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Abstract

Singlecell measurements of MRNA copyimber inform our understanding of stochastic
gene expression, but these measurements egaaseover the individual copies of the
gene, where transcription and regulation stochastically take place. Here we combine
singlemolecule quantification ofmRNA and geneloci to measure the transcriptional
activity of an endogenous gene in individ&aicherichia colbacterialnterpreted using a
theoretical model for mRNAdynamics the singlecell data allows us to obtain the
probabilistic rates of promoter switching, transcription initiation and elongation, mMRNA
release and degradation. Unexpectedly, we find that gene activity can be strongly coupled
to the transcriptiorisstate of another copy of the same gene present in the cell, and to the
event of gene replication during the bacterial cell cycle. Theseamgneand cetcycle
correlations demonstrate the limits of mapping whedé mRNA numbers to the
underlying stobastic genectivity, and instead highlight the contribution of previously

hidden variables to the observed population heterogeneity.
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1 THE STOCHASTICITY OFGENE EXPRESSION
1.1Geneexpressionwas r adi ti onal buko studi ed Ain

Gene expression is the main mowuethe cell. Genetic informatiois deliveredthrough

the transcription of a gene into mRNA and the translation of mRNA into protein. This
process is fundamentally important to biology, as proteins are the molecules that perform
most of thecell functions catalyzingenzymatiaeactiors, transpofing molecules through
membranestransducing signalseven constituting the machinery of gene duplication,

transcriptionandtranslatio (Alberts et al. 2009.

Geneexpressiorhasbeen traditionally studieoh experiments that measured the average
level inlarge cell populationd/Nestern bltting has beerextensively used for qualitative
(or semiquantitative)detection of specific protein molecujésrough antoody targeting,
within a protein mixture (usually extracted frarall culture) (Burnette, 1981 Towbin et
al., 1979. Another classical class of biochemical assays, takth@ntagef enzymatic
activity, for example, thé-galactosidasassay, has been commypnised as a reporter to
monitor gene expressiofiNinfa et al., 1998 Researchers have algsed varied techniques
to monitor gene expression e RNA level Northern blottingto detect specific RNA
molecules present within an RNA mixtu(élberts et al. 2009, DNA microarray to
measure the expression levelaofarge number of genes simultaneo@slyomas et al.,
2008, RNA sequencing teeveal the presence and quandtyRNA in a biological sample

at a given momenfWang et al., 2009 These approaches have a mabortcomingin
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that averagingover populations masks possible differences in gepeesgion that may

occur between individual cells.

1.2 Emergence of singlecell methods

As early as in 1957, the pioneering work from Novick and Weiner, using serial dilution
and amplification of individual bacteria, showed that the prodn®f b-galactoglase in
individual cells was highly variable and rand@hhovick and Weiner, 1957 Moreover,

they found thatactoseinduction inceases the proportion of cells expressing the enzyme
rather than incr easefowkaad\Weiner,ddjiTheseearklypr essi o
studies, howeveryere hinderedy the technical challenges involved in making reliable
sinde-cell measurementsrifhary among the technical advandsshe use of fluorescent
proteins, such as GFRsing GFPto measure gene expression in individual cells has led
to an explosion in experimental work. These studies and the ones that have fokkowwwed
shed light on many of the mechanisms that result intocealéll variability in gene
expression using GFEElowitz et al., 2002 Ozbudak et al., 2002and its variants in

combination with timdapse imagin@nd microscopy(Rosenfeld et al., 2005

As researchers probe more deeply into rtfechanismainderlying the gene expression
variability, the limitations of GFP are becoming more and more appa®One is the
sensitivity. When using conventional microscopy or flow cytometry, it is difficult to detect
small numbers of fluorescent proteins. The sensitivity issue may make aBFP
inappropriatechoice of method in some situatigrggven thatstochastic effects are more

prevalent at low molecule numbers. Secon@liyP levels typically measureah arbitrary

17



fluorescence units rather than molecular upitsh the notable exceptions (fRosenfeld

et al., 200%and(Gregor et al., 2007, thus limiing the abilityto evaluate gene expression
guantitatively Thirdly and the most importantlyestimatingthe activity of the promoter
using the protein level suffers from the added complexity introduced in translation and the

maturation of fused fluoreseeproteingHebisch et al., 2093

Some lateworks havedemonstrated thability to count individual RNA molecules within
single cells, whichprovidesrigorous tests for theoretical models todinscription One
representative method for counting RNA numbers in individual cells is single molecule
fluorescencen situ hybridization (FISHYFemino et al., 1998aj et al., 2008 Another
method widely used for following individual RNA molecules in live cells is MB2ach

et al., 1999Bertrand et al., 199850lding et al., 2006 Both methods will be described
later in detail. The advent oSimple and accurate measuremesftgene expression in
individual cellshasled researchers to find that the numlm#rNAs and proteins can vary

dramatically from cell to cell.

1.3 Singlec e | | studies revealed fAnoiseo in

Singlecell meastemens have dramatically enhanced ownderstanding otell-to-cell
variability in gene expressioithe first attempts to characterize the heterogeneity in gene
expression were born from experiments in synthetic biol@ye example is the

Ar epr e seworlk aulton(Eowitz and Leibler, 2000 a cyclic negativdeedback

loop composed of three repressor genes and their corresponding promoters, which is

capable of producing oscillatis in gene expressioBlowitz and Leibleiconjectured that

18



the stochastity (or noise)in gene expression wasausing the oscillations, but the
molecular basis remained unclear. The first experiment to explore the causes of the
stochastic gene expressiaasanalyzing the wholeell fluorescence from two identical
promotersplaced attwo arms of the bacterial chromosome, with equal distance to the
replication origin (Elowitz et al., 200® In this work, Elowitzand colleaguedirst
introduced the concepts of intrinsic and extrinsic noise in gene expression and found that
both sources of noise can bignificanty dependenon the promoterExtrinsic noise
comes from sourcdhat affect the expression of both copies of the gene equally in a given
cell, such as variations the numbers of RNAP or ribosomes. Intrinsic nassgue to the
randomness inherent to transcriptiond amanslation. Later timéapse measurements
showed that in bacteria, thimescaleof intrinsic fluctuations is less than 9 min contrast,
thetimescaleof extrinsic fluctuations is about 40 min, roughly the length of the cell cycle

(Rosenfeld et al., 2005

As discussee@arlier, the wholecell measurement of fluorescent protein level is limited in
measuringstochastic gene expressidResearchershereforeattemptedto measure the
RNA level in individual cells directlyFor exampleusing the MS2 reporter systeim
monitor the transcription of individual RNA moleculesreal timg(Golding et al., 2006
Thetranscriptional activit of the genavas detectethroughthe binding ofthe MS2 coat
protein,fused to GFPo an array oMS2 binding siteshatwasplacedunder the promoter

of interes. In (Golding et al., 200§ it is shownthat RNA moleculs were producedin
transcriptional burstsand the gene was randomly switching back and forth between

transcriptionally active and inactive ta.
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1.4 Causes and consequences of stochastic gene expression

Fromsinglecell measumnents, it is clear thdor the same genéie amount of RNA and
proteirs is different among different cellsThe reasons that within a single cell, gene
expression is inherently stochastic, or randd/Vhether a gends transcribedat any
moment depend®n the diffusive binding of multiple regulatory proteins to their
designated binding sites, as well as the occurrence of multiple biochemical reactions
required for transcription initiatro(Coulon et al., 2013 All these biochemical reactions

are essentially singlmolecule events and the players involved often exist in low copy
numbersFor example, irE. coli, protein-coding genes are typically present in oni§ 1
copies per celldependingn the genomic lation andgrowth conditionNeidhardt et al.,

1990. The main regulators of gene expression, transcription factors, e{tstin low

copy numbergGuptasarma, 1995For example, the repressor fitre lactose promoter,

Lacl, onlyexistsin 10-30 copies in a single cdlEdelmann and Edlin, 19Y4The product

of transcription, RNA, spans a range of*110 copieger cell(Taniguchi et al., 200)0The

fact that these players are present in very low copy numbers meattsetbadchastic effect

in gene expression does not just average away but can instead lead to easily detectable

differences between otherwise identical cells.

Stochastic gene expression praaesduseful unicellular variability. In unicellular organisms,
for example E. coli, variability allows heterogeneous phenotypes even in clonal
populations, enabling a population of cells to commit certain subpopulations to different

behaviors. Variabilityn a population is enhanced by networks that can produce multiple,

mutually exclusive profiles of gene expressi
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and AOFFO0O expression of a particular gene).
(or multistabé) in the sense that small variations in expression are insufficient to cause the
organism to flip from one state to another. Occasionally, however, a big stochastic
fluctuation can induce a transition from one state to another. Take the decision making
between lysis and lysogerigtesof phage lambda as an example. The stochastic effects in

the expression of key regulators (Cro and CI) could explain why some cells activated the

lytic pathway whereas ottefollow the lysogenic pathwafPtashne, 20045eplveda et

al., 2019.

Metabolic networks arean important class of genetic networks exhibiting multistability

with stochasc transitions.The lctose utilization network i&. coli displaysanii a | | or
noneo type odnglecehdwi srt,ocarmadti cally transit
state{Mettetal et al., 20060zbudak et al., 2004Whenlactose is absesthelac repressor

(Lacl) binds tothe lactose promoteto repress the transcription of genedan operon

(AOFFO0 state). Wh e ns inadivatedoasceis no kbngger abée doebimd |, Lac
DNA, derepressing thgene( A ON 0 Suthaehavj@mhavealsobeen observedh

cells that were all initially in an uninduced state, arguing that some stochastic mechanism

must have caused the networktastvc h f r om tHeh @NG OEFPr € ®si on st

In higher eukaryotes, population heterogeneity largely arises from genetic and
environmental diversity, making the argument for utilizing stochastic gene expression less
plausibe (Nevo, 1988. Yet researchers have found interesting exampleatastic cell

fate decisions linked to stochastic gene expression even in development: photoreceptor
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expression iDrosophilaeyes (Wernet et al., 2006the expression of odorant receptors in
different sensory neurons in midgsuboi et al., 1999Vassar et al., 1993 and
differentiation of progenitor stems cells into the various types of blood(eglisr et al.,

1998 Hume, 200).

The notion that stochastic effects in gene expression could have important biological

implications has motivated much research in the field.
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2 INFERRING THE KINETICS OF STOCHASTIC TRAISCRIPTION

2.1 Whole-cell RNA measurements in fixed cells provide estimates of RNA
Kinetics

The detection of individual RNA molecules in individual cells has dramatically enhanced
our understanding of transcription, not ordgardingts effects on celto-cell variabilty

in geneexpressiotut also in providing insights into the biochemical mechanisms involved.
One representative echnique is singlemolecule fluorescencen situ hybridization
(smFISH)(Raj et al., 2008Skinner et al., 2003 In this method, sampleare fixed and

then a hybridization is performed using a set of fluorescently labeled oligonucleotides, each
complementary to a unique portion of the target RMAderinghe molecule sufficiatly
fluorescent tobe detectedby fluorescence microscopyndividual RNAs appear as
diffraction limited fluorescent spots under the microscopke Tntensity of these
fluorescence spotsanbe computationally convertad the number of RNA molecules in
eachcell. Another completely ffierent approach t@ountng the number of particular
RNAs within single cells is the use of singlell quantitative reverse transcriptid®CR
(RT-PCR)(Bengtsson et al., 20p3solating individual cells anderforming RFPCR on

each celcan yield absolute nasures of transcript numbers with appropriate controls and

standardization.

The statistics of the wholeell RNA numbergarrythe signature of gene expression, which
allows estimatingthe RNA kindics throughthe theoreticalmodel fitting The model
includes a series of parameters describing the processes invoRBE\ihfe cycle, such

as the ratef a promoter making new RNA and the rafeRNA degradationThe model
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is either simulated or solved to generate a predicted distribution of RNA numbediper ¢
which is then compared to the measured statistics to extract the kinetic parameters. Broadly,
two stochastic kinetic modes of transcription haeen observeuh individual cells. One

i s APoi ss oni aigsynthesizath ramdom,inbepdrdéedvents, with constant
probability over timgLarson et al., 20LIYungeretal., 2000 The ot her one

in which RNAIs producedn episodes of burstsifowed by long periods of inactivit§Raj

et al., 2006So et &, 201])

2.2 Time-lapse measurements in live cells directly follow RNA kinetics

Even though fixegtell measuremergrovidesprecie quantification of RNA numberg
misses the temporal informationtranscription. Researchdravebegunto directly ollow

the RNA kinetics in live cellsThe livecell methods typically involvgenetic engineering

and timelapse microscopy. One representateehnique wathe MS2 RNAeporterused

in (Golding et al., 200pwhich allowedd i r ect measur ement of the
of activetranscription. This technigu@adapted from bacteriophage M$#s developed
simultaneously by Bloom and colleagu@each et al., 199and Singer and colleagues
(Bertrand et al., 1998 The promoterof interestis fusedto multiple copies of the
recognition site for the MS2 coat protein, an RNA binding protein. In the same cell, a
fusion of MS2coat proteinto a fluorescent proteirs expressedh excess. As a result,
RNAs gets decorated byultiple copies offluorescent proteinandcanbe detectednder

the microscopeAn analogous method usedhge PP7 RNA reporter, adapted from another

bacteriophage, whichasenableddirect measurement of promoter clearance, elongation,
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and termination rated.arson ¢ al., 201). Another method for the reéime detection b
individual RNAs isin vivo hybridization of target RNAs with molecular beacons, which
are singlestranded nucleic acid probes that only fluoresce upon hybridization to a target
molecule(Tyagi and Kramer, 19960ne of the biggest challenges to overcome, however,

is the delivery of the molecular beacons to bacterial cells.
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3 MEASURING ACTIVE TRANSCRIPTION AT A SINGIE GENE COPY
3.1 Limitations of whole-cell RNA measurement

Wholecell RNA measurement (both fixednd livecell methods) is still limited in
multiple ways. First, it integrates over the full lifetime of RNA molecules, without
distinguishing RNAs that afgeing transcribeffom the fnished onesUnlike eukaryotes,
where RNA lives much longer than the time taken for its transcrigiohwanhasser et
al., 201}, in bacterial cells RNA lifetime is similar to the time it takes fons@iption
elongation(Bernstein et al., 2002Whole-cell RNA measurement will potentially lose the
kinetic featuresandmiss the spatial featurésr RNA at different stages of its life cycle.
Secondlywhole-cell RNA measuremenums the contributions from multiple gene copies.
Naturally, in a singleE. col cell, there exiss more than one copgf the same gene
(Neidhardt et al., 1990whichdo not necessdy have the same activity. Previously, the
stochastic activity of individual gene copies veasountedy, either scaling the whole
cell RNA measurements using the number of gene cdpiess et al., 20)4or taking a
subset of cells as a homogenous population of cells with the same number of gene copies
(newborn cells as an examp(&eplveda et al., 2006 Thirdly, as part ofhe chromosome
replication cycle, the number of gene copies changdbeasell cycle progresses. An
increase in the total RNA numberay reflect a change in the gene dosaaggher than an

increase in transcription
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To summarize, all these factdimpit the capability to map wholeell RNA measurement
to the stochastic kinetics of individual gene copies. These limitations have left several

interesting questionthat cannobe addressedirectly.

3.2 What is the spatiotemporal life history of RNA?

One ofthe open questions is the spatiotemporal life history of RM&E. coli cell is very
small,atabout one micrometer in width and a few micrometers in lefigghdhardt et al.,

1990. Within thislimited space, thereismop at i al A hireg the mueleoid frome p ar a
the cytoplasnfNeidhardt et al., 1990Unlike eukaryotes, where spatial compartmentation

is apparentthe bacterial cell was traditionally considered walixed, where interactions

are governetby diffusion kineticgPhillips et al., 2009von Hippel and Berg, 1989

Researchers have taken efforts to examine the spatial organization of the flow of genetic
information in bacteria. The nucleo{@heretranscriptiontakes placeand RNAP (the
transcriptional machinejyesidein the center of the cglBakshi et al., 203,2Z2ampos and
JacobsWagner, 2013 Ribosomes, the translational machinery, are mostly excluded from
the nucleoid are@Bakshi et al., @12, Campos and Jacob¥agner, 2018 RNase Ethe
majorcomponenbf RNA degradosomas mainly locatel atthe cellmembranéKhemici

et al., 2008 Murashko et al., 20)2All this evidenceseens to suggest thahe bacteria

cell is not as simple and homogeneous as people used to thiniksbead presenthe

spatialorganization of RNA processes.

However, functional studies halieought contradictory pictures of the spatial organization

of RNA processesi-unctionalcoupling betwen transcription and translation has been
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extensively documented in bactera ( trandation is initiated on nasceRNAs as they

are being transcribed (Das et al., 1967 Proshkin et al., 20)0 The experimental
measurements of RNA kinetidsave beenwell describedby modes$ involving fi ¢ 0
transcriptional degradatiori.e., allowing RNase tdind RNA at any time RNA synthesis
has started(Chen et al., 2015 There are alsaonflicting reports regarding the spatial
location of RNAthroughits whole lifetime RNA is localized to the site of transcription
for most of its lifetime(Llopis et al., 201)) RNA is releasednto the cytoplasm, and in
some cases deliveredttte cell membrangVioffitt et al., 2016 Nevo-Dinur et al., 201)L

Even though thee contradictory arguments may be due to different RNAs or different
growth conditions thawere examineth these studies, it is obvious that the knowledge of

the spatiotemporal history of RNA is still limited.

To address the spatiotemporal life histafyRNA, an ultimate and ideal way will be
directly following the RNA through its whole lifetime, from its production at the gene,

translationto itsdegradation.

3.3 Is transcription coupled to the cell cycle progression?

To describe the statistics of RNumbers, mathematical models have played a key role,
andhaveprimarily relied on the assoption of constartranscription rate during cetlycle
progressior{Sepuveda et al., 20)6However, such an assumptiorciearlyviolated for
cell-cyclerelated genes, which display large fluctuations that are correlatededlitycle
(Laub et al., 2000 These ceflcycle correlated fluctuations may propagate into

downstream components througlegene regulatory networka bacteria, previous studies
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sugget that transcription maye coupledo discrete events in the cell cycla particular,
replication of the genéHanawalt and Wax, 196Kuempel et al., 1965Viasters et al.,

1964 Mukhopadhyay ath Chattoraj, 2000 Guptasarm&asproposedhree mechanisms

that would lead tesuch couplingGuptasarma, 19950ne i s fAtransidoent
where the passage of the replisome through the repressedrgmies offtranscription
factors and transiently increases transcriptiowo Tother mechanisms have alseen
proposedn which coupling of transcription to gene replication is achieved by negative

supercoiling(Pruss and Drlica, 198®r by demethylation(Roberts et al., 1985

In addition to gene replication, another discrete event during cell pyatgessioncell
division, creates a random allocation of proteins and RNAs into two daughter célls. In
coli, some transcription factors exist at veoyvlcopy numbefGuptasarma, 1995for
exanple, Lacl exists in~10-30 copiesper cel (Edelmann and Edlin, 19Y740nce the cell
divides,if one of the two daughters does not inherit enough Lacl for full repressiba of

lac promoter, that daughter cell will possibly show a sudden increase in transcriptional

activity.

Though different mechanisnimsvebeen proposefbr cell-cycle correlatedranscriptional
activity, the experimental evideneseas weak in multiple ways: 1) The transcriptional
activity was measured by averaging a population of cellRg8garcheriiled to rule out

the possibility thathe observed gene replication effect was caused by the change in gene

dosageTherefore we needo measurehe RNA production at an individual gene copy, at
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the same time, keep track of other cellular events duhegell cycle progressiore.g,

gene replication, cell birtlgnddivision.

