority of cells,it is causedbyhighnoiselevel.
(TIF)

S13Fig. Interaction betweenfunctional FUCCI proteins.Cdt1andits inhibitor Geminin
areimportant regulatorsof replicationlicensing[60]. In normalcells,acritical balance
betweenthesetwo proteinsensuresthat firing of eachorigin alongthegenomewill takeplace
only oncepercellcycle.In our casewemeasureexpressionof dysfunctionalproteins,but regu-
latedin thesamewayasoriginalones.Source:[61].
(TIF)

S14Fig.Thesecondmethodof estimation of the cell-cycleendpoints.It includesseveral
steps:(1±2)identificationof thelevelof noiseanddeterminationof theappropriateparameter
valuesfor smoothing,(localregressionusingweightedlinearleastsquaresanda2nddegree
polynomialmodel);(3) numericaldifferentiationof Gemininprotein levels;(4) detectionof
localminima of differentiateddatato identify divisionmoments,and(5) detectionof Cdt1
proteinmaxima,thetiming of whichprovidestheestimatedmomentof transitionfrom G1to
Sphaseof cellcycle(in thisstepweanalyzeonly fragmentof Cdt1proteindynamiclocated
betweendivisionmoments).
(TIF)

S1Data.S_Data_15%_FBS_All_Cells.Measuredintensitiesfor Cdt1andGemininextracted
from tracking(15%FBS).
(XLSX)

S1Movie.Changesof Cdt1 andGeminin protein acrossthe cell cycle.Blackandbluedots
representexperimentalandsimulationdata,respectively.
(AVI)

S1Text. Supplement-Mura-Feillet.Thefile containsadditionalresults,discussion,descrip-
tion of methodsandreferences.
(DOCX)
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