3.4 Are different copies of the same gene in the same cetirrelated?

As mentioned earliea singleE. colicell typically harbors more than one copy of the same
gene. Early studies assume independent regulation for individual gene (&xgdseda

et al, 2019, which, however unavoidably share the same regulators and similar
microenvironment. It has long been an interesting question to study if thererrelation

in transcriptional activities between multiple copies of the sameigeliféerentorganisms.

In mammalian cells, not to mention the inactivation of one of the X chromosomes in female
mammals (fully negative correlatipfLyon, 1961), researchers widely observadertain

level of correlationGinart et al., 201;6Hansen and van Oudenaarden, 20E¥esque et

al., 2013. In yeast, no significant correlatiovas foundGandhi et al., 2011

In E. coli, howeer, the correlation has not been addressieelcly so far because of the
| ack ofpéaeifiete Bomadthddeasdscussahbovein section 3.3
(i.e., the coupling of transcription to other cellular eveptsiay result ina correlatio
between multiple copies of the same gélrtee potential coupling of transcription to gene
replication willpossiblycreate a correlation between recently replicated sister cdpies
competition for transcription factors will potentially result in opp®sigulation of

different copiesThe fluctuation of upstream regulators may induce a stochastic transition

in the AONO and AOFFO s tMaasuwing thé transorigtionali d u a |
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activity of individual gene copigas necessarjo examine theorrelation between different

copies of the same gene.
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4 SUMMARY

In this chapter]i nt roduced the advance from tradi
cell measurement, mch allows researcherso begin understanohg stochastic gene
expressia. | also introduced the limitations of whetell RNA measurements in mapping

it to the stochastic kinetics of individual gene copies. Thus in this studsgticemeasure

active transcription at a single gene copy lelvehised several open questions ttadld

be addressedith the measurement tite singlegenelevel. Inmy thesis,| will useE. coli

as a model system, one of the most widely studied bacterial organismsyikusthrt with

the lac operon, a paradigm for studying gene regulatiowill present the method to
measure active transcription at individual gene copies, and how the novel measurements

can address those open questions.
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Measuring transcription at a single gene copy illuminates mRNA

dynamics and revealsntracellular correlations

Manuscriptsubmitted
Authors: Mengyu Wang, Jing Zhang Heng Xuand Ido Golding

My contribution: (1) Designed andualt genetic constructfor detecting transcription at
a single gene copy for different promotgRac, Pr) at different genome positions
(ori, lac, hyg ter). (2) Performedisnapshotsand timelapse experiments in live celigr
different promoters (R, Pr) at different genome positioner(, lac, hyc ter) and growth
conditions (LB, glucose, glycerol]3) Analyzedlive-cell experiments(4) Co-wrote the

paper.
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1 Detecting active transcription at a single gene copy

We set out to measure the transcriptional activity of an individual gene copy within a single
E. colicell. We hypothesized that active tramgtion could be quantified by measuring the
amount of MRNA that is localized to the transcribed déaeson et al., 201, ZZenklusen

et al., 2008. Wethereforeused twecolor labelingto simultaneously mark the gene locus
and the mRNA produced from the gene, within the same cell. The gene locus was labeled
using the fluorescenepressomoperatorsystem (FROJoshi et al., 2001 where atet
operator array, inserted near the gene, is bound by the cognate fluoretsrayely
repressor (TetRFFP). mRNA from the endogenous gene was detected using single
molecule fluorescenda situhybridization (smFISHFemino et al., 1998a] et al., 2008
Skinner et al., 20)3Fig. 1A, table Sllists the promoters and genomic loci examined in
this work). We used automated image analysis totiietine fluorescent foci in each
channel fig. S1) and measure the copy number of gene loci and mMRNA molecules
(Sepuveda et al., 20L6kinner et al., 20)3The FROS system allowed reliable counting

of gene copies in both live and fixedllsand did not affect the cell growth rate or mRNA

expression from the gengg( S2.

Focusing first on the lactose promotese,Rve measured the spatial distance between each

lacZ mRNA molecule and the neardat locus in the cellThis revealed two distinct

MRNA populations, one close to the gene locus300 nm) and the other furthaway

(Fig. 1Bandfig. S3). Consistent with the hypothesis that the gproeximal mRNA signal

corresponds to actively transcribed molecules, the proximal population was almost absent
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if the labeled locus did not correspond to the transcribed gégme 1B). Under conditions

of high expression, the signal from gegmr@ximal mMRNA was stronger than that of mMRNA
further away, consistent with the simultaneous presence of multiple nascent mRNAs at the
gene(French and Miller, 1989Fig. 1C). Proximal mRNAwas also enrichelor t he 56
region of the gene, as would be expected from the presence of incomplete transcripts
(French and Miller, 1989Fig. 1D). Finally, inhibiting transcription initiation using
rifampicin led to the gradual disagpance, within a few minutes, of proximal mRNA,
consistent with the completion and release of alreaitipted transcriptsKig. 1E). We

found similar behavior when examining two additional promotess éhd phage lambda

Pr), under multiple growth coribns, as well as in live cells, where RNA was labeled
using MS2 taggindgBertrand et al., 1998Golding and Cox, 2004{figs. S3S5. The
evidence thus indicates that gegmreximal mRNA corresponds to actively transcribed
molecules. Applyingan mRNA-to-gene distance criterion (and correcting for the
probability of random cdocalization fig. S6) allows us to classify cellular mMRNA into the
nascent (actively transcribed) and mature (complete) species. We can likewise determine
whether a given gene copy is currgnileing transcribec&and measure the amount of

nascent mMRNA at the gene at different expression lekgs 1F andfigs. S1, SY.
2 Analyzing nascent mRNA reveals the kinetics ofinitiation, elongation and
degradation

We next sought to use singtell measurements of nascent mRNA to characterize the
kinetics of mMRNA processes taking place at the gene: transcription initiation, elongation,

decay, and release. To that end, we inducgdRpression by adding IsopropgktaD-
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Thiogalactoside (IPTG) to thegyvth medium(Elf et al., 200). We measured the amount

of nascent, mature, and totatZ mRNA per cell, at different times after inductidrd.

2). To interpret the observed kinetics, Yoemulated a mathematical model for nascent
MRNA dynamics Fig. 2A). In the model, transcription initiation is followed by mRNA
synthesis (elongation) at a speed to a final lengthL (Choubey et al., 2014Xu et al.,

2016. Once the transcript is complete, mature mRiBlAeleasedrom the gene into the
cytoplasm(Choubey et al., 203&u et al., 201% Degradation of bothascent and mature
MRNA is assumed to initiate at rdég(Chen et al., 205 mRNA degradatiots limited

by the competition between the degradation machinery and translating ribosomes, leading

to a degradation speed that is equakt¢Chen et al., 2005

Induction kinetics in glucose meohn (where Rc exhibits a large dynamic rangeg. 1F

and (Kuhlman et al., 2007showed good agreement between the theoretical model and
experimental dataHg. 2B). As predicted, matudacZ mRNA appears only once the first
transcript is completed and reledsat timelL/ve © 130 secThisis also the timat which
nascent mRNA levels reach steady state, reflecting the balance of transcript initiation and
release. These discontinuous features in nascent and mature mRNA kinetics are absent
from the kinetics of total celluldacZ mRNA (Fig. 2B). Fitting thedata to the theoretical
model allowed us to estimate the mRNA elongation spegd 42 +2 nt/sec, SEM from

two experiments) and degradation rate< 0.0078 +0.0003 set). Both estimates were
consistent with independent measurements using mMRNA oguraione and with
previously reported valuedids. S8S9 and (Chen et al., 2035Moffitt et al., 2016

Proshkin et al., 2010So et al., 201)). Measuring the steaeltate amount of nascent
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MRNA at different B¢ induction levels suggested thatis positively correlated with the
rate of initiation fig. S10, consistent with earlier repor{&pshtein and Nudler, 2003
Proshkin et al., 2090 The assumptions that nascent mRMA degradedand that
degradation proceeds gieedve are further supported by simultaneous analysis of the

MRNA signals from the 506 and f§6Sl.egi ons of

3 Evidence for partial retention of mature mRNA at the gene

Whereas mRNA kinetics in glucose agreed with tieotetical expectation, this was not
the case when we repeated the induction experiment in glycerol, asiosth medium
(doubling timeg © 150 min [30€], compared t@ ° 50 min in glucose [37C]fig. S12.

As seen irFig. 2C, the appearance oftoplasmic mMRNA, upon the completion of the first
transcript, was not immediately accompanied by the stabilization of-pgyerenal
(presumably, nascent) mRNA level. Instead, germximal mRNA continued to
accumulate, eventually reaching a steathte ével that was higher than predicted by the
model. To explain these observations, we hypothesized that, under these growth conditions,
complete (fully transcribed) mMRNA molecules are not all immediately released into the
cytoplasm; instead, about half okth (55 £5%) remain in the vicinity of the transcribed
gene for the full lifetime of the mRNA. Incorporating this feature into our theoretical model
yielded good agreement with the experimental daig. C). mMRNA retention depends

on active transcriptignthis is indicatedby the transient accumulation of cytoplasmic
MRNA following the inhibition of transcription initiatiorfig. S13. The hypothesis of

mature mRNA retention is supported by two additional pieces of evidemsg the ratio
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of 5 dignalin généroxdmal mRNA in glycerol is lower than expected for nascent
MRNA, consistent with the presence of complatéunreleased mMRNA moleculefg

S13. Second, vigorous centrifugation of the cells (4500 g for 5 min) lowered the level of
geneproximal MRNA back to the expected level for the nascent speciesFogly2C and

fig. S13, again consistent with the presence of two mRNA populations at the gene, with
only the activelytranscribed molecules strongly tethered (and therefore irremovable by
centrifugation). A similar effect was also observed for the lamlgdadmoter fig. S13.
Finally, our model helps reconcile conflicting observations regarding the spatial
organization of mMRNA irk. coli (Llopis et al., 200; Moffitt et al., 2016 Nevo-Dinur et

al., 201), by identifying mature mRNA retention as the cause of these differences. The
change in mRNA spatiotemporal dynamics between different growth conditions may
reflect the effect of cellular metabolism on the coupled kinetics of RNA polymerases and
ribosomeglyer et al., 2018Proshkin et al., 20)@ndon cytoplasmic fluidity(Parry et al.,

2014).

4 A stochastic model of mMRNA kinetics captures singteell statistics

In the analysis above, we used the populatieeraged measurements to interrogate
MRNA kinetics. We next aimed to use the full singidl dataset for inferring the stochastic
kinetics of a single promoter. Following transcription from indiritdRac copies in live
cells Fig. 2D) revealed that thdurationsof promoter activity (defined by the presence of
nascent RNA) and inactivity periods both follow exponential distributiéigs QE, fig.

S14). Thisindicated that, despite the complex dynamics of transcriptional regulatioas
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et al., 2014Scholes et al., 20),7/promoter activit)canbe ph@omenologically described
using stochastic twsetate kinetics, as previously concluded from wiadé mRNA
measuremeni&olding et al., 200p We thus extended our mathematical moBgj.(2A)

to include the stochastic promoter kinetics and used the model to fit thencoyber
distributions of nascent and total celluecZ mRNA during Racinduction, in both glucose
and glycerol Fig. 2F, G and figs. S15S16. The agreement between theory and
experiment suggests that we can reliably capture the stochastic kinetics of nascent mMRNA
at the singlecell level. Applying the same procedure to salkpressingacZ at different
steadystate levels f{g. S17 allowed us to identify that, uponi.P induction, the
probabilistic rate of promoter activatiday, is the main parameter being modulated to vary
expressionKig. 2H, fig. S18, consistent wh similar reports in other syster{ldadovan

Merhar et al., 201;55enecal et al., 201&kinner et al., 20106

5 Sistergene copies cabe highly correlatedin their transcriptional activity

As part of the replication cycle of the bacterial chromosome, multiple copies of the same

gene are often present in the same @&tidhardt et al., 1990Vallden et al., 2016 The

stochatic activity of these individual copies may be correlated due, e.g., to fluctuations in

an upstream regulaté®wain et al., 2002 This effect has been deduced from the presence
ofsocal l ed Aextrinsic noi seo (ElowmtzenBN202and pro
Taniguchi et al., 2000 but it was not previously possible to directly measure these gene

copy correlations. To ask whether the activity of individual gene capiesupled we

again focused first onid activity in cells grown in glucose, under induction conditions
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where thdraction of transcriptionally active copigf) is approximately %2. Specifically,

we examined the subpopulation of cells with exactly two sister copies lactloeus. We
found that the fractions of cells having 0, 1, @idanscriptionallyactive cqies followed

a binomial distribution, as would be expected if eaghd®py acted independentlizif.

3A, B). Consistent with this observation, the measured -©opy correlation in activity

was very low ( = 0.12 +0.05), as was the correlation betwdlesm nascent mRNA levels

of the two copiesfig. S19. Live-cell measurements in theMS2 reporter also revealed

a very low level of temporal correlation between two promoter copies within the same cell

(Fig. 30).

Repeating the same analysis for ceglewn in glycerol (again apon © 0.5) yielded
dramatically different results: Two copies okcPwithin the same cell were highly
correlated in their activity, as indicated by the distributionuwwhberof active copiesKig.

3D, E r = 0.58 £0.11), thecorrelation in nascent mMRNA levels between the two copies
(fig. S19, and the temporal correlation in live cellid. 3F). The lambda R promoter
exhibited a similar dependence on the growth conditions, with two promoter copies
showing higher correlation in a slower growth mediurfig¢ S20. In addition to the
dependence on growth rate, the degree of
noi s e ovarkedhalsawith Ythe expression level and the genomic locatiog. (3G, figs.
S21-S22). On the other hand, the correlation between two sister copies did not depend on
their physical distance or cell lengfig( S23. Elucidating the mechanisms of gene copy

correlations will require additional work; phenomenologically, these correlat@mmbe
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capturedby a model where a fluctuating cellular state enslaves the states of individual

promoter copie¢Xu et al., 201h

6 Transcription from a repressed promoteris coupledto the event of gene
replication

Beyond the ability to count the gene copies in a given cell, our reporter system also allowed
us to identify the time within the cell cycle at which gene replication takes place, as
indicated by the appearance of two unseparated sistgdtogii et al., 200)(Fig. 4A, C

andfig. S24. In fixed samples, we used cell length as a proxy for the progression of the
cell cycle(Wallden et al., 201% Gene replication took place at wdkfined cellength
intervals (Wallden et al., 200Fig. 4A, ©), and the cellength at gene replication
exhibited the expected dependence of genomic posiigpnS29. In the same lagih-

sorted cells, we then measured the total amount of nascent RNA from the promoter,
reflecting the transcriptional activity at a given egjcle phase. The results foi,P
considered a st r on g(RoBecfelchet tali, 20)5 reveaded thgp r o mot e |
transcription closely follows the gene dosagm(4B). Thus, the transcriptional activity

of each R copy is constant throughout the cell cycle. The saereltwas observed when

the promoter was placed at different genomic lbgi G295.

It has longbeen speculatetthat, rather than being uniformly probable throughout the cell
cycle, transcription from lovexpression promoters takes place only brieflyloing
gene replication(Guptasarma, 1995Hanawalt and Wax, 1964Mitchison, 1969.

Replicationinducel transcription could stem, for example, from the transient displacement
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of a repressor by the replication fo(klammar et al., 2004 To test this intriguing
hypothesis, we examed the celcycle dependence ofiP activity under lowlPTG
conditions, wheré is repressed by LacWe found that, rather than simply following gene
dosage, the amount of nasclZ MRNA exhibited a strong transient increase around the
time of genereplication Fig. 4D). This patternwas also observedth other growth
conditions fig. S26), as well as using alPMS2 reporter placed at a few genomic ldig.(

S25. We also observed the transient increase in transcription around gene replication by
following Pac activity in live cells Fig. 4E, B. We further verified that the coupling
between transcription and gene replication was not an artifact of the gene labeling scheme,
by measurindacZ mRNA numbers in genetically unmodified cells (strain MG4), and
similarly observed a higher probability of finding mRNA in cells whose length corresponds
to the timing of gene replicatiofig. S27). These results all indicate thhe replication of

a strongly repressedP copy is accompanied by a transient increase in its activity
Consistent with the idea that the increased activity reflects a transient relief of Lacl
repression, we found that the relative effect of replication gradually diminishiadzas

expression in@asedi.e. as repression was relievded. 4G andfig. S26.
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Figure 1. Detecting active transcription at a single gene copy

(A) Left: Thelac locusis detectedhrough the binding of TetFP to an array of 146etO sites inserted

nearby in theée. coli chromosome. EndogenolagsZ mRNA, transcribed fromR, is simultaneously detected

using smFISH. Right: In the imaged cell, two siseroci are present. One locus is colocalized with a strong

smFISH signal, indicating active ,P transcription $ee subsequent panels). number of mature

(cytoplasmic)acZ mRNAsare also seerCellswere grownat 37€ in glucose medium supplemented with

cAMP and IPTG. Scale bate m(B) Left: The distribution of distances between eladZ mRNA spot and

the labeled locus closest to it in the cell. Diatahownfor thelac locus (red N = 1208 cells) and theyc

locus (located oppositac on the other arm of the chromosome, giey; 636 cells). The distributions are

used to define a distae threshold for the gesproximal mRNA population (here, 300 nm, cyan shading).

Right: By applying the mRNAo-gene distance threshold, cellular mMRNA (red circles)bmaalassifiednto
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nascent (actively transcribed, empty) and mature (solid); likee#s) gene copy (cyan circls)classified

as transcriptionally active (empty) or inactive (sol{@)) The intensityof lacZ smFISH signal as a function

of distance from th&ac locus. The data\ = 1208 cells) was binned and fitted to a Hill functiohevertical

dashed line indicates the distance threshold defined in paiB).a me as ( C) , measured for
and 306 ( gr deed2mRNA, kkgeledousirgy diffefent sets of smFISH probés (1534 cells)(E)

Same as (C), measured at diéier times after the addition of rifampicin, inhibiting transcription initiation

(N=12081431 cells per time pointjF) The amount of nascelaicZ mRNA per cell (black) and the fraction

of transcriptionally active R copies pon, gray), as a functionfonducer (IPTG) concentration. Shown are

the means +SEM fronN = 590-1532 cells at each induction level. The dassfitted to Hill functions.
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Figure 2. Analyzing nascent mRNA reveals the stochastic kinetics of transcript initiation,

elongation, releaseand degradation

(A) A model for mRNA kinetics. The promoter stochastically switches between active and inactive states. In
the active state, stochastic transcription initiation is followed by mRNA synthesis (elongation) at a constant
speed. Once the transcript is complete tuma mRNA is releasedrom the gene into the cytoplasm.
Degradation of both nascent and mature mRblitiatedat the same rat€B) The levels of total (red),
nascent (cyan), and mature (gre&agZ mRNA per cell at different times after adding IPTGlI€&vere
grownin glucose (37€, 1mM cAMP). Markers, experimental data (mean £SEM from two experiments,

= 3951291 cells per time point). Solid lines, fit to the theoretical mddgylSame as (B), for cells grown in
glycerol (30€). The experimental da (mean +SEM from two experiments, = 2401147 cells per time

point) was fitted using a revised model, where a fraction of mature mMRNA remains at the gene after
completion. The predicted steadtate level of nascetdcZ mRNA (cyan dashed line) is cdastent with

measurements using a protocol that includes cell centrifugation (empty méBRdfpllowing Rac activity
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in live cells. Eachlac locus was detectedhrough TetRmCherry binding to the nearbtetO array.
EndogenousacZYAwas replacethy 48 MS2 binding sites (48MS2bs), and:P48MS2bs transcripts were
detected using MS&FP. The activity state of each sister Popy (ON/OFF) was determined based on the
presence/absence of RNA signal at the gene. Cells were grown at 30C in LB supplemihtéchM

IPTG. Scale barle m(E) The distributions of AONO amapieB, OFFO0 dur ¢
measured in live cells. Markers, experimental data (mean +SD Kenb7 and 59 events, respectively).
Solid line, an exponential fit, allowiren estimation of the probabilistic rates of promoter switch{iggT he
distributions of nascent (per gene copy) and total (per ] mRNA, at different times following
induction. Data (grey bars) are from one of the experiments included in pandidBlirgs (red, cyanare

fits to the stochastic moddlG) Same as (F), for the experiment of panel C. Thewasfittedto the revised
model that incorporates mMRNA retention at the g@Hg.The estimated rate of.Pswitching to the active

state kon), and the transcriptional burst size< kini / ko), as a function of IPTG concentration, for cells
grown in glucose. SteaetatelacZ expression data from exponentially growing cdls=(5901532 cells at

each induction levelyas fittedto the sbchastic model. Error bars represent the range of estimated parameters

from the top 0.2% likelihood fitting results. Solid lines, fit to a Hill function.
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Figure 3. Promoter activity is coupledto the activity of additional gene copies in the cell

(A) The transcriptional activity of individual copies ofd?in cells grown in glucose (87, 1 mM cAMP

and100 M IPTG). For each cell having two endogenous sistecopies, the position and activity of each
copyis overlaid on the cell boundary (yellovgs in Fig. 1B abovddcZ mRNA is not showh Scale bar?

e m(B) The distribution oihumberof active R copies, in cells having two copies of the gene. Grey, data
from N = 168 cells grown in glucose. Error bars indicate SD. Red, fit to a model assuming independent
activity of the two copies (binomial distributiorfC) Crosscorrelation between two copies afP48MS2bs

in the same cell, measuredNin= 42 live cells grow in glucose(D) Same as (A), for cells grown in glycerol
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(30C , 10 IPTG). (E) Same as (B), for cells grown in glycefdtl = 433 cells)(F) Same as (C), for cells
grown in glycerol(N = 39 cells).(G) The copycopy correlation in g activity, asa function of expression
level (total lacZ mRNA per cell), for cells grown in glucose and glycerol. Markers, data Renv3-1699

cells per condition. Dashed lines are polynomial fit servinguideto the eye.
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Figure 4. Promoter activity is coupledto the cellcycle event of gene replication

(A) The intensity of individual TetR'FFP (hyc gene locus) fociwhich serves as a proxy for sistwpy
cohesionas a function of cell length. Shading, binned data (mean + 947 cells grown in LB30T ).

Sdid line, fit to a sum of two Gaussiansorresponding to consecutive gemglication eventsVertical
dashed lines are the Gaussian centers, indicating the estimated timing of gene regiatiascent RNA

per cell from thdr promoter, as a functioof cell length. Data is from the same cells as in (A) 22MS2bs
reporter was placed near thgclocus and nascent RNA levels were measured using smFISH against the
MS2bs sequenc&hadingbinned data. Solid line, fit to a sum of two Hill functipmsrresponding to the
consecutive doublings of gene dosg@® Same as (A), for thiac locus N = 1763 cells grown in LB with

10 ¢ M [DpNasgniacZmRNA per cell from the B promoter, as a function of cell lengata is

from the same cells ipanel C. Shading, binned data. Solid line, fit to a sum of two Hill functions and two

Gaussians located at the Hill transition paimtsrresponding to a pulse of transcription around the time of
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gene replication(E) Time-lapseimagesdemonstrating the aarrence of R transcription close ttime of

gene replication. Cellwere grownin LB with no IPTG. The horizontddlack bar indicates the uncertainty

in estimating replication time, due to the frame rate and sister cohesion. Scéle lvaff-) The pobability

of P transcription (appearance ofP48MS2bs signal), as a function of time relative to gene replication.
Error bars, data £SD frol = 97 cellsSolidline is a guide to the eye. Grey shading indicates the uncertainty
in estimating the rdjzation time.(G) The effect of gene replication onfranscription, as a function of the
expression level. The procedure in paneVds repeatefbr cells at different IPTG concentrations (57814

cells per sample). The amplitude of the fitted Gaarsisi plottedversus theaumber of RNA per cellThe

values corresponding to panels B andrb highlighted
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Materials and Methods
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1 EXPERIMENTAL PROTOCOIS

1.1 Bacterial strains and plasmids

All bacterial strainsare listedn table S1, plasmidsare listedn table S2 and primers are

listed intables S3 andS4. The constructionf strairs and plasmidis describedbelow.

1.1.1Construction of the gedabeling system (FROS)

The gene locus of interestas labeled usinghe Fluorescent Repressor Operator System
(FROSJLau et al., 2008 An arrayof thetet operatos (tetO) was placedhear the gene of
interest in the chromosome. Visualization of the locus under the microssope
accomplishedhroughthe cognate binding proteifiet repressor (TetRyvhichis fusedto

a fluorescent proteinVe started with atrainwhere 14QetOcopies (14€tO) were placed
inside themhpAgene ~3.5 kb fromlac (Joshi et al., 2011 Using this construct, we then

built a series of strains where the fiet@arrayis placedat dfferent genomic loci.

We first built the plasmigJZ087 which is used tplace the 14@etO array at the gene
locus of interestThe plasmictarriesthe 14QetOarrayand a single Flp regmitiontarget
(FRT) site, whichallowsintegratingghewhole plasnd into straindrom the Keio collection

of singlegene deletion@Baba et al., 200asingFRT-FIp recombinatiofEllermeier et al.,
2002. To comstruct pJz087 we amplified (frompKG137, a derivative of pCE37
(Ellermeier et al., 2002 using primers FRIFFROSFP-H1 and FRTFROSRP-H2) a
fragment containing a singkeRTsite, the R6K reptiation origin pir dependent replication,
for eliminating the plasmid afteflp-FRT recombination) and a kanamycin resistance

cassett¢Kan®). This fragmentvas therrecombineereihto plasmid pBH23Joshi et al.,
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2017 using standard protoco{$homason et al., 20)4BH23 carrieghe 14QtetOarray;
with a gentamycinresistance casset{&er) inside the arrayThe primers used in

constructing the plasmidse providedn table S3

pJZ087 wasext inserted intseveral Keio strainsising FIp-FRT recombination. Flp
recombinasavas expresseftom plasmid pCP2qCherepanov and Wackernagel, 1p95
The 14@etO array was then moved #bclean genetic backgrounging P1 transduction
(Thomason et al., 200.7The arraywas detectedby expressing eitheTetR-YFP, from
plasmid pJZ133,or TetRmCherry from plasmidpJZ102 The construction of these

plasmidss describedn section 1.1.4

1.1.2 Construction of the RNA labeling system (MS2)

To detect promoter activifyan array ofMS2 binding sites (MS2bs)was placedunder
control of the promoter of interestThe transcribed MS2bf®rm stemloops, which are
specifically bound by the MS2 coat protein, fusea tiuorescent proteifGolding and

Cox, 2003.

We first constructed a series of plasmids carrying 24 or 48 MS2bs under control of tlifferen
promoters. We started withlG-48bsand plG24bs, which carry 48 and 2#bpiesof
MS2bs under control ofiR(Golding and Cox, 2004 Next,pB48bs-Cnmf and pBR4bs

CmR were constructelly replacing the ampicillinesistance cassette (Af)pn plG-48bs

and plG24bs with chloramphenicoésistanceassettéCm?), usingrecombineeringThe
chloramphenicokesistance cassetteas amplified from pKD3Datseko and Wanner,

2000 using primers OC202 and OC202.
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pJZ054 was constructecby replacing Rc in pBS24bsCm?® with the phage lambda
promoter R. The B sequence waamplified from wildtype phagelambdausing primers
PR-shortFP and PRshortRP, cut byNotl and Pcilandligatedinto pBS24bs-Cm? which

was cleaved by the same enzymes.

To place each MS2 reporter cassette (promd®2bsCmR) in the chromosomethe
cassette was amplified from the corresponding plastinéhrecombineeredhto the lac
locus. From there, it was PCR amplified anecombineerednto other loci as needed.
Transcription of these arraygas detectetly expressing MSZFP from plasmigJZ107
whose constructiors describedn section 1.1.4The recombineering primergromoters,

and genomic locare listedn table S4.

1.1.3Construction of the dal-reporter system (FROS + MS2)

The dualreporter strainsvere builtby moving theMS2 reporter cassette the strains
carrying thel4(etOarray in the chromosomesing P1 transductiolasmid pJZ133 was
transformed into the duaéporter strains to express Te¥RP (used for smFISH
experiments). Plasmid pJZ152 was transformed into theserepmtter stins to
simultaneously express TetRCherry and MSGFP (used for live cell imaging). These

plasmidsare describeth section 1.1.4

1.1.4Construction of plasmids expressitigorescentljlabeled TetR and MS2

In the original configurations of both the FROS and MS2 systems, the fluorescently labeled
binding proteins are expressed from inducible promdtersding and Cox, 20Q4loshi et

al., 201). This often results in nomniform expression across cells, even under the same
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growth condiions (data not shown). To optimize the expression level and achieve
improved uniformity among cells, we placed our binding protéiretR-YFP, TetR
mCherry,andMS2-GFP) undercontrol of constitutive synthetic promoters. Specifically,
we used thg@SR67seriesof plasmids(pSR67.15), in whichthe protein of interesis
expressedrom one of five Anderson collection promoters of different stren@thsmidl

et al., 2014

To construct plasmigJZ133 we amplified thetetRyfp fragmentfrom pDM21 using
primersTetR YFP-GG-FP and TetRYFP-GG-RP. The bakbone of pSR67.1 (containing
Pi23117 BBa_J23117, 162 arbitrary Anderson promoter Jinvss amplified usingrimers
pPSR6ZGG-FP and pSR6GG-RP. The two fragmentsvere digestedusing Bsal and
ligated using Golden Gate assemfityigler et al., 2008pJZ102was constructesimilarly,
except thatetRmCherrywas amplified from pKG110 using primefetR-mCherryGG-

FP and TetRnCherryGG-RP.

To construct plasmigJZ107 we amplified thems2gfp fragmentfrom plG-K133 using
primers MS2-GFRGG-FP3 and MSZFP-GG-FP3 The backbone of pSR67.3
(containingPs23ps, BBa_J2305, 623 arbitrary Anderson promoter unjtsvas amplified
using primers pSR6#GG-FP2 and pSR6/GG-RP3. The two fragmentsvere digested

usingBsmBI and ligated using Golden Gate assembly

We next ombinedtetRmCherryandms2gfpin a single plasmidJZ152was constructed
in the following way. ThePj3105sms2gfp fragment was amplifiedrom pJZ107using

primersMS2-TetR-GG-FP2 and MSZ5FPR-GG-RP3 The backbone of pJZ102 (containing

56



Pi23117tetRmMCherry was amplified using primesSR67D-GG-FP and pSR67D-GG-

RP. The two fragmentsvere digestedusing BsmBI and ligated using Golden Gate
assembly. pJZ156as constructesimilarly, but with the two proteins placed in the reverse
order.Py23117tetRmCherrywas amplifiedrom pJZ102 using primeMS2-TetR-GG-FP2
and TetRrmCherryGG-RP2 and ligated to the backbone of pJZ107 (contaiffigios

ms2gfp).

pJZ186 was constructeth order to lower the expression level of TetfCherry.Thiswas

done by repladng the ribosomal binding sitdRBS) BBa_ 0034 (Registry of Standard
Biological Partshttp://parts.igem.org/Ribosome_Binding_Sites/Prgkac/Constitutive/
Community_Collectiopy with BBa_0031 (0.07 relative strength to BBa_0034A
fragment containingPs2z117and BBa_0031was synthesizeds a doublestranded DNA
(gblocks IDT) with flanking BsmBilcut sitesThis fragment was then digedteith BsmBI

and ligated with the backbone of pJZ156, which was amplified using primers P9 and P11

and digested with the same enzyme.

1.2 Growth media and conditions

Three different growtmediawere usedn this study:(1) LB (1 L of medium contains 10

g tryptone (BD Biosciences), 5 g yeast extract (BD sBiences), 5 g NaCl (Fisher
Scientific) and 1 pM NaOH (Fisher Scientific))2) Glucose(Minimal MOCA broth
(Teknova));(3) Glycerol Minimal M9 broth minus carbon (Teknova), supplemented with

0.4% glyceol (Fisher Scientific).
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Cultures from fresh colonies were grown overnight-{64hours) with antibiotics when
appropriate: 100 g/ml Ampicillin (Fisher Scientific), 50 pg/ml Kanamycin (Fisher
Scientific), 17 pg/ml Chloramphenicol (Fisher Scientific), pgml Gentamicin (Sigma),
100 g/ml Spectinomycin (Fisher Scientifichepending on the growth conditions of
overdaycultures, weusedtwo different overnight culture setupd$:the overdaycondition
was LB, theovernightcultureswere grownin LB as well otherwisethe overnight cultures
were grownin glucose.If the overdayconditionwas glycerol, the overnight (glucose)
culture was diluted at least 1:800he overdaycultures for eacliype ofexperimentwvere

grownas described below.

1.2.1smFISHsteag-state experimest

The overnight cultures were used to preparerdaycultures at dilutions ranging from
1:200 to 1:2000 into 30 ml medium withe appropriate supplemenasmdgrown in 250
ml baffled flasks to OBy a 0.2.Each samplevas then treatealccordingo the procedures

described irsection 1.3

1.2.2 smFISH inductioaxperiments

The overnight culturesvere diluted(1:250 to 1:100pinto 200 ml medium withthe
appropriate supplements anawn in 1006ml baffled flasks to OBd0.2.1sopr e p y | b
D-1-thiogalactopyranoside (IPTG, Sigmaas addedo a final concentration of 100 M
(glycerol)or 1000 M (glucose) at = 0. 10 ml samples were collecteat different time

pointsand treate@ccodingto the procedures describedsection 1.3
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1.2.3 smFISH rifampicin experiments

The overnight culturesvere diluted(1:250 to 1:100pinto 120 ml medium withthe

appropriate supplements and growrl000ml baffled flasks to Oy & 0.2. Rifampicin
(FisherScientiigwasadded o a f i nal ¢ onc @arsteiadtal.o28020f 500
att = 0. 10ml samples were collectet different time pointand treate@ccording to the

procedures describea section 1.3

1.2.4Live-cell snapshots
The overnight culturesere diluted1:500 to 12000) into 10 ml medium with appropriate
supplements and grown in 128 baffled flasks to Okyoa 0.2. Cellswere then prepared

for imaging according to the procedsdescribed irsection 1.4.1

1.2.5Live-cell timelapsemovies
The overnight culturevas diluted(1:500 to 12000) into 10 ml medium with appropriate
supplements and grown in 124 baffled flasks to Ok a 0.2. Cellswere therprepared

for imagingaccording to the procedures describedaantion 1.4.2

1.3 Singlemolecule fluorescencen situ hybridization (smFISH)

The smFISH protocolasdescribed in detail previous(pkinner et al., 2003 Briefly, a

set of antisense DNA oligo probewas designedagainst the gene of interest and
synthesized with 36 ami fechnogidsi Theiolg@aswareon ( L GC
pooled covalently linked to fluorescent dyes (Invitrogen) and purified through ethanol

precipitation. Probe sequences and fluorescentatgdstedn table S5 Cellswere grown
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as described isection 1.2 then harvested, fixed and permeabilized. Cells were incubated
with fluorescently labeledrobeswashed, anthen imageds described isection 1.5.2

We made thdollowing modificationsrelative to the original protocol dBSkinner et al.,
2013: (1) A final concentration of 1% formaldehydes usedor cell fixation. (2) For
steadystate experimentsye added avashing step after cell harvesting (centrifuging at
4500 g for 5 min), prior to cell fixation. The harvested pellets were resuspended in 1
ml 1¥PBS, thencentrifugedat 4500 g for 1 minThis washing stefs meantto ensure the
proper pH since YFP is pH-sensitive(Llopis et al., 1998 (3) For nonsteady state
experiments, atachtime point, the culture was taken out and directly mixed 1:1 (equal

volume) with 2% formaldehyde solution 24°BS.

1.4 Preparation of live cells for imaging

1.4.1 Snapshots

Cellswere grownas described isection 1.2.41 ml of each sampleas transferretb a
1.5 ml microcentrifugéube and centrifuged at 15,000 rpm for 30 s, and the cell pelket
resuspendenh 50 | of the same medium. CeNgere then imageds described isection

152

1.4.2Timelapse movies

Cellswere grownas desdbedin section 1.2.5Timelapse movies were carried out using
theCellASIC ONIX microfluidic systen{Millipore) in a temperatureontrolled enclosure
with a heater(okolah), followingt h e ma n u praocal. inibreef, éells and media

were first pipettedinto the appropriate wellsn the microfluidic bacteria plate. The
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microfluidic plate was then sealed to the ONIX manifold and placed under the microscope.
Cells were loaded and trapped in the imaging.d@eth temperature and flow spe®acre
maintainedfor at least 30 min t@chievestable cell growth before imaging. Medium
switching and flow rate settings were controlled using the CellASIC ONIX FG software.

Cellswere then imagedsdescribed irsection 1.5.3

1.5Microscopy

1.5.1 Optical setup

We used an inverted epifluorescence microscipse T, Nikon), equipped with
motorized stage contrglPraScan I, Prior Scientifig, universal specimen holder, a
mercury lamgIntensilight GHGFIE, Nikon), filter sets(YFP, GFP, TxRed, Cy3Nikon)
andeither arEMCCD camergCascade II: 1024hotometricsor a CMOS camer@rime
95B, Photometrics A 100% NA 1.40, oikimmersion phse contrast objectivi@®lan ApQ

Nikon) was usedas well as @.5xmagnification lengNikon) in front ofthe camera.

1.5.2 Acquisition of snapshots

Cells were prepared for imaging as describeseictions 1.3fixed cells) andL.4.1(live

cells). The sampkawere thenplacednt o t he mi croscopedwres!| i de h
visually located using the phasentrast channel. In all experiments, we used 180 m

exposure for phaseontrast images. Fdhe fluorescence channels (YFP, GFP, TxRed,

Cy5), we used exposure times between 0.2 and 1 s, with EM gain of38000(vhen

using theEMCCD camerj Fixedcell snapshota/ere takerat9 z-positions(focal planes)

with steps of 200 npor 5 zpositions with steps of 300 nmive-cell snapshotaere taken
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at 57 z-positions with steps of 300 niy.set of images with multiple-positionsis denoted
as an fionadghe image afedchzo s i t i esliced dnsagea wereacquired

at multiple slide positiongo image a total of 46@000 cells fypically 10-30 positions).

1.5.3 Acquisition of timéapse movis

Cells were prepared for imaging as describedsattion1.4.2 Time-lapse moviesvere
takenat 3 z-positions with steps of 500 nm. We usetexposurdime of 100 ms, EM gain
of 3000,and Neutral DensityND) filter 8-16 forthe GFP channeland exposure time of
100-200 ms, EM gain of 3500, ND-4 for the TxRed channel. Moviesvere acquiredt
multiple slide positions (typically starting with 5Q00 cells per position,-B0 positions).

Depending on the growth conditions, mowesre acquiredta framerate of 5or 10 min.
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2 DATA ANALYSIS

2.1 Cell recognitionand lineage tracking

We usedSchnitzcell(Young et al., 201Pto recognize cells in the phasentrast channel

of snapshots of live and fixed cells, as well as tlapse movies. In every imagack

(section 1.9, thez-slicewith thelarges variance of pixelvaluesas i dent i fi ed as
and used for cell segmentationhe segmentation resuligere visually inspectedand

poorly segmentedells wereeither discarded or manually corrected using the software GUI.

For time-lapse movies, following segmentation, we used the biiltcapability of

Schnitzcellto track cell identity and lineage over time.

2.2 Spot recognition and quantification

2.2.1Spot ecognitin

We used Spdzcel(Skinner et al., 20030 r ecogni ze and quantify f
fluorescence imaged live and fixed sample®Briefly, Spédzcell first identifies the local

maxima above a uselefined threshold, in everydice in an image stack. It then connects

the local maxima from differentglices that correspond to the same spot. For each spot,

the infocus plandas definedas the one wherthe spot has the highest intensity. In that

plane, the fluorescence intensity profile within a small region around eacis $ipied to

one or more twalimensional elliptical Gaussians, with the number of Gaussians equal to

the number of local maxima thin the region. The following properties of each spot are

obtained from the fitting procedure and used in subsequent analysis: position, area( me s
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the major and minor axis of the fitted Gausgigmeak height (amplitude of the fitted

Gaussian), spohtensity (volume underneath the fitted Gaussian).

Spézcell was originally optimizedfor smFISH images, where there is almost no
background fluorescence in the cell. In our FROS and MS2 images, where spots correspond
to bound fluorescent proteins, there was often a significant level of background
fluorescence in the cell. To improve spot recognitiothose images, we modified the first

step in Spdzcell, namely identifying local maxima at differerdlizces, as follows: For

each zslice, we performed @rouswavelet thregplane decomposition and obtained the
second wavelet plangiammar et al., 20t4livo-Marin, 2003. We then calculated the
Laplacian of the second wavelet plane and set a threshold to identify the local maxima. The
subgquent steps (connecting spots in differestiees, identifying the focal-glice for

each spot, and fitting) were unchanged. The intensity profile used for fittasgstill

obtainedfrom the original image.

2.2.2Discarding false positive spots

For smts identified in smFISH images, we followed the procedure describgkinner

et al., 201} Briefly, the distribution of spgieakheights in a given sampleas compared

to the results from a negative sample (a sample without the-éthifterest). A threshold

was chosen such that ~99% of spots from the negative sample are below (dimmer than) the
threshold. The same threshold valuas then useth the experimental samplejth only

spots brighter than the threshatdnsideredreal RNA spots and used in subsequent

analysis.
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For spots identified in FROS and MS2 images, thedmaensional scatter plot of peak
height versus spot areas comparetb the results from a negedéi sample (here, images

of cells expressing the fluorescent protein but lacking the cognate binding sites in the
chromosome)fig. S24A). Manual gating was then used to discard the spot population
present in the egative sample, and the choice of gatimgs confirmedby manual

inspection of spots in a subset of images.

2.2.3 Measuring RNA numbers

RNA quantification was performed as describedShinneret al., 201} Briefly, after
discarding fals@ositivespots gection 2.2.2, we first examined a lovexpression sample,
where individual RNAs are spatially separated. We fitted the histogram of spot ietensit

to sumof Gaussians corresponding to one, tadthree RNA molecules per spdhe

center of the first Gaussian was then used to estimate the fluorescence intensity
corresponding to a single RNA. Subsequently, for each smBf@®Hin any sample, we
converted the measured spot intensity to RNA number based on the abowdRblAgle
intensity. Likewise, total RNA copy number per cell was calculated by summing the spot

intensities of all spots within the same cell, converted to RN#ber.

2.2.4 Gene copy identification

After removing falsgositivespots §ection 2.2.2, the majority of remaining FROS spots
correspond to individual gene copi€Sepldveda et al., 2016 Accordingly, the mean
numbers of gene spots per cgdsconsistent with previously reported values and with the

theoretically expected copy number at different geicoloci and growth ratesfigs.
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S2A,B). Under most experimentabnditions, the smFISH proceduse¢tion 1.3 resulted

in only a minor loss (<10%) of FROS spdig.(SZ2B).

But while most FROS spots represent individual gene copies, we also expect to observe a
fraction of spots corresponding to replicated sister copies that are still in cohesion with
each other, and therefore optically insepargBletes and Kleckner, 2003cshi et al.,

2017). Consistent with this expectation, under some experimental conditions we were able
to observe two distinct populatis of FROS spotsyith the peak height of the brighter
population approximately twice that tfedimmer populationf(g. S24A). The fraction of
twice-asbright spots (1€20%) was consistent with the reportedation of sistercopy
cohesior(Joshi et al., 203 Nielsen et al., 20Q®Nielsen et al.2007). In time-lapse movies,

we often observed the EFS spot intensity increasimgior tothe spot splitting in twofig.

S24B), again consistent with tleeenario ofrtansient cohesion of replicated sister copies.

2.3Measuring nascent RNA and identifying active gene copias fixed cells

2.3.1Correctingfor chromatic aberration

The identification of nascent RNA relies on precisely identifying colocaligete and

RNA spots. Wehereforehad to first correct for the effect of chromatic aberration, which
creates a shift in the relative positions of images acquired in different fluorescent channels.
The correction for chromatic aberration was done as tescim(Xu et al., 201} Briefly,

we imaged fluorescentelads (TetraSpeck, Fish&cientifio using the same imaging
parameters as the sample slides. In each imaged channel, the spots (individuatdreads)

recognizedand localized using Spdzcell. The measured offset between bead centers in the
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t wo ¢ h axn y)guassvell(depcribedly a linear function of the bead position ).
Using this linear fit allowed us to correct the position of each bead. The same fit was then

used to correct the images from the experimental samples.

2.3.2ldentifying active transcription using cdocalization analysis

After correcting the chromatic aberration, we calculated the distance from the center of

each RNA spot to the center of its nearest gene locus in the same cell. Under multiple
experimental conditions, the resultihgstogram of RNAto-gene distanceHg. 1B and

fig. S revealed two distinct populations of RNA, residing, respectively, in proximity

(within 300 nm) to the gene and further away from it. This observation can be rendered

more quantitative by fitting the distance histogram to a sum of two Gaussian funfitjons (

S6A). For wild-type Rac, at mediurato-high expession levels (where the two distinct
populationswere clearly segnthe distance threshold was similar across different growth

media (LB, glucose andlycerol, fig. S3). The threshold value was also similartio

additional promotersfif. S4). Thegeneproximal RNA population disappears when the

RNA positions are numerically randomizdiy( S28. Based on these observations, we

classified each RNA spot, basedordits st ance t o the nearest gene
(< 300 nm) or fAmatureo (O vwaddsssifiew)s. fASaicmiilvaerodl
(presence of RNA spot within 300 nm) or Ain

nm).
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2.3.3 Measuring nasceRNA

For each gene spothe amount of nascent RNA waseasured by summing over the
intensities of all RNA signals within the distance threshold and converting to RNA copy
number using the singlBNA intensity §ecton 2.2.3. The resulting valués denotecas
Anascent RNAO poeeach gel,ihe amounpof nascent RNA was similarly
measured by summing over the intensities of all the nascent RNA signals in the cell and
converting to the RNA copy number. Tresulting valuas denoteh s finascent RNA

cello .

2.3.4 Estimating the effect of unseparated sister loci on nascent RNA measurement

As mentioned irsection 2.2.4a fraction of gene spotorrespondo unseparated sister

loci rather than individual gene copies. Therefore, nascent RNA measured at these loci
corresponds to the total nascent RNA at two gene copies. To assess how this population
affects the distribution of nascent RNA per gene copy, edopmed the following
calculation: We denote &a{m) the true distribution of nascent RNA meapy,and use

to denote the fraction of gene spots that are unseparated sister copies. The observed
distribution of nascent RNA per gene spagsuming indgendent transcription from the

two sister copiesjan then be written aBhasmix(Mm) = C)Rpadm)+C(Pnadm)* Prnadm)). To

evaluate the differencbetweenPna{m) and Phasmix(m), we used our experimentally
estimated kinetic parametesettion 3.5.8to calculatdothdistributions,and found them

to be statistically indistinguishable within our experimental accuracy (data not shown).
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2.3.5Correctingfor falseidentification ofnascent RNA

A fraction of the mature (cytoplasmic) RNA molecudesexpected tde falsely classified

as nascent, due to randomlylogalizing with the gene locu$.h e fAnfaaslcseent fr act i
(U is given by the probabilityof a given mature RNA spot, of falling thin the distance

threshold of a gene spathis can be estimated, from simple geometrical considerations,

to be:

2
a= —NFX’SO ' 8
ell

where Nrros is the (mean) number of gene copies per cel$ the distance threshold
(section 2.3.2, andAcen is the (mean) cell areblis found to be around 120%, depending

on the growth conditionsyhich affect both gene copy number and cell size.

To validate ourestimation offalse nascentalling, we calculated) using an alternative
approach. As describedsection 2.3.2theRNA-to-gene distance histogram can typically

be described using a sum of two Gaussian functions, corresponding respectively to gene
proximal (nascent) and gewlistal (mature) RNA. The fraction of mature RNA that will

be falsely classifieds nascent carebestimated from the area of the gelistal Gaussian

that falls left of the distance threshottlyided by the full area under that Gaussiag. (

S6A). We found that this procedure yielded estimatdstbat were clee to those obtained
using the geometrical argument abofig. (SEB). Sincethe histograrbased calculation

can onlybe appliedn samples where a tw@aussian fit is possible, we proceeded to use

the geometrical methdor all cases.
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Once we have estimatéflwe can use it to correct our measurements of nascent RNA. We
first correct themeanlevel by solving the following equation relating the actual levels of
nascent, mature and total RNA per cell (denotesta, matea, tot) and the measured levels

(n ASneasure Matneasure tOt) .

?nasneasure: naSreall € mateal
i naSeaI + na$eal = naﬁeasure +na§1easure g1 (2)

NaJeasure™ 4 tot
1-a

Y nas,, =
Correcting the distribution of nascent RNA pggEnecopy involves a more elaborate
process, demonstratedfig. S6C. We begin by considering that each ggmeximal RNA
spot has a probabilitgrea Of being a real nasot RNA. Note that this probability may
depend on the intensity of the RNA signal, as suggestétighylC. To evaluaterea, We
write down the following relation between the counts of observed and real nascent and
mature RNA signals at different intensity values:

BC(I® =1 -a)C(™) @ AC( ™ -
1) =ac(I™=) +(1 =

nas

_ C(lras)
preal(l) - C(Iobs) (4)

nas

Whered 'O and0 'O denote the counts of the corresponding speciesjdasdhe
genelocusdetection efficiency. We can write down the relationship between the observed

nascent and mature RNA signal and the real underlying nascent and mature RNA signal.

We next proceed to estimgbea(l) as follows. For a given sample, the intensity data of

measured nascent and mature RNA was binned to abt&dh ando 'O . We then
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solve for6 'O and0 O using equation (3), calculaf®ea(l) at different intensity

bins using equation (4), and fit it to a Hill function, reflagtthe observation that a stronger
geneproximal RNA signal is more likely to be a true nascent one, at least in high
expression samplefid. S6C). In practice we f ound t Ipat) (eusfigf | at o f i

its mean value) yields similar results (data not shown).

Finally, we use the calculat@ga(l) for a given sample to correct the measured distribution
of nascent RNA per gene copy. For each gene copy, we deret&by |g the intensities
of all theRNA signals within the distance threshold (typicalky 3). For each RNA signal,
we calculated the corresponding probability of beingpeg).€ pn. There are in total™2
possible combinations of real nascent RNA numbers for each gene copy. Assuathing t
the probability of being real is independdrgtween thalifferent RNA signals, we can
calculate the probability for each combination. For a given geneiamy combination
( = 1to 2), Nij denotes the corresponding total level of real nascent RNA at the gene
(converted from the intensity) alld,; is the probability of this combinatiomhecorrected
distribution of nascent RNA number per gene cBgym) then becomes:

a W,

N; j=m

P =2 ©
aw,

We find that, as required, the methods for correcting the mean and the distributions are

consistent with eacbther §ig. S6D).
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2.36 Correctingthe histogram of active copy number

When examining the correlation in activity betweealtiple copies of the gen&ig. 3),

we first gatefor cells having two copies of the gerse¢tion 2.5.3andfig. S29. We next
defined & Tiphc to denote the observed frequency (probability) of cells having 0,

1 or 2 active gene copies. To correct fos¢éahascent identificatioséction 2.3.%, wefirst

put aside cells without any RNA signal, since those would not be subject to the random
colocalization between RNA and gene spots. We dendtesasthe fraction ésuch cells

in a given sample, and & the distribution of active copies in the remaining

populationd & andd @& obey the following relation:

(=0 8 g RE"(a =0)
e 0bS —_— u_ é l:l @35 -
épanb (a=1) u_fORNA éo U R fona) Pgé) (@ 1= (6)
F@=2 e R§'a 2)
Which we rewrite as:
Ry (a=0) o PE(a 0)
€ obs u € Sobs
éau?) (@=1) p=—— ¢ Pi(a B (7)

gps(‘)lll))S(azz) H ~ TorRNA gpacl)le(a =2)

Next, we write down the following relation betwegn & and0 &, the true

distribution of active gene copies:

sub

ePor(a=0) 8 (B-a)’ 0 0 PEF'@ 9

gP;;?f(a:l) 3: 2,92(1 A 1 ao P;f,;"% 1)= (8)
g&‘;’f(a:Z)H gaz a 1 Psgf"(gl =2)

After obtaining0 @ , we incorporate back the cells without RNA and calculate

e

0 W, i.e.thecorrected Istogram

72



all

eP(a=0) @ el g R&(a =0)

e _ u_ e -
éPaueal(a =1) L‘j_fORNA éo H R fornn) Psgf' (@ 1= (9)
&Pi(a=2) Y €0 H RE'(a =2)

2.3.7 Correctingthe fraction of active gene copigsn

The fraction of active gene copiegistted inFig. 1Fandfig. S7. Correctingoon for false
nascent idntificationis similar to the procedure above for correcting the histogram of
active gene copiess¢ction 2.3.5. We denote a8 & the measured frequencies of
individual being inactive® T or active @ p before excluding cells with no RNA,
andd @ the corresponding values after excluding those cells (a frafgtiqn of the

population). These observables egkated through:

eP™(a=0) @ &l g R&%(a =0)
3 & forna 6. €L Forna ° (10)
Spe(a=1) § g Ut ) B8 )
Which we rewrite as:
P (a=0 P#(a 0)
SR (a ) g 1 a% (a 0) ORNA (11)

e obs e 0DS,
épsullj) (@a=1) g1- forua é F?a\llb(a )

0 @ describes the frequencies of gene activities after-R&tA cell exclusion. lIts

relation to the observed frequencies follows:

eRly(a=0) el a- 0 oP¥a =0) (12)
gpt(a=1) gea 1 UPEY(a =)
€' sub ue Uurfey

After calculatingd ® , we incorporate back the cells without RNA and calculate

~
5

0 W

é,Preal(a - O)

all

e real
ePi(a=1)

all

2 el o RE'(a =0) 13
f 5 €1 f
3 ORNAgj H’( ORNA) Ps'%"(a ﬂ_) ( )
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The correcteghonisequal tod & p .

2.4 ldentifying active gene copies in live cells

2.4.1 Snapshots

In live-cell experiments, the activity state of each gene vegy determineds follows.

First, cell ssgmentationgection 2.} and spot recognitiorséction 2.2 were performed as
described above, followed by correcting for chromatic aberrasiectibn 2.3.) and ce
localization analysis of the gene and RNA signaéx(ion2.3.2), as in fixed cells. After
examining the RNAo-gene distance histograms in multiple sampigs $50), a \alue of

450 nm vas chosetfor the distance threshold between nascent and mature RNA. Thus,
each gene cgpwas classifiedas active/inactive based on the presence/absence of RNA
within 450 nm of it. In aumber ofsamples, image quality was insufficient for performing
the automated analysis described above, ingttadwe identified active gene copies
manualy, by visually inspectindgor the presencef RNA signalwithin 10 pixels (~500

nm) of the genéVhen applied to the same sampi@nualand automated analysis yielded

similar estimate®f pon (data not shown)

2.4.2 Timedapse movies

The analysis of timelapse moviessicomplicatedby the need to keep track of cedind

spot identity over time. For automated analysis, cell segmentation and lineage tracking

were doneas describeth section 2.1 As partof the output ofSchnitzcell each branch of

a cel |l | i nsehmigoe) (tcraalclkesd aa cfiel I from birth to ¢

and identifying active gene copies, we first treated the-lapse frames as snapshots
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(section2.4),and then incorporated t he schpit@t trmeasur «
keep track of cells, gene copies and RNA simultaneolibky.following properties of the
updascknd® iwere used i n subseqtansity,tandacinaty y si s :
status of each gene spots in each Gélé intensity of each gene spot was used to estimate

the gene replication timeéction 2.7.3andfig. S24B). In our analysis, we only included

t hoshitzdd t hat ful fil]l t he f adslcoessfullygracked i t er i a
through its full cell cycle; and (2) the cell doubling time was withift25% of the average

doubling time of all cells in that movie. When movie quality was insuffidmmdutomated

analysis, we recordedanually the timing otell birth and divisionand of sister copy

separation, and thectivity of each gene spot

2.5 Processing of experimental data for model fitting

2.5.1 Population averaged data

For steadystate datathe total number of RNA molecules per cellas obtainedas
described irsection 2.2.3 and he nascent RNA number per gene comswbtaineds
described irsection2.3.3 The measured nascent RNA number per cali abtainedy
multiplying by the average gene copy number, measured as descrdeetiom 2.2.4The
nascent RNA number per cell was then corrected foe-fascent classification as
described irsection2.3.5 For nonsteadystate (induction) data, to convert the nascent
RNA number from pegenecopy to percell, we first divided the total RNA number per
cell by thenascent RNA number per copy (for the first 10 time points, where all RNA in

the cell i's nascent) and obtained the averag
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copy number per cell). We then multiplied the nascent per gene copy values by the scale
factor, to convert nascent RNA number from-genecopy to percell. The nascent RNA
number per cell was tharrected for fals@ascent classification as described@ation

2.3.5 The number of mature RNA peell was thercalculatedby subtracting the nascent

RNA numberfrom the total RNA number per cell.

2.5.2 Copynumber distributions

In each experiment, the distribution of the total RNA number per @dlabtainedrom
the measurement describ@edsection 2.2.3The distribution of nascent RNA number per
copy, corrected for the random colocalization of RNA with the gene locus, was obtained

as described isection 2.3.5

2.5.3 Gating cells with one or two gene copies

The data presented iFigs. 2G 3B and 3E relied on analyzing cells having a defined
number (one or two) of gene copies iflentify those cells in a given samptee gene

copy number of each cellag obtaineds described isection 2.2.4 Wethenplotted the

gene copy number of each cell versus the cell leriigthS29). In that plot the doubling

of the average gene copy number, corresponding to gene replication during the cell cycle,
can be observed. In subsequent analysis, we included only cells that fell within the two
fold range of cell length containg most cells, extended by 33% on each side. Celis w
designatedis onecopy cells by requiring that a copy number of oreswneasuredyut

also that cell length is smaller than the fpaint of the length range, to minimize the

inclusion of 2copy cels where one copy as missedSimilarly, cells vere designateds
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2-copy cells by adding the requirement that their length is larger than theainel A
similar procedure was used to gat@@d 4copy cells under fast growth conditions where

cells may ontain 2 to 4 copies of a given lodiiéeidhardt et al., 1990

2.6 Calculatingthe correlation in gene activity between twayenecopies

2.6.1 Snapshots

To correlate the activity of two sister gene copies within eachtbelldata for nascent
RNA per gene copy as obtaine@sdescribed irsection 2.3.3Cells with two gene copies
were gated as describedsiection 2.5.3The correlation in activity states of the two copies
was calculated using:
)= 0)0) (14)
Si §
where i andj represent the activity (0/1) of the two copies in the sameWellsimilarly
calculated the correlation between nascent RNA levels of two gene chigies19), as
wel | as the cor r e pusimgdthe dgfinitibre i(Elawitznes al.c noi s e

2002)(fig. S22.

2.6.2Timelapse movies

We trackedhe activity (0/1) of individual gene copies in the cell over time, as described
in section 2.4.2Thecrosscorrelationbetween the two gene copies in the same cell copies

was calculateds:
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N .

%é[i(t)ﬂ'(t ) it) 18]
C(t) = — (15

Jégs(t)-uﬂzgs\/;t%j@ O

wherei(t) andj(t) are the activities of the two gene copies in the same\talithe number
of time pointsin the time series, andis the lag time. As controls, we also calculated the
correspondingrosscorrelationfor randomly shuffled data for each gene copy (data not

shown).

2.7 Analyzing cellcycle data

2.7.1 Estimating the gene replication time ussigjercopy cohesion

Sistercopy cohesion @s discussenh section 2.2.4In smFISH experiments, plotting the
intensity of individual gene spots versus cell lendtlyg. 4AC andfig. SX5) revealed
peaks, corresponding to the eejicle phase with the highest occurrence of unseparated
sister copiesi,e. immediately following gene replicatiaidoshi et al., 2001 To estimate

the celtlength position of the replication events, we fitted the binned data to a sum of two
Gaussian functions (corresponding to replication events) a2 degreepolynomial

(capturingslower changes along the cell cycle):

yzule-vl(x )2 _H-éevz(x B? W% w X \é\ (16)
The centers of the two Gaussiamaslf) were then useds the estimatecell lengths at

which gene replication took placesAeen irfig. S25 the estimated cell lengths of gene

replication exhibited the expected dependencgemomiclocus.
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2.7.2 Describing the transcriptional resporteggene replication

Nascent RNA level per cell was plotted versus cell length, normalized to the sample mean,
and binned. In the case that promoter activitypdy follows gene dosage .(g, for
unrepresser, Fig. 4B andfig. S25, wefitted the data to the sum of two Hill functions,

corresponding to two rounds of gene replication:

1 2
y=cl + + ) (17)
1+ (E)kl 1+ (La.)kl
X X

The parametar, describes the fold change in cell length between the successive replication
events. It is expected to be close to (but not necessarily equaMi@li@en et al.2016),

and this is indeed what our analysis shofigs( S25 S269.

For datasets exhibiting a pulsatile response to the event of gene replieagid?u{, Fig.
4D andfigs. S25,526, we modified the fit by adding two Gaussians centered at the half

maximum points of the Hill functions:

yEol o ) us T yett (g
1+ (E)kl 1+ (@)kz
X X

The magnitudes of the Gaussian functiansif) were used to estimate the effect of gene

replication on transcriptio(Fig. 4G andfig. S26.

2.7 3 Estimating gene replication itime-lapse movies

Sistercopy cohesion was discussedsection 2.2.4 As part of the automated analysis of

time-lapse moviesywe measured the total intensity of gene spots in the cell over time

(section 2.4.2 . Forscheiac huhf il ling sedion24Xweithey criter
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manualy identified the time point at which that intensity approximately doublied (

S24B). This point was estimated to be the gene replication time.
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3 MODELING

3.1 ODE version

3.1.1 Model description

Our model for mRNA kineticss depictedin Fig. 2A. Following (Xu et al., 201§ the

model aims specifically to predict the fluorescent signal from StdFdrobes labeling a

region of the gene of interest. To first calculate the populav@maged mRNA signal, we

write an ODE version of the model, which includes the following features. Transcription

initiation occurs at a rate followed by transcript ehgation at speed to a final length.

(Xu et al., 201% Upon completion, nascent mRNA is released from the gene to become

mature mRNA. Both na@ent and mature mRNA can be degraded, with degradation

initiated atratedand proceeding from thev&bBenead of t h
2015. The identical speeds of transcript elongation and degradation reflect thevétyree

coupling between transcription, translation, and degradation, as discugSéckimet al.,

2015. Sections 3.3and3.4describevariations to the model assumptsoonsed above.

3.1.2 SteadystatemRNA levels

The total, nascent and mature mRNA signals corresponding to a given positiotine

geneare denotedby tot,(n), nas(n), and mak(n). Without loss of generality, we set the

observation timeo, = 0. The total mMRNA signal corresponding to positiononsists of

transcripts initiatednt he past f (withrtb = h/g, ard evhich have ndieen

degraded Tr anscri pti on e tlaveind  redcted positiorget The at ed af

probabilt y of no degr adat i ontfarthe ttanseript that mtiakedd e nt s u
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at timeUis Q . I'f transcript tgmogtiormaeuld hobhe st art s

degraded yetSimilarly, the nascent mRNA signal corresponding to positioonsists of

transcripts t hla( = Limpi ttigaahdetde mlature mRNA signal
corresponding to positonc onsi st s of transcri pWsthushat

write:

tot, (n) = " ke © 9 a %
nag ()= ke g o &) (19
mal;)( I"I) = ﬁz kel © o) ¢ ___g( gt -n)/v)

In our experiments, mMRNA is labeled using smFISH probes covering a region of the
transcript (Skinner et al., 2003 The total, nascent and mature mRNA signals
corresponding to a given range framto n2 onthe gene (normalized by the length of the
whole genel.) are denotetdy totp(n1, ), Nnas(n, ne), andmat(nz, re). The MRNA signal

of the labeled region ishtained byintegrating over all positions within that region:

o1, (n,n) = " toh () an 2H21)

a _d(L-Lny) d(L-Ln) |
kv§ v o -e Vv |
ol k(Ln,- Ln ‘
nas (. n)=f), nas(  dn ( . ) & e
§ .d(L-Ln) diL-tn) §

kv§ v o-e Vv 8
mat (1, n) =, mag( ) dr——;
(20)
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From the equati ons a lmaxenétg-totavratiavg.a,fractomdf c ul at e

MRNA in the cell that is nascent, as follows:

é _d(L-Ln,) d(L -Ln)
\V; \; - e \;
nas(n. n)_,. éﬁ
tot, (n, n,) Ld(n- n)

Specifically, equation (21) can be used to estimate the transcript elongation speed from the

(21)

measured nascetd-total ratio. h fig. S1Q this was done for differentid expression

levels.

3.1.3 mRNA levels during induction

The total, nascent and mature mRNA signals corresponding to a given postiotine

gene, attime¢(tO0) after Aturning ono (i bydot(ot),ng) t

nas(n, t), andmag(n, t). The observation time issthoted by, andthe promoter is turned

on at timetop T t. Without loss of generality, we sigt = 0. The total mMRNA signal is zero

whent < to (to = n/v). Whent Oto, the total mRNAsignal consists of transcripts that initiated

i n the pgiasté Thé mabure mRNA signal stays at zero whenT (T = L/v).
WhentOT, t he mature mRNA signal consticltis of
All mRNAs are nascent before thpparance of first mature mRNAY T). Whent OT,

the nascent mMRNA signal reaches stesidye, consisting of transcripts that initiated from

1Tt oto. We thus write:
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8
tot (n, t){ k%'d(tV)- 1 8
Ani"ok d(tor)d__ SE - t
in " (t 1)
¢ (t<t,)
i o) L0
P -
nas (n)=1f ke'*" d :—Ed—'(ot ¢ (22)
} Ld dn
T~‘0 d( 4 #) _k ke v e’
ARk o =— - t T
i d d (%)
80 (t<T)
HO -|_7d ~
matp(nt) :{ ke"?g vo_ e—dt 8
I T a( 4y 8) _ Q -
R k o = t2T
i1 ke y (tz7)

The total, nascent and mature mRNA sigicakresponuhg to a given ranga; to n2 on the
gene, at timé after turning on the promoter, are denoteddiyn;, nz, t), nas(ns, ny, t),
andmat(nz, N2, t). Similarly to the steadsgtate case, these signals are the integratg,(,

t), nas(n, t), andmat(n, t) over the labeled region, i.e.
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tot,(n,n,,§) = /. tof(n 9 dn
A ol
quLOdn:o (t 4L/ V)
: & alngo
2 2 & on x & ve ¢ V0
| &.d4"8 B . 0
i et iy fmlTa o
_I nZL(xI +Vt~ G d — éa kgl‘nl- t ) L/ ¥,
_,:\m : nan d n d d (q vt @ ‘?
1 a -di&ﬂg 0 2 Ldn Ldn, &
Dok frilg ketast - e 8k(Ln_t Ln,)
mL = = -
%QL' & . dn = ¢ 7 : . (t 2n,L/V)
i
L
nas(n, n I):rrlL nas( n) dn
B =
; 0dn=0 (t <L/
% a .d%ﬂg 0
2 2 & on x & ve ¢ V0
I a-dxg- 3 (o] v
i kgg ' -19 ke d 0
Toptog, M © E & KfLn - tv) Y U
%m n+ i 5 n . . (nUv t @L<y
=1 a-ds"? 6 S Ldy  Ldn &
% kg“"-lg kve““gggv -ev 8k(L Ln)
~ kb [ T C n.l._ nZ
| - dn= L/'v ¢ T
ath d q2 d (n ¥
T Ldg Ldn Ldn g
Lok kever OTETCT 00 L)
Lt k ke v eY _ c + n-Ln
nL
mat (1,0, =7 mag( n} dn
A ol
Th, 0dn=0 (t<T)
_I dng Ld & S Ldn Ldn, & JLd o igin Ldp =~
_} kevg@v—e‘“ 8 kve"“gee" -ev gkveV esr -ev 8
A Al Q = Q - Q -
| =
I'r,llL d dn d2 d2 (t T)
3.1.4 mRNA levels following the inhibition of transcription initiation

We again denotéhe total, nascent and mature mRNA signals corresponding to a given
positionn on the gee, at timet, by toty(n, 1), nas(n, 1), andmag(n, 1), respectivelyThe
observation time isehoted bytop,andt he pr omot er | Stepift.tWithomted of f O

loss of generality, we seh = 0,andthe promoteristurned f f a t Thé totah@RNA
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signal remains at the steastate level fot < to. Whent Oto, the total MRNA signal consists

of transcri pt s ttothThée mature mRNAasignaldeméins atnhe feady
state level fot < T (T = L/v). Whent OT, the mature mRNA signal consists of transcripts

t hat 1 ni ti attTeedastentmmRNAIsifnal remains at the stesale level for

t < to (to = n/v). Whent Oto, the nascent mRNA signal consists of transcripts that initiated
f r o ot. Whent OT, all nascent mRNAs have been completed and released from the

gene, thus the nascent mRNA signal will be equal to 0. We thus write:

fﬁtked(“)d— (t <)

|
tOtp(n’t):} " —d‘%gg

?ﬁtnked“of-)ow ed (t2t)

?‘ é_d(L—n) o)

%”'t"ked(*"’)d‘——g—k@ 8 (t %)

i : g

1 é_dLn) d%-\?ga

i
nasb(nt):jﬁTked(“’")d =& 5 (¢ €7

i

%o (t2T)

[

|

i

1

|

? _d(L-n)

ke =2 (1) @9
ma%(nt):l a n

I t ke-d%Iévg

TR ke * O = (t=27)
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The total, nascent and mature mRNA signals correspgnal a given rangérom nyto n,

on the gene, at timeafter turning off the promoter, are denotedtbityni, nz, t), nas(ny,

ny, t), andmat(ny, N2, t). These signals are the integralgatf(n, t), nas(n, t), andmat(n,

t) over the labeled regiong.

el

tot, (n, n,t)= o} tot,(n 9 dn

&
Tank _ Lk(n-n)
0 ddn— ;. (t qgL/v)
ok yo bl K(Ln- tv) K F 1
ot wke ¢V v - w &
=10 Edn +than” r S 7 (nvv t gL<y
i
I 5 ~utéﬂ L 0
] .n%fg kve ' o2 e’ 4
Tk : :
1 ed dn= € ' (t L)
L
nas(n, n, §=f) nas( nk dn
& é.d(Lrn) 6 gLqu) d L tn) 6
h kzg ¥ -1 kveg -e v Lg(nl nz)
T ¢ dn =€ - t /v
10 3 pe g (t m/y)
% ERRICD) 5 8 .alun) 'dé‘esﬁﬁ § dim)  dim) s
f. € 1o ks T eTTO k(Ln, - tv) e e O et
N = vy c +Kkv Ln -ty C +kve ¢ 7
=1 dn dn"—= + + - L/v ¢t L/v
) 5 M1 . g . pr (0 gL/
1 Y d(Ln) Vdég 6 a Cd(L-Ln) d(L L) 5 & Ldy 8
i kae ¥ -e%'"9 kvgg v -e v Gkve" ekp -e' 4
[P + + +
if & i dn =—F% 7 7 & (nL/v te Tk
|
10 (t27)
L
mat (n, n t):qzL nat (n,t) dn
& é d(L-Ln) d(L-Lny) 6
7 . d(n) kV@ v e v 6
T aetke Y _ +
%QL J dn= —& e (t ¥
=i
7 o Umog
% ‘ .1%28 kve * o2 e’ 4
~ ke €V 7 =
Ip, —g o= ¢ = (t 7)
(29

The steadystate and nosteadystate cases are related by the following simple equations

tot‘t)urn—on (n, t) + totgurn—off( n t) :toﬁteady—statf r)
na urn—on( n D + naéum—off( n ): — nap%eady—staf )r
ma urn—on( n t)+ ma;urn—off( n ) — megfeady—statc h
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tot:um-on(nl’ nz, t)+ tOfum_Oﬁ( q, r}’ D tofteady-statt ril, Q)
na#urn-on( @, q’ D+ nagm-off( p E] )t — nigady-statt 1n ZD] (27)
maf"™"(n, n, 9+ mat™"(n p ¥ = ma* v p

3.1.5 Fitting procedure

Figs. 2BC depict he results of fitting the model above to experiments where the
populationaveraged levels of nascent and total mRM#ye measuredt different times

after inducing (using IPTG)&. The fitting involves4 unknown parameters;, d, k, and

dl. The latter represents the small unknown time delay between adding the inducer/inhibitor
and their taking effect, as well as the possible delay involved in chemically fixing the cells
(section 1.3. Weuset td denote the time between adding the inducer/inhibitor and taking
out the samples. The equations for the tohependent signals thus become:

gtot (n,n,ti=0) (t wdI)

L = (- d) (¢ o)

_gnas(n n,1=0) (trd
tnas(n, n, t- d) (ted
_gmat(n, n,1=0) (t &d
~ tmat (

mat (n. . ) tmat(n, n,i- d) (t #d

nas(n, n, 1) (28)

)
)
)
)

To perform the fitting, we scanned the unknown parameters over the following vange:
from 20to 70 nt/s, with a linear interval of 1 nt/s; 16 from 100 to 300 s, with a linear
interval of 10 sk/d (number of mMRNA at the steady state) from 5 to 25 , with a linear
interval of 0.5dl from 0 to 60 s, with a linear interval of 108olving the model equations
for each parameter combination resultedlibrary of possible solutiong:or eactof those

we calculated the Rquared value between model prediction andhteasured total and

88



nascentnRNA percell at all time pointsThe best parameter comhtion was defined as

the one with the best-Bquard value

3.2 Modeling mature mRNA retention

As discussed in the main text, the model described above is unable to reproduce the
measured kinetics of total and nascent mRNA followiggiiduction in glycerol Fig. 2C

andfig. S12. To explain the experimental data, we hypothesized (in a variatifrars

et al., 201)) that a fraction of mature mRNA remains at the gene for itéifietiime rather
thanbeing immediately releasagon completion. In the revised modpl,denote the
fraction ofmaturemRNA moleculeghatare retainedtthe gene. For steadyate we use

n a.§dnz) to denote the measured resident (germximal) MRNA signal for the range

Ny to n2 on the gene. Bte that this signal, previously interpreted as nascent mRNA, now
consistof the true nascent MRNA plus those mature mRNAS retained at themger@0

nz2) now denotes the cytoplasmic population, corresponding only to those mature mRNAs

thatwerereleasedrom the gene. The two mRNA species obey:

nag(n, n)=nag p g +pma np

29
maii(n, n)=@ -p) mat( n 5 29

We can similarly obtain the kinetics of resident anaplgsmic mRNA during promoter

induction from the values calculated in the original mosetijon 3.1.3.

nas(n, n, 4= nag p n)t+ pmg ,n,n)

30
mati(n, n, = -p)mat{ n n X 0
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When examining mRNA kinetics following inhibition of transcription initiation in glycerol
(fig. S13E), we observed that the level oftoglasmic mMRNA transiently increases after
the addition of rifampicin. This intriguing feature can be explained by positing that newly
complete mature mRNAs are not retained anymore. This leads to the following mRNA

kinetics (again in terms of the calcddtkinetics in the original modedection 3.1.%

nag(n 0, 4= nasg( p n)t+ p€ mat .n,n)

dt 3D
mati(n, n, §=@ -pe*)ma( p p)t

which show good agreement with the experimedsh {ig. S13B).

3.3 A model without cetranscriptional degradation

Our original modehbove gection 3.} assumeshat both nasnt and mature mRNA is
subject to degradian (Chen et al.2015. We also tested the performance of an alternative
model, where mRNA can onbe degradedfter the completion of elongatioire. nascent
MRNA is protectedrom degradation. This modification affects not only the calculation of
nascent mMRNA levelput also of the mature species: Recall that the observed mature
MRNA signal consists of t Mamlswkiah hapendicen h a t

degradedat the observation time point. Now, howevaitiation events happening at t
(6, Tit)andTi(] T)ineed to be treated differentip, thatthe later part is not

affected by degradatiofor the steadgtate values, we thus write:
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tot, ()= f "ke®* FUd + T“’@_ kd ¢

oIx
<¥x

-t k(L-
na%(rj:ﬁTt kd =¥ (32
maib(n) :ﬁz{"kéd(”’b’d +:ﬁ(1 kdz‘% h\/ﬂ

Using the same reasoning aséttion 3.1we can derive the kinetics of the total, nascent
and mature mRNA signals corresponding to positiam the gene, at timefollowing

promoter induction:

e
fo (t<to)
1
~ A, N o
totp(n,t):int ket —%t . 8 (5 teg<T)
1 Ld dn at
T4 d(+ T t) to, k k keve'e
n, ke dtf F o g+ _Tnjkdtﬂ¥4d—(t52'|)+
e
10 (t<ty)
f st 5 0
nas, (n, t)::n: kat :l%t 3 ;8(5 te )< (33
i~to _k(L- n)
R, ke === (t 2T)
¢
|
iOT . (t<T)
I~ —,a [o]
mat, (n t)_l%n[ kit =kad g (T ¢ <)
1 W dn
T 2T, s Kk kn keveve™ e"e
il ke 40 F O g + .Tdetd g (t §27) +

And finally, for the labeled regiom{, n2) of the gene, we find:
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Fig. S11compareshe relative success of the two model variants, namely with and without
co-transcriptional degradation, in predicting mRNA kinetics following gene induction;
specifically, the difference between mRNA signals at two regions of the same gene. It is
seen thathe model lacking ctranscriptional degradation does a poor job of fitting the

experimental data.
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3.4 A model with infinite -speed mMRNA degradation

Another variation we have tested for the maafedection 3.1is onewhere, upon initiation

of MRNA degradation, the transcript is degraded instantaneously, rather than gradually

with speedv (Skinner et al., 2016 At steady state, the total mMRNA signal consists of
transcripts t hatto, whch Haveaot beah ddgradeddimilary, the o 1
nascent mRNA signal consi s {Ts otgwhicithavanots cr i pt s
beendegraded and the mature mRNA signal consists

t oT, whichhave nobeen degradedVe thus write:

tot, () = " ke ¢ ==
)
Kk v -1
na%(r):ﬁ':’ k& d :% (35)
_d(L-n)
mat, ( n) =ﬁT ké' d %

Using the same reasoning aséction 3.1 we can derive the kinetics of the total, nascent
and mature mRNA signals corresponding to positian the gene, at timefollowing

promoter induction:
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And finally, for the labeled regiom{, n2) of the gene, we find:

94



tot (n,n,t) = ﬁLL tot (n 1) dn

Ieﬁ;LOdn=0 (t <nL/v)

I o L ~

T é'ﬂ - dt 6 arm : 0

f kg8 ' - € o k'“‘(L t) kvge e’ 9
T " C = ke n- tv c -
=i 0dn + & dn = L/v t¢nK
Tn LI q e (n nKy
’I‘ 2 dn 6 o ﬂ Ldn, 6

T kg’ -6€" g kvgs ' -e o .

Tar € d+n= ¢ :ke (Lnl-an) tznlL/v

TmL d dz d ( 2 )
nas(n,n, )= nas( n} dn

Téfi;LOdnzo (t <qL/v)

1 é'ﬂ dt 6 é-m 5 6

! kg " -e" o kvgg -e* §

lmLOdn+ wﬁg d;n :ke (Lni- tv) ¢ (EL/ v ¢ nd \)
! e d d d’

A E'-¢" § 5

(- z + ke*(Ln-L

Tfj & dn= & - -, ke(tn- Ln) (nL/v et %)
o d d d

$ ka E ﬂ 6 k é.qu Ldn, 6 y

&' -e' g kvgg e 6 —

(S = ke ' (Ln- Ln)

N - dn = - t P

i d " d’ d (tm
mat (n, n, 1) = ﬁt mat( n) dn 37
TeﬁL 0dn=0 (t <)
1oar s 3 B

; kg@v-e ) k(Ln -Lq)ggv-e R

~ At = -

1 dn= t2 T

i) y y (t27)

Fig. S11compareghe relative success of the two model variants, namely with finite and
infinite degradation speeds, in predicting mMRNA kinetics following gene induction;
specifically, the difference between mRNA signals at two regions of the same gene. It is
seen that themodel with infinite degradation speed does a poor job of fitting the

experimental data.
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3.5 Stochastic version

3.5.1 Description of the motle

To describe our singleell data(Figs. 2KG), we formulate a stochastic version of the

model for mRNA kinetics. In addition to the features describexkation 3.1above the
stochastic model i ncludes promoter switchin
probalilistic rateskon andkosr. Stochastic twestate kinetics has been successfully used to

describe mRNA kinetics and copyimber statistics in numerous stud{&snchez and

Golding, 2013 and is also cosistentw t h t he exponenti al di stri bt
AOFFO peri ods-lagse maviesKigh 2Eandfig. $14). imdormulating and

solving the model, we follow the approach(iu et al., 201k

3.5.2 Total mMRNA

3.5.2.1 The ontribution function Because of the finite speeds of mMRNA elongation and

degradation, mRNA leve are described in the model as continuous, rather than discrete.
Following (Xu et al., 201} we definethe contribution functiong(t) as the sigal from a
singlemRNA thatinitiated at timet (t < 0) and has not yet begun to be degrad®d set
the observation timiy = 0. If we are using SmFISH probes to labedfull gene, andull -

lengthnascent mRNA gives a signal Bftheng(t) is given by

-t
t)=— 38
9(t) =~ (39
If we are using smFISH probes to label only part of the full gene, we asdts (2, t3 >

0) to denotehe time it takes to transcribe the region of the gene after and before the labeled

region, respectivelyin that caseg(t) is given by
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€l -T ¢ ¢ ¢, -
1
0= — o5 L) <y (39
|
to “t, ¢ ¢0

3.5.2.2 The kemical master equatiors. First we need to wri the Chemical Master

Equations (CME) that describe the time evolution of the probgalBilit of the promoter
being in state (1 = off, 2 = on)and the number of mMRNAeingm. This CME takes the

form:

de .
dli = kOn Fim }t)ff F%:m

dP : “
dzt]m = kOnle _koﬁ PZ,m Iﬁni B,m B,m a(H ét ﬁ 'E,,m— of ot ) tléké g

The first two terms of both equations represeset tifansition between promoter states
without any change in mRNA number. The third term in the second equation corresponds
to the initiation events, as followshe firstterm inside the bracketepresents théecrease

of Pomatt = 0, due o transcription initiation events happening at staterj2at timet (t <

0), i.e., the jump from (2n) to (2,m171 g(t)). The second and third terms represent the
increase ofPom att = 0 caused by transcription initiation events happening at a state
different from (2m), i.e., jumps from (2ni g(t) + g(tT U) to (2,m). Specifcally, the non
integration term represents mRNAs that have not begun degradation at the observation
time, whereas the integration term represents mRNAs that have started degtzefare

the observation time.

We next ewritethe CMEabove in matrix form
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gamis the discretization ah, with gmL 1, an d tisghe time stepNhent >  t3]

(44)
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3.5.2.3 Solving the chemicalmaster equationlfo solve the infinite set of equations {41

43), we use the method Bfnite State Projection (F$PMunsky and Khammash, 2008

Neuert et al., 200)3This involves truncatinthe transition matrixQ into a finite matrixQo

(section 3.5.%. For thesteady stateolution,we uséonto denote the observation tirpeint,

andassume thahe promoter was turned ontaheto, T B. Without loss of generalitywe

set the observation tintg, = 0. To calculate the distribution #te observation time, we

propagate fromP( ) (or a | arge enough Tinikito €(0), i n pr e
using the transition matri® 6thus:

PO)=( €' th..( Q+ t}DQ" +} (D) (49)

a (or a large number)

with | beingthe unit matrixandagi the time stepThe initial statas given by:

22&?
éékon+koﬁ H
ePO(_ g géé kon g
P9 £ 0 Hg&n’fkoﬁ ¥ (46)
A Ne 2
€ g) u
e .
e

In the nonsteady statease of promoteinduction we useto, to denote the observation
time point,andassume thahe promoter was taed on atimeto, T t (t > 0). Without loss
of generality we set the observation tinte, = 0. To calculate the distribution dhe
observation time, we propagate frétt f) to P(0) using the transition matriQ éwith the

same initial state as above:
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PO)=( Q th.( Q+ tXDQ" # () (47)

t/Dt

Once we calculatB(0), it is straightforward to calculate the distribution of mMRNA number

P(m) using equatio42).

3.5.3Nascent mRNA

The chemical master equations are the same as above (equation (41)). The calculation in
this section followgXu et al., 216). As inthe ODE model, wbeginby noting that nascent
MRNA molecules at any given observation titge come from initiation eventshat
happened in the time windots T T to top (T is the time to transcribe the full ggn&Vith

no loss of generality, we sib = 0.

At steady state?(0) is obtained by tim@ r o p a g a t TtoQ In fhe noreteady state
case of promoter induction, we set the observation tintg,to 0 and assume that the
promoter was nfett@r n € §t<o Ty bascant mMRNA already reached
steady stattevel atton= 0 .T Olt,finastent mMRNA has not reached steady stage=at
0. In that case, we timgropagate fronPP( 1) to P(0) to calculate the nascent mRNA

distribution.

3.5.4MaturemRNA

The chemical master equatiorseemeas above (equation (41)). As in the ODE model, we
begin by notinghat mature mRNA moleculed any given observation tinig come from
initiation events that happened in the time windo®toton T T (T is the time to transcribe

the full gene). With no loss of generality, we set 0.
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At steady stateR( T) is obtained bytimg r opagating from 1T 8. (or a |
In the nonsteady state case of promoter induction, we set the observation tishe @

and assume that the prombxtx e®)twalgivediineur ned on
propagate fronP( 1) to P( T) to calculate thenaturemRNA di st r T® gflli on . | f

MRNASs are nascent, hence the mature mRNA distribution is in the faeuation (8).

3.5.5 A evised model witmature mRNA retention

To form a stochastic version of the mRNA retentioodel Eection 3.2, we assumehat

eachmRNA moleculeundergoes onetime decision upon its compien, whether tostay

at the gengwith probability pr) or leave it Adding this feature doemot affect the

calculation for the distribution of totahRNA, Piwi(m). As for the resident mMRNAs (true

nascent plus retained mature mRNAs)s ibbtainedas follows: (1) We first calculate the

contribution from the retained mature mMRNAs by ime opagat i nglTusimgmom 1 Db t
the CME. We need to reset tkig to prkini because only a fraction of the initiated mMRNAs

will be retained. (2)fo add the contrilition from true nascent mRNA,arthencontinue

propagang the resulting distribution of (1) fromT to Owith the originalkin.

3.5.6 Fitting procedure

To estimateahe parametesicorresponding to themeasuredlistributions ofhascent and total
MRNA, wefirst construcgda library of predicted mRNA distributigrunder a broad range
of possible parameterskd, korr, kini} . Specifically, we scannekdn andkoss from 103to 10

2 min’t, with alog-interval of 18-2°min’t, and scannekli from Oto 120min!, with alinear

interval of 5 mint (Adomas et al., 200%anchez and Golding, 2013kinner et al., 20106
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The values of other parameters in the model, nathelylongation speed,, the rate of
degradationks, and the time delagl, were imposed from the ODE fittingprocedure
(section 3.). Fitting the glycerol data required an additional parameter, the retention

probability, pr, whichwas scannetletween 0 an@.6 with aninterval of 0.1.

For each pameter combination, we used the FSP me{hadsky and Khammash, 2008
Neuert et al., 20030 calculate both the steadtate distributions and the tirtkependent
ones following promoter induction. As paftthe FSP procedure, all of the corresponding
matrices (equation (41)) needlie truncatedThe truncation size was determined based
on the measured mMRNA values under conditions of full induction. Specifically, for glucose
datawe truncated the total mRN@stribution atm = 100 and th@ascenmRNA atm =

70. For glycerol data, we truncated both total and nascent mRNw at30 Figs. 2EG

andfigs. S15S179.

The theoretical distributions calculated from our model correspond to the mRNA levels at
a single gene copy. Thus, the experimental data to which we compare the data should also
represensinglegenelevel. In the case of glycerdd@C, doublingtime & 150 min) celk

cycle parameters were such it was feasible to include only sijeglecopy cells in the

analysig(section 2.5.3andfigs. S16 S29.

In the case of glucose (37UC, doubling ti me
a single copy of the gene of interest. Therefore, instead of gating for cells of a given gene

copy number, we followed the approach (lBepldveda et al., 200)6and fitted the
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experimental total mMRNA distribution (from all cells in th®5 percentile of cell length)

to a model for a mixed copyumber population:

Potm (M =@ -0)Ry(m 4 R B( M (48)

where Piot(m) is the singlecopy prediction, and is fraction of two-copy cells in the
population (used as a fitting parameter). Note that this expression is valid only if individual

gene copies are uncorrelated, an assumption supported by our glataose Fig. 3B).

Anothe feature, added to improve the fitting of the experimental data, is the presence of a

small fraction of gene copieh, whi ch are al ways inactive. Thi
observed previously in singleell MRNA measurement&Chong et al., 2004 In our

glucose data, the fraction of inactive gene copiesevast i mat ed FRigo2Féné & 20 %
fig. S15. In our glycerol data, this feature is less obvious, with a value of less than 10%

(Fig. 2G andfig. S16.

Finally, to compare our calculated cepymber distributions to experimental data and
obtain the besfit parameter valuesye usel maximum likelihood estimatiofAdomas et
al., 2008 Neuert et al., 201 Beplveda et al., 20L6kinner et al., 20%6Xu et al., 201k
Briefly, for a given parameter sét & {kon, Koff, kini, fo, pr} for glycerol, K = {kon, Koff, Kini,

fo, b} for glucose),we can writethe probability of observing nascent mRNAs per gene
copy, Pnadn|K), and similarly the probability of observingn total mRNAs per cell
Pwt(m|K). The likelihood ofK for a set of observatioms= {n1, n2, &}, m={my, my, e

mw} is then defineds:
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N
L(K)=Qﬂas(ﬂ IK)Fa(mK) (49)

In the case of timélependentiata, a singlset ofparametesis usedto describe the total
and nascentopy-numberdistributiors at all time points Maximizing the loglikelihood

yields the bestit parameter set:

K best = argKmaX(- K( )) (50)

To estimate the error in the estimapedtameters, we calculated the lower and upper bound

of the set of parameters that gave the 0.2% highest likelihood.
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Figure S1. Cell segmentation, spot recognition and the identification of active transcription

Representative images of cells in three growth conditions. Cell segmentation (yellow outline) was performed

on the phase contrast images as describeddtion 2.1 Recognition of foci in the fluorescence channels

(gene locus, cyan; mRNA, redyas performedas described irsection 2.2 Identification of active

transcriptionwasdoneas described isection 2.3 Applying a distance threshold (here, 300 nm, the radius

of cyan circles) allows classifying mMRNA signals into nascent (white circles witloutdine) and mature
(solid red circles). Likewise, gene copiage classifiednto active (white circles with cyan outline) and

inactive 6olid cyan circley
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Figure S2. Characterizing the performance of the FROS system

(A) (Left) Fixed cell imagsof the FROS system labeling different genomic laci: (strain JZ564))ac

(strain MW821) ter (strain JZ534). Cellsvere growmat 3 0AC in LB. (Right) Newborn
blue, length percentile 5 to 20) contain about half the numHac ebpies compared to cells about to divide
(filong cellso, yell ow, Il engt h pfalows thenekpiedted treBdowitt o 95 )
the distance from the replication origin. Copy number values are mean + SD febrsathples. (B) A

comparson between the theoretically predictadlocus copy humber (Bremer and Churchward, 1977, Park

et al., 1987) and the measured values in live and fixed cells, at three growth condBiarsd(glycerol:

strain MW821; glucose: strain MW838; meaBD from 2-13 samples (C) A Comparison of the growth

rate between strains with (LB and glycerol: strain MW821; glucose: strain MW838) and without FROS (LB

and glycerol: strain MG1655; glucose: strain TK310), at three growth conditions @&anfrom two

sample). (D) A comparison of the totécZ mMRNA number per cell between the strain with (glycerol: strain

MW821; glucose: strain MW838) and without FROS (glycerol: strain MG1655; glucose: strain TK310), at
different growth conditions (meatiSEM, glucose: 8363896 cells per sample; glycerol: 1582878 cells

per samplg
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Figure S3. Identifying active transcription from Piac

(A) The distributionof lacZ mRNA-to-gene distance for wiltipe Rac (N = 8141131 cells per sample
Cells (strain MW821) were grown at 30T in LBith varying concentrations of IPT@) Same as in panel
A, except that cells (strain MW838)ere grownat 37 in glucose withl mM cAMP and varying
concentrations of IPTG (N = 1378145 cells per sample(C) Same as in panel A, except that cells (strain

MW821) were grownin at 30€ glycerol, with varying concentrations of IPTG (N = 162227 cells per

sample).
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Figure S4. Identifying active transcription from Pjae and Pr

(A) The distributionof MRNA-to-gene distance for wiltlype Rac (N = 857 cell}. Cells (strain MW821)
were grownat 30€ in LB. (B) The distributionof RNA-to-gene distance fdPr-24MS2bs(N = 1387 cellk.

Cells (strain JZ634yere growrat 30€C in LB. (C) The intensity ofacl mMRNA signal intensity as a function

of the distance from thkac locus. Raw data (grey dots) were binned (black markers) and fitted to a Hill
function (black line).Same datasets in panel A(D) The intensity of R-24MS2bs transcript signal as a

function of the distance from thac locus.Same datasets in panel B.
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Figure S5. Identifying active transcription in live cells

(A) The gene locuss detectedhrough TetRmCherry binding to the nearkligtO array. The endogenous
gene sequence downstream of the prometexr replacethy an array of MS2 binding sites (MS2bs), dinel
transcribed RNA was detected by M&GFP binding (B) The probability of gene copies being actiyen)
decreases significantly at #ASEN, Nm756and885tcaellgpersamplea mpi ci n t
Cells (strain JZ162)ere growrat 37€ in LB. Rifampicinwas addedo 500 pg/ml. (C) The distribution of
RNA-to-gene distance ford24MS2bs (sogen: strain JF08;nonlysogen: strain J¥62) and Rc-48MS2bs
(LB: strain JZ349Glucose: JZ356 Data from N = 7111478 cells per sample. A distinct population of gene
proximal RNA exists in the higkxpression samples {Pnonlysogen Pac: LB with 1 mM IPTG glucose
with 1 mM IPTG and 10 mM cAMR but not in the lowexpression ones gPlysogen; B¢ LB withoutIPTG,
glucose with 1 mM IPTG without cAMP(D) pon for Pr in live cells(meantSEM, N = 711and857 cells
per sample Cells (lysogenstrain JZ108; nofysogen: strain JZ162yere grownat 30€C in LB. (E) pon for
Piac in live cells(meant SEM, N = 96-212 cells per sampjeCells (strain JZ355)ere grownat 37€C in

glucose withl mM IPTG and varying concentrations of CAMP.
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Figure S6. Falsenascent correction

(A) Fitting the distribution of MRNAo-gene distance to a sum of two Gaussi@hs.fit was used to estimate
thefalsen as c e nt fie. the ftactionrof n{ature MRNA falsely classified as nascent mRNA, using
the ratio of the pink shaded area to the whole area under the magenta curvesti@ellM{V821) were
grown at 30AC in glycerol (B)Acbmpdrigod of saddiflerBnt vgays(oN =
estimating the falseascent fraction: fitting mRNAo-gene distance histogram, versus using the geometry
of the cell. Sesection 2.3.5or details. Data is from cells grown in various conditions (LB at 3@fbcose

at 37C, glycerol at 3€). Only data with fitting R-square value > 0.9are included(C) Estimating the
probability of being a true nascemRNA (method #2 irsection 2.3.%. The method consists of plotting the
distribution of observedascent and mature mRNA signal intensities (left), then solving for the distribution
of true nascent mRNA signal (middle), and obtaining the relationship between the probability of being true
nascent ffrea) and the mMRNA spot intensity (rightda increases with the spot intensity. Cells (strain
MWwW838) were grownat 37C in glucose withl mM IPTG and1l mM cAMP (N = 1284 cells)(D) A
comparison of two different ways of estimating the true level of nascent mMRNA. Method #1: correcting the
mean; method #Z:orrecting the distribution of mMRNA numbers. Seetion 2.3.5or details. The corrected
nascentacZ mRNA numbers per cell, using the two different methods, are plotted against each other. Data

is from cells grownin various conditions (LB at 30T, glucose at 37€C, glycerol at 30T).
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Figure S7. Additional measurements of nascent RNA angbn

(A) ponand nascentacZ mRNA number per cell for wildype Rac (meantSEM, N = 12354362 cells per
sampl@. Cells (strain DB1738) were grown at 30€ in glycerol, with varying concentrations of IRB)G.
Same as in panel fneantSEM, N = 8141131 cells per sampleexcept that cells (strain MW82here
grown at30€ in LB. (C) ponfor Paa (strainMW821) ard Pk in the presence (lysogen, strain JZ620) or
absence (noh y sogen, str ai (meahtBEBEM M ¥ 9281362 pellsapgresampleCells were

grown at 30C in LB (with1l mM IPTG for Rac).
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Figure S8.Comparison of different estimates for RNAelongation speed
(A) The kineticof totallacZmRNA per cell (56 and 386 regions) during

MWwW838) were grown at 37€ in glucose withmM cAMP, and IPTG was added to a final concentration of
ImMatt=0s. Thetimeel ay bet ween the appearance of the 56 and
MRNA elongation speedid). (B) Same as panel A, except that cells (strain MW&2&&re growrat 30€ in

glycerol,and IPTGvasadded o a f i nal ¢ on ce®s.(CpAtconparison d¢f thelr@pbrted M a t

RNA elongation speeds from the literature and the values measured in thisvstady ED for Chen et al.,

2015;meantSEM for Proshkin et al., 2010neantSD from two experiments for this stujly
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Figure S9.Comparison of different estimates for RNA degradation rate

(A) The kinetics of totalacZ mRNA per cell (normalized to the first time point) following rifampicin
treatmen{meantSEM, N = 10572863 cells per time pointFitting the data to an exponentdgdcay yields

the mRNA lifetime (the reciprocal of the exponei@glls (strain MW838) were grown at 37€ in glucose,

supplemented witdh mM IPTG andl mM cAMP. Rifampicinwas addedo a final concentration of 500

e g/ mkE 0 sa(B) Same as in panel GneartSEM, N = 10314426 cells per time poiptexcept that cells

(strain MW821) were grown at (C3A@dnBarisomof thd rgported RNA  wi t h 10
degradation rates from the literature and the values measured in thignsaadhxSD for Chen et al., 2015

and Moffitt et al., 2016meantSEM for So et al., 2011meantSD from two experiments for this stujly



A B

0.8

Data 100

Fit

Nascent-to-total ratio

0 20
10" 10 10" 10
Total mMRNA per cell

Data

107" 10° 10" 10°

Total mRNA per cell

Figure S10.mRNA elongation speed increases witaxpressionlevel

(A) The measured nasceattotal ratio folacZ mRNA plotted against the totilcZ mRNA number per cell.

Dashed line, the theoretical expectation for the casemiRMA elongation speed does not depend on the

expression levelsgction 3.1.2. Red ling alinearfit of the experimental data. Cells (strain MW838) were

grown at 37€ in glucose with varying concentrations of IPTG and cAMP (N =884 cells per sample).

(B) ThemRNA elongation speedsq) as a function ofacZ expression, estimated from the datgpamel A

using the theoratal model for mMRNA kineticssection 3.1.2 Red line a linear fit.
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Figure S11. Testing alternative models ahRNA degradation

Pl otted is the difference i lacZoRNAm@ihginduetiorimglecaset he 56 a
(same dataset as lig. 2B). Cells were grown at 37€ in glucose, withmM cAMP. IPTGwas addedo a

final concentration of 1 mM at= 0 s. The experimental data (black markessiitted to three different

versions of the theoretical model (red line, seetions 3.1, 3.&nd3.4 for detail): Left, the original model,

where nascent mMRN& degradegdand the degradation speed is equal tortR&IA elongation speed. Middle,

an alternative miel where mRNAis only degradedafter its completionife., no cotranscriptional

degradation). Right, a second alternative model where the speed of degradation is infinite (i.e., once
degradationis initiated mMRNA is degraded immediately). id seentha only the original model (left)

successfully reproduces the experimental data.
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Figure S12. A model without mature mRNA retention fails to reproduce mRNA kinetics in
glycerol

The kinetics of total, nascent and matla@Z mRNA per cell followingthead di t i on of t¥00 eM | PT
0 s to cells (strain MW821) grown at 30T in glycerol (same dataset &sgin2C). Markers, smFISH
measurements of the 56 (red) and 36 (blue) regions o

without mature mRNAetention.
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Figure S13. Evidence for mature mRNA retention in glycerol

(A) A centrifugation step in the fixation does not affect the measuredlasfaimRNA numbers per cell

(mean £SD from two experiments, ssection 1.3. Cells (strain MW821yvere grown at 30T in glycerol

with 100 BMToPITGWhen using fixation without centrif uc

the geneproximal mRNA, indicating the presence of mature (complete) transcrifts. peakheights of
individuallacZmRNA si gnal s (506 rispiptied versug thel mRMN-geneedisiarcen An
overlapping set of smFISH probes (bottdmyisedas a control (N = 1158nd1669 cells per sample). Cells
(strain MW821) were grown at (COWhénCenirifngatmph iyinckededih
the fixation step, 56 enrichment can be seen
transcribed) mRNA in the gefroximal population. N = 1542 and 1978 cells per sanipleA comparison

of the masured nascenb-total ratio forlacZ mRNA with or without centrifugation. Data obtainedth
centrifugation agrees with the theoretical prediction (dashed linesestien 3.1.2, whereas data without
centrifugation yields highathanexpected values,oosistent with mature mRNA retention. Cells (strain
MW821) were grownat 30€ in glycerol supplemented with varying concentrations of IPTG (data from six
experiments, N = 1028426 cells per samplg)E) The knetics of the totalnascent and matutecZ mRNA
per cell, following rifampicin treatment. Data (markers, mean +SEM from two experimeassjittedto a
model (lines) wherenaturemRNA retention stops afténe addition of rifampicingection 3.2. Cells (strain
Mw821) weregrowmt 3 0AC in gl ycer ol wwas dddetiot@nalscdicentrBtibrG .
of 500 ted/sifH) Tha fraction of active gene copigsd) for Rac-48MS2bs with and without
centrifugation (4500 g, 5 min), measured in live cells (me&&EM, N = 138272 cells per sample). The
glycerol sample (strain JZ145, 37C, withmM IPTG) shows a decrease fig, following centrifugation,

whereas LB sample (strain JZ2349, 30€C, with 1mM IPTG) skow such decrease.
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Figure S14.The distributions of gene ON and OFF durations

The distributions of AONO and f(LBRFan JZB49rgldosecstnasr f or i nd

JZ355 glycerol: JZ14%and R (strain JZ162) under different growth conditions. Markers, experimental data
(N = 40153 events per distribution). Solid lines, fit to an exponent, allowing an estimate of the probabilistic

rates of promoter switching.
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Figure S15. Fitting mRNA distributions to the stochastic model (induction experiment,

glucose)

o 50 100
Nascent mANA per copy

The complete versioof Fig. 2F (N = 5191430 cells per time point). The distributions of tdéalZ MRNA

number per cell and nascéatZ mRNA number per gene copy, at different times following induction. Grey

bars, experimental data. Solid linestdithe stochastic modeséction 3.5.

124



o8 Os o8 15s o8 30s o8 45s 08 60s
Fo8 08 Fo06 Fo06 F06
[} = o o [
S04 204 204 S04 D04
2 2 £
o2 Bp2 Spz Gg2 Loz
Py ° o 0
] 5 w15 20 0 5 10 15 20 o 5 1 15 20 o 5 0 15 20 0 s 1 15 20
Taotal mANA per cell Total mANA per cell Total mANA per cell Total mANA per cell Tatal mANA per cell
1 0.8 08 0.8 08
08 T5s s 105s 120s 150 s
2, g 2 2% £°°
3% ] F F =}
%U_d gﬂ.d gﬂ.d %0.4 30.4
0.0.2 @02 @02 a2 02
0 0 o o 0
] 5 0 5 20 ] 5 10 15 20 L] 5 10 15 20 o 5 0 15 20 o 5 10 15 20
Total mRNA per cell Total mRANA per cell Total mMANA per cell Total mRNA per cell Total mRMA per cell
0.6
05 180s 0.4 240 s 0.4 300s 360 s 480s
Zoa £, £, g% 2
Eu.a ga.') EOL’ go.z go.z
&2 Eo, Eon Eos Zou
] 5 10 15 20 o 5 10 15 20 [/} 5 10 15 20 o 5 10 15 20 o 5 10 15 20
Total mRMNA per cell Total mANA per cell Total mANA per cell Total mRNA per cell Total mRNA per cell
0.3
o 600 s o 1200 on 18005
%‘ 02 %‘ 02 % 02
7 015 gos 015
E 01 ‘E 01 E 01
0.05 0.05 0.05]
0 1] o
0 L 10 15 20 L] 5 10 15 20 0 5 10 15 20
Total mANA per cell Total mMANA per cell Total mRMNA per cell
1 1 1 1 1
Os 15s 30s 45s E0s
,_u.a hu.s LX) 0.8 lz'I).E
F06 F06 F06 F06 F06
0.4 0.4 0.4 04 04
g 8 £
Goz & o2 &0z Loz Loz
Py 0 0 0
0 5 10 15 20 ] 5 0 15 20 [ 5 0 15 20 o 5 0 15 20 ] 5 10 15 20
Nascent mANA per copy MNascent mRNA per copy Mascent mRMA per copy Nascent mRNA per copy MNascen! mANA per copy
1 o8 o8 [+2.] 08
08 75s s 1058 1208 150 s
z go.e _;_;o.e _g,.o.e _g.o.s
= = = = =
ol q 04 q 04 04 B o4
go4 s 8 8 8
[ T 02 €02 Loz 02
o 0 ° o 0
0 5 w1 2 [ 5 0 15 20 o 5 15 20 [ 5 15 20 o 5 MW 15 20
MNascent mRNA per copy Mascent mANA per copy MNascent mAMA per copy MNascant mRMNA per copy MNascent mANA per copy
06 0.6 0. ] 04
0.8 180 s 0.8 240s 300s 360s 480 s
50;‘ 50:4 z 0.4 50.4 50.3
£ 0.3 £ 03 go2 Zoa 2 oz
2o Zo. . . 0.
202 S0z £ 2 2 P
L @0 g4 LY a0
0 o 0
0 5 w0 15 20 [ 5 w15 20 [ 5 w15 20 [ 5 0 15 20 o s w15 20
MNascent mRNA per copy MNascent mRANA per copy Mascent mANA per copy Mascant mRMNA per copy Mascent mRAMNA per copy
o4 600 s 08 1200 s o4 1800s
=03 04 203
= Zqa =
0. .
qoz g s g 02
g 0.1 € g4 oo
0 °
[ 5 w15 20 o 5 w18 20 o 5 woo1s 2

Nascent mRNA per copy

Figure S16. Fitting mRNA distributions to the stochastic model (induction experiment,

glycerol)

Nascent mRNA per copy

Nascent mANA per copy

The complete versioof Fig. 2G (N = 83389 cells per time point). The distributions of tdedZ mMRNA

number per cell and nascéatZ mRNA number per gene copy, at different times following induction. Grey

bars, expemental data. Solid lines, fib the stochastic modeséction 3.5.
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Figure S17.Fitting mRNA distributions to the stochastic model (steadystate, glucose)

The distributions of totdbcZ mMRNA number per cell and nascéatZ mRNA number per gene copy, at
different expression levels (N = 52538 cells per sample). Grey bars, experimental data. Solid lirsds, fit
the stochastic modekégction 3.5. The estinated kinetic parameteege plottedin Fig. 2H. Cells (strain

MW838) were grownat 37€ in glucose withl mM cAMP and various concentrations of IPTG.
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Figure S18. Estimated kinetic parameters foPac

(A) The estimated rate &fac switching to the active stat&f, black) and the transcriptional burst sibe (
grey), as a function of IPTG concentratipfae cells (strain MW821) grown at 30€C in LB, with varying
concentrations of IPT@atafrom 9491350 cells per sample. Errorfsaepresent the range of estimated
parameters from the top 0.2% likelihood fitting resu{®) Same as in panel A, except that cells (strain
Mw821) were grownat 30€ in glycerol. Datafrom 5251601 cells per sampléC) The estimated rate of
switching b the active statek{,) andto the inactive statekgs) for Rac, measured in live cells (strain JZ349)

grown at 30€ with (empty bar) or without (solid bar) 1 mM IPTG (mes®EM, N = 60-111 events per

experiment).
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Figure S19.The correlation between nascent mRNA levels of two gene copies

The nascernaicZ mRNA number of two sisteropies plotted against each othéreft) Cells (strain MW838)
grown at 37€ in glucose with 1 mM cAMP and 1 mM IPTG (N = 566 celRight) Cells (strain MW821)

ggown at 30AC in glycerol with 100 &M IPTG (N = 571
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Figure S20. Different copies of Rare correlatedin glycerol, but not in LB
The distributions ohumberof active R copies, in cells having two copies of the reporter gene. Grey bar,
experimental dataRed ling fit to a binomial distribution. Cells (strain JZ634) were grown at 30C in LB

(left, N = 389 cells) or glycerol (right, N = 242 cells).
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Figure S21.The dependencef genecopy correlation on genomic locus and growth rate

The correlation between sister gene copies in the same cell fetyp#dac, Pac-24MS2bs and £224MS2bs
at different genomic location®1if, lac, hyc ter) and different growth rates. Markers represent individual
samples from multiple experiments aratdrepresent mean +SEMo achieve different growth ratethe

following growth conditionsvere used30€ in LB, 37C in glucose, and 30T in glycerol.
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Figure S22.The dependencef nascent mRNA noise on the expression level

The levels of nascetacZ mRNA from two sister B copies in the same cell were used to calculate the total,
extrinsic, and intrinsic noise levels, as defined in Elowital, 2002. Itis seerthat, in glycerol, the extrinsic
noise is a significant part of the total noisereasn glucose, noise is dominated by the intrinsic component.
Dashed lines are fit of the intrinsic noise datato ¢ @ following Elowitz et al, 2002.(Left) Cells
(strain MW838) were grown at 37€ in glucose with 1 mM cAMP and varying cotnagans of IPTG (N =
607-3316 cells per sample). Error bars web¢ained by bootstrapping. (Rightells (strain MW821) were
grown at 30€ in glycerol with varying concentrations of IPTG (three experiments, N =30889 cells per

sample).
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Figure S23. Genecopy correlation does not depend on the distance between the two copies or

cell length

(Left) Cells with two gene copiesere separateithto two groups based on the spatial distance between the
two gene copies (smaller or larger than the mediatance between two copies). The correlation in P
activity is similar between thevo groups. Error bars indicate SD. Cells (strain MW821) were grown at 30C
in glycerol with varying concentrations of IPTG (N = 168881 cells per sample). (Right) Celsth two

gene copiesvere separatemhto two groups based on the cell length (shorter or longer than the median cell

length). No significant differends seerin the calculated correlation between the different groups.
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Figure S24. Identifying newl replicated gene copies

(A) The spot recognition results for FROS sptds [ocus). For each spot, the peak heightlottedagainst

the spot area. Comparing the positive sample (left, strain MW8381330 cell} with the negative sample

(right, strain MW813N =561cell} al |l ows us to gate the fireal o0 spots t
spots outside the gated regiare discardeth subsequent analysis. Within the true population (red points),

two subpopulationsof spots can be seen, with the peak height of the brighter population roughly twice that

of thedimmer oneThisis consistent with the brighter population corresponding to unseparated sister copies

(Nielsen et al., 2006; Nielsen et &0Q07). Cells were grown at 87in glucose, withl mM cAMP andl

mM IPTG.(B) Fdlowing FROS spots in a timkapse movie. Cells (strain JZ348%re growrat 3@ in LB,

andthe gene spotdac locus, cyan) in a single cell (yellow outlineere trackedver time. The peak height

for the spot marked with a white arrow shows an approximate doubling (interpreted as the formation of two

unseparated sister copies), followed by the appearance of two distinguishable gene copies.

134



ori

hyc O lac
ter

2.5
log,(length/um)

1.5

)]
Q
oY
wn
=
4
R

3
o

o~ o w =
paylys
(1190 Jad yNY 1usaseu)’Boj

)]
el
o
(9))
=
<
R

@
o

2.5

log,(length/um)

1.5

paylys
('N"v) uoisayoo Adoo Jslsis

paylys
(1190 Jed yNY jueoseu)’Boj

paylys
("N"v) uorseyoo Adod 19)sIS

25
log, (length/um)

1.5

25

log, (length/um)

13t



Figure S25. Thetranscriptional activity of P r and Rac reporters placed at different genomic
positions

(Top lefy) Nascent RNA per cell fromg24MS2bs placed at different genomic positions, as a function of
the cell length (N = 553232 cells per sample). Cellgere gown at 30€ in LB. (Bottom lef) The same
datasets the top panel. The intensity of individual T&fRP foci, as a function of the cell length. Numbers
(18, 2nd, 39 indicate the corresponding round of genome replicatoop righ) Nascent RNA per cefrom
P.c-24MS2bs placed at different genomic positions, as a function of the cell length (N-28092ells per
sample). Cells were grown at 30T in LB wiffoe M | RBotBm righ) The same datasas the top panel.
The intensity of individual TetR'FP foci, as a function of the cell length. Peaks correspond to gene
replication, with numbers {1 2"¢, 39) indicating the corresponding rounds of genome replicatds note
that, forall cell cycle analysis, nascent RNA levelsre not correctefbr falsenascent identification, due to
insufficient spot statistics in some of the datasets. DatifakrRNA per cell exhibiteda similar celicycle

trends(not shown), suggesting that the observed featnmesotan artifact of nascent RNA identifition.
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Figure S26. The transcriptional activity of endogenous R in LB and glycerol

(A) NascentlacZ mRNA per cell as a function of cell length, sorted by the mi@ed mRNA number per

cell. Cells (strain MW821, N = 570814 cells per sample) were grown at 30C in LB with various
concentrations of IPTG and cAMP. Solid lines are fits to the equation descrieation 2.7 The parameter

u; from equation (18)s plottedin Fig. 4G. (B) A similar plot for cells grown at 30€ in glycerol (strain
DB1738, N = 1232472 cells per sample). The higkpression sample exhibits a step corresponding to gene
replication, whereas the leaxpression sample shows a pulse of expressiomnd the same time during the

cell-cycle
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Figure S27. The coupling between transcription and gene replication is not an artifact of the

FROS system

The distribution of cell lengths for all cells (black), cells in whiabZ mRNA was present (red), and the
same number of randompyjicked cells (blue), under conditions af.fPepression (30€, glycerol, no IPTG).
A strain containing the FROS gene detection system (DB1738) anddhgpe strain (MG1655) both show

an enrichmat for lacZ expression at a cell length that is close to the estimated length where gene replication

occurs (black arrows; sdigs. S26B S29).
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Figure S28. The gengroximal mMRNA population disappears after randomizing mRNA
positions

The distributionof mRNA-to-gene distance before (red) and after (green) randomizing the posifions o
MRNA inside each celkéction 2.32). Cells (strain MW838, N = 1207 cellglere growrat 37€ in glucose

with 1 mM IPTG andl mM cAMP.
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Figure S29. Gating onecopy ard two-copy cells

Thelaclocus copy number as a function of the cell length (N = 1602 cells). Data is from cells (strain MW821)
grown at 30C in glycerol withti0e M | PTG. The raw data (gray markers) w
fitted to a Hill function(black line), whose transition point was used to estimate theydt stage of gene

replication. Oneand twecopy cells (blue shading) were then gated as descritmatiion 2.5.3

141



Total ~ Nascent

lacZ mRNA N jacZ mRNA
lacY mRNA P! facY mRNA

o
IS
!
o
'S

o

w

e
w

Frequency
o
N

Frequency
o
n

=)

-
o
a

o

o

-1 -05 0 0.5 1 -1 -05 0 0.5 1
Short axis position Short axis position
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The distribution of the spatial positioalongthe short axis of the cell (see inset), for total and nasaent

andlacY mRNA. Cells were grown at 30€ in LB with 1mM IPTG.
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Figure S31 Active gene copiesend to be closer to the cell periphery

(A) Theposition of Ry along the short axis of the cell, for inactive and active gene copies (further separated

into low, medium and high, based on the nascent RNA amdBatkimilar to panel A, except that thang

axis positiorisploted Cel | s were grown at 3 0(&)®ndpropogddgcenarioo!l wi t h
to reconcile the coupling of transcription and translation with the spatial separation of genome and ribosomes

in bacterial cells. Adapted frog€ampos and Jacob¥agner, 2013
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Table S1. Bacterial strains used in this study

Strain Relevant genotype or Plasmid Measurement Reference or
description performed source
MG1655 Wild-type Lab stock
DH5U Cloning strain Lab stock
DH5Ueap pirtderi vative o Christophe
Herman
HME45 Recombineering strain Yu et al.,
2000
HME 4 5 & pir* derivative of HME45 Christophe
Herman
TK310 gryaAglacY grpdA Kuhlman
et al., 2007
BW14894 gdaclZYA Yakovleva
etal., 1998
MW804 MG1655 pJZ133 (Spd) This work
Mw814 TK310 pJZ133 (Spd) This work
DB1718 MG1655mhpA:140etO (GerF) Joshi et al.,
201¢
DB1738 MG1655mhpA:14QetO(Gerf) pDM21 (Cnf) Joshi et al.,
201¢
MW838 TK310 mhpA:14QetO (Gerf) pJZ133 (Sp® lacZ mRNA, This work
lac locus
MW849 T K 3 1HycEd4aetO(Gerf, pJZ133 (Sp® lacZmRNA, This work
KarR) hyclocus
MW821 MG1655mhpA:14aetO(Gerf) pJZ133 6p&) lacZ mRNA, This work
lac locus
JZ349 MG1655mhpA:14aetO(Gerf), pJzZ152 (Sp®) Piac-48MS2bs
gdacZYA:48MS2bs (Crii) RNA tagged by This work
MS2-GFP,
lac locus
JZ145 MG1655mhpA:140etO(Gerf), pJZ186 (Sp®) Puac-48MS2bs
glacZYA:48MS2bs (Crfi) RNA tagged by This work
MS2-GFP,
lac locus
JZ162 MG1655mhpA:14QetO(Gerf), pJZ152 (Sp® Pr-24MS2bs RNA
odac:: Pr-24MS2bs (Cri) tagged by MS2 This work
GFP,lac locus
JZ499 MG1655mhpA:140etO(Gerl), pJZ186 6p&) Pr-24MS2bs RNA
odac:: Pr-24MS2bs (Crii) tagged by MS2 This work
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JZ108 MG 1 6 Q7 sadr pJZ186 (Sp® Pr-24MS2bs RNA
mhpA:14QetO(Gerf) |, lac:tp tagged by MS2 This work
Pr-24MS2bs (Cri) GFP,lac locus

JZ355 TK310 mhpA:140etO(GerF),  pJZ152 (Sp®)  Pac-48MS2bs
ogdacZYA:48MS2bs (Crii) RNA tagged by This work

MS2-GFP,lac
locus

Jz412 MG1655mhpA:140etO(Gerf), pJZ133 (Spd) Piac-24MS2bs This work
gdacZYA:24MS2bs (Crfi) RNA, laclocus

JZ568 BW14894mt r::k4DetO pJZ133 (Sp®) Pac-24MS2bs This work
(Ger®, Karf) , as|A@:Piac- RNA, ori region
24MS2bs (CrR)

JZ572 B W1 4 8 fharA:1g0etO pJZ133 (Sp®)  Pac-24MS2bs This work
(Ger®, Karf) , ynefpGH:Piac- RNA, ter region
24MS2bs (Crf)

JZ596 B W1 4 8 By4E:1g0etO pJZ133 (SP?)  Puc-24MS2bs This work
(Ger®, Karf), RNA, hyclocus
yYgbJygbN::Pac-24MS2bs
(Cnf)

JZ634 MG1655mhpA:140aetO(Gerf), pJz133 (SpY) Pr-24MS2bs This work
gdacZYA:Pr-24MS2bs (Cri) RNA, lac locus

JZ536 B W1 4 8 BydE:14xetO pJZ133 (sp®) Pr-24MS2bs This work
(Ger®, Karf), RNA, hyc locus
alygbJygbN):Pr-24MS2bs
(CnT)

JZ564 B W1 4 8 gkiD::14ftetO pJZ133 (Sp® Pr-24MS2bs This work
(Ger®, Kar®) , aslAyg:Pk- RNA, ori region
24MS2bs (CrR)

JZ534 B W1 4 8 fharA:1g0etO pJZ133 Bp&) Px-24MS2bs This work
(Ger®}, Kar®) , netpGH:Pr- RNA, ter region
24MS2bs (Crf)

JZ620 B W1 4 8 @rénhp&:14QetO pJZ133 (Sp®) Pr-24MS2bs This work
(Gerf) , lacZy A:Pr-24MS2bs RNA, laclocus
(CnT)

JZ628 B W1 4 8 9r4thyeE:140et0O  pJZ133 (Sp®)  Pr-24MS2bs This work
(Ger¥, Karf), RNA, hyc locus
g(ygbJygbN):Pr-24MS2bs
(Cnf)

JZ624 B W1 4 8 9rdrkd::140et0  pJZ133 (SpY) Pr-24MS2bs This work
(GerR, Karf) , asIA&:Pr- RNA, ori region
24MS2bs (Crf)

JZ616 B W1 4 8 9rd4masA:140etO  pJZ133 (Sp®) Pr-24MS2bs This work

(Ger®, Karf) , ynegGH:Pr-
24MS2Dbs (CrR)

14~
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JW5609 B W2 5 1 trkB::F&T-Kank- Baba et al.,
FRT 2006

JW2691 B W2 5 1 hy8E:FRT-Kan- Baba et al.,
FRT 2006

JW5249 BW25 1 tn@&A:ERT-Kan?- Baba et al.,
FRT 2006

JZ051 B W2 5 1 wk®::14ftetO Thiswork
(Ger®, Karf)

JZ052 B W2 5 1 im&A:1p0etO This work
(Ger®, Kar®)

Mw832 B W2 5 1 hy8E:1dxetO This work
(Ger®, Kar®)

JZ422 B W1 4 8 gkiD::14ftetO pJZ133 (Sp® ori region This work
(GerR, Karf)

JZ424 B W1 4 8 thdrA:1a0etO pJZ133 (SpB) terregion This work
(GerR, Karf)

JZ430 B W1 4 8 BydE:1d¢xetO pJZ133 (Sp® hyclocus This work
(Ger?, Karf)

1Gift from C. Herman, Baylor College of Medicine

°Gift from T. Hwa, University of California, San Diego
3Purchased from the Coli Genetic Stock Cen®s$C):#8280
4Gift from D. Bates, Baylor College of Medicine
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Table S2. Plasmids used in this study

Plasmid Description Reference or
Source
pCP20 Flp recombinase expression (AR)p Cherepanov et al.,

1995

pKG137 Carrying a singlé=RT site, R6K replication origin (K&

Ellermeier et al.,
2002

pBH23 Carrying thel4QetOarray (AmF, Gerf)

Joshi et al., 201

pJz087 Carrying a singlé-RTsite and the 14@tOarray (Kar¥, GerF) This work
pKD3 Carrying the chloramphenicol resistanessette (CH) Datsenkeet al.,
2000

plG-48bs 48 MS2bs under control of.R(Amp~) This work
pBS48 48 MS2bs under control ofP(CnR) This work
CnmR

plG-24bs 24 MS2bs under control of.P(Amp~) This work
pBS24 24 MS2bs under control of£(CnF) This work
CnR

pJzZ054 24 MS2bs under control ofRCnR) This work

pDM21 TetR-YFP under control of &

Joshi et al., 201

pKG110 TetR-mCherry under control of g

Joshi et al., 2023

plG-K133  MS2-GFP under control dPet

Golding and Cox
2004

pSR67.1 Carrying constitutive promoten117(Sp&) Schmidl et al.,
2014
pSR67.3 Carrying constitutive promotenios(Spc) Schmidl et al.,
2014
pJz133 TetRYFP under control of B3117(Spc&) This work
pJZz102 TetRmCherryunder control of Bs117(Sp&) This work
pJz107 MS2-GFP under control of £105(Spc) This work
pJZ152 TetRmCherry under control of;ks1:7and MS2GFP under control  This work
of Ps23105 tetRmMCherryis upstream oms2gfp (Spc)
pJZ156 TetR-mCherryunder control of Bsii7and MS2GFP under control This work
of Ps23105 tetRMCherryis downstream ais2gfp (Sp&)
pJZ186 TetRmCherry under control of;i3117and RBS BBa_0031, MS2  This work

GFP under control of 105 tetRmCherryis downstream ofns2

gfp (Sp<)

I1Gift from C. Herman, Baylor College of Medicine

2Gift from D. Bates, Baylor College of Medicine
3Gift from J. Tabor, Rice University
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Table S3. Rimers used for plasmid cloning

Primer Sequend&) (56

PR-shortFP aatgacatgttcttttttgtgctcatacg

PR-shortRP ccagcggccgacaacctccttagtacatgc

FRT-FROSFP-H1 gcggtaatacggttatccacagaatcaggggataacgcaggaatccgtaatcatggtcat
FRT-FROSRP-H2 cagtacaatctgctctgatgccgcatagttaagccagcccgagtgatcgcattgaacatg
0C2012 ggggcccggtacccaattcgccctatagtgagtcgtattacaatcatatgaatatcctccttag
0C202 gagtaaacttggtctgacagttaccaatgcttaatcagtgaggcgtgtaggctggagctgcttc

pSR67GG-FP2

gcattacgtctccatggtacctttctcctctttaat

pSR6#GG-RP3

gcattacgtctcgaccaggcatcaaataaaacga

MS2-GFR-GG-FP3

gcattacgtctcgccatggcttctaactttactcagttc

MS2-GFRGG-RP3

gcattacgtctcctggtatagttcatccatgccatgtg

TetRmCherryGG-FP

gcattaggtctcgccatggtgtctagattagataaaagtaaag

TetRrmCherryGG-RP

gcattaggtctcctggtcgccaaaacagccaagctt

TetRYFP-GG-FP

gcattaggtctcgccatggtgtctagattagataaaagtaaag

TetRYFP-GG-RP

gcattaggtctcctggtcgccaaaacagccaagctt

pSR6#GG-FP

gcattaggtctccatggtacctttctcctctttaat

pSR67GG-RP

gcattaggtctcgaccaggcatcaaataaaacga

pSR67D-GG-FP

gcattacgtctccatggtacctataaacgcagaaaggc

pSR6#D-GG-RP

gcattacgtctcgaccagaagggtaatctagaggcatc

MS2-TetR-GG-FP2

gcattacgtctcgccatcagcttggcetttaccgtca

TetRmCherryGG-RP2

gcattacgtctcctggtcgccaaaacagccaagctt

MS2-GFR-GG-RP3

gcattacgtctcctggtatagttcatccatgccatgtg

P9

gagacgtctcaatggtgtctagattagataaaag

P11

gagacgtctcagaaggctgacaaaatctatactgt
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Table S4. Primers used for MS2 eporter cassetteecombineering

Primer Sequen®&) (56 Promoter, MS2 Genome
reporter cassette  position

laclPZ cgcccaatacgcaaaccgc Piac-48MS2bsCmR  lac locus
lacH2P1 gcagcgtatcaggcaatttttataatttaaactgacgtgtaggctggagctgcttc
lacH8 P2 ctacacaaatcagcgatttccatgttgccactcgctttaatgatgatttctaattaat

gccaagctcgaaattaaccctcac Piac-24MS2bsCmf?  lac locus
lacH6-P1 aagcgcagcgtatcaggcaatttttataatttaaactgacgtgtaggctggagct
lacH3-P2 ccgegcegttggecgattcattaatgcagcetggcacgacaggceggttectggec! Pr-24MS2bsCmR lac locus
lacH2P1 gcagcgtatcaggcaatttttataatttaaactgacgtgtaggctggagctgcttc
ygbJFP attcacaatatcaaacaaaatatcacttaaattaacaaggcatgcatttacgttg Pr-24MS2bsCmR  hyclocus
YgbN-RP ccgatgcccatcggacctttttattaaggtcaaattaccggtgtaggetggaget( Piac-24MS2bsCmiR
ybhJFP gaatgcgacctacattcacatggcegctttttacatctgaccatgcatttacgttgac Pr-24MS2bsCm? gal locus
ybhN-RP tgtaaccatatcgcaataagttatgtttttaaattgaggggtgtaggctggagcetg Pac-24MS2bsCni
asIB-RP1 atttcgcccttaacgtattgaaggatgacttcaggcaagggtgtaggctggage Pr-24MS2bsCn¥®  ori region
aslA-FP1 gcttaattacgtcatcattttgatgacatgaaaccggagccatgcatttacgttga: Piac-24MS2bsCnR
yneHFP ctgatatactcgcaggtcttttcagacctgcggtccaggacatgcatttacgttga Pr-24MS2bsCmR ter region
yneFRP attcaaatcgcgcgtaatgaataaagatgtcagacaacttgtgtaggctggag( Piac-24MS2bsCn®
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Table S5. DNA oligos used for smFISH

Transcript Probe sequences (506 Dye

lacz 72 probes (So et al., 2011) TAMRA

CTGAATTGACTCTCTTCCGG
TTACTGGTTTCACATTCACC
CATACTCTGCGACATCGTAT
CGCGGGAAACGGTCTGATAA
TTTTCGCAGAAACGTGGCTG
CGCGGTTGGGAATGTAATTC
CCAATCAGCAACGACTGTTT
AGATTTAATCGCCGCGACAA
CTTCGTTCTACCATCGACAC
CGTTGCGCGAGAAGATTGTG
GATAGTTAATGATCAGCCCA
TAACGCCGGAACATTAGTGC
ATACTGTTGATGGGTGTCTG
lacl TACCGTCTTCATGGGAGAAA TAMRA

AATGCGACCAGATGCTCCAC
CTAACAGCGCGATTTGCTGG
GCGCCGAGACAGAACTTAAT
GAGATATTTATGCCAGCCAG
CGCTATCGGCTGAATTTGAT
TGAAAACCGGACATGGCACT
ATTCAGCATTTGCATGGTTT
ATCTGATCGTTGGCAACCAG
CACTACCGAGATATCCGCAC
TGTCTTCGGTATCGTCGTAT
GTTGACGGCGGGATATAACA
AGCAGGCGAAAATCCTGTTT
TGAGAGAGTTGCAGCAAGCG
AGACGGGCAACAGCTGATTG
AGGGTGGTTTTTCTTTTCAC
GAGAGGCGGTTTGCGTATTG
GCCAGCTGCATTAATGAATC
CTTTCCAGTCGGGAAACCTG

MS2 binding sites ACATGGGTGATCCTCATGT TAMRA
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Discussion
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1 SUMMARY

Single cell measurements of mMRNA copy number have informed our understanding of
stochastigene expression in important ways. However, witelé mRNA measurements

are alscseverely limited in their ability to inform usn stochastic gene activity. For one,

cellular mRNA typically represents the summed contribuiiom multiple (sister) copies

of the same gene, whose number doubles during the cell cyclehasd activity my be

coupledin unknown ways. Current wholell measurements also integrate over the full
lifetime of MRNA molecules. Inothevor ds, t hey cannot distingui
molecules, and, specifically, discriminat@scent (actively transcribed) mRNrom

mature (completed) transcripts.

In this work,we overcome key limitations of whetell MRNA measurements by detecting
actively transcribed mRNA at an individual gene locusEincoli. By discriminating
between nascent and mature mRNAs, countinth lspecies in the single cell, and
analyzing the data using a new theoretical model, we can infer the stochastic kinetics of
promoter switching, mMRNA elongatipreleaseanddegradationin doing so, we maka
number offindings: (1) RNA polymerase elongan speedis coupledto the rate of
transcription initiation, and the nascent mRNA is degraded even while still being
transcribed, with the speed of degradation limited by ribosome movement. These features
were prevously deduced from bulk assayshen et al., 205 pshtein and Nudler, 2003
Proshkin et al., 20)0and we now demonstrate them by examining individual mMRNA

molecules in the cell(2) Upon the completion of mMRNA synthesimature mRNA
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molecules have a probability of remaining at the gene rather than immediately being
released into the cytoplasm. Importantly, this mRNA retention depends on active
transcriptiod it is relieved upon inhibition of transcription initiation. Fuetmore, mRNA
retention is only observed under slow growth conditions, whereas in fast growth, mRNA
is released immediately upon completion. These new observations help reconcile the
discrepancy between previous reports on mRNA localization in thg_tglis et al., 2010

Moffitt et al., 2016 Nevo-Dinur et al., 201)L (3) The stochastic activity of two sister copies

of a gene within the same cell can be highly correlated. In the past, such correlation could
only be deduced indirectly, from the presence ocsnl | ed fAextrinsic
expression of exogenowsportergElowitz et al., 200p. Here, we directly measure gene
copy correlation and characterize its dependence on growth conditionsssaprlevel,

and genomic position. (4) In a strongly repressed promoter, transcription is not equally
probable at different phases of the cell cycle. Instead, a pulse of transdgptizserved
around the time of gene replication. Replicatidggeredtranscrigion was hypothesized

long ago(Hanawalt and Wax, 19¢4More recently(Hammar et al., 20)4nvoked it to
support their data diac repressor kinetics. However, this phenomenon was never directly

observedrior toour current study.
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2 SIGNIFICANCE
2.1 Experimental techniques and modeling

2.1.1 Simultaneous deteati of RNA and its encoding gene

In this study, we presented a method to simultaneously dei&tand its encoding gene
in individual E. coli cells. The gene of interesis detectedising FROS$Sandin the same
cell, theRNA produced from the gene is detected either directly using smFISH ¢ieed

or by engineang an RNA-taggingsystem (MS2) taepat the gene activity(live cells).
We usedthis duatreporter systento label different promotes (Piac, Paci, Prm, Pr) and
different genomic locatian (ori, lac, hyg gal, ter), in cells grown atvaried growth
conditions (LB, glucose, glycerol), which cowebroadrange of cell doubling times (20
150 min). The measurements at difier growth conditions allowed us to resolve the
conflict between previous studi@isopis et al., 201pMoffitt et al., 2016 Nevo-Dinur et
al., 201) and examinénterestingoehaviorghatexhibitdepenénce on growth conditions

(discussed later).

2.1.2Combininglive-cell and fixedcell measurements

The lve-cell (MS2)and fixedcell (smFISH) methodsomplement each other. For smFISH,
the primay advantages in comparison MS2 are the ability to detect endogenous
transcriptswith excellent accuracy (< 1 RNA) and dynamic range (<1 to ~ 100 RNA per
cell), the abilityto detectmultiple trarscriptssimultaneouslyand obviating the need for
geneic manipulationsHowever the fixedcell methodoses the temporal informati@md

might introduce spatial artifés in the process of fixatiofRyter, 1983. The ive-cell
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method allowslirecttracking of RNA kinetics, as well as otheellular eventsd.g.,gene
replication anctell division) in real time, bus usuallymoregeneticallypertubative and

offers lower throughput

2.1.3 Novel measurements

Distinguishing nascent RN&A(being actively transcribed at the gefiteln mature RNA
(completeones) was previously impossible because of the absencriolieuisn bacterial
cells. Cdocalizaton analysisof the RNA and gene spots enabdtsssifyng RNA signals

into nascentormatuydy appl ying a simpl e dlkewisa,nce t hr
individual gene copies can be identified as either active (preseiigdAkignals within

the distacethreshold) or inactive (absence RNA signals withinthe distancéhreshold)

The intensity of each RNA signal can be converted to RNA number with $ife
calibration, enabling us to makevel measurements: nascent and mature RNA number
per cell, nascer®RNA number pemgene copy.The novel measurement of nascent RNA
numberper gene copgan inform us on the stochastic kinetics of transcription at individual
gene copies, without the confoundifagtors that limit the wholeell RNA measurement,
e.g, multiple gene copies and RNA lifetime integratidine measurements of the activity
of individual gene copieallow us to directly examine the correlation between multiple

copies of the same gene.

2.1.4Estimates of kinetic parameters

Themeasirements of nascent and matRMEA number in individual cells enablesto test

a new theoretical model rigorouslyhis new theoretical model includes nascent RNA
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kinetics whichin previous modelsvas typicaly not treated as a separate RNA species
(Raj et al., 2008Sepuveda et al., 20%650 et al., 2011 This model can well describe both
the mean and the distributio total, nascentmatureRNA measurements, in both steady
state and nosteady stateModel fitting allows estimation of the kinetics of RNA processes
taking place at the ged@edranscription initiation, elongation, decay, and release
Additionally, usingthis model, we caastimate popertieghat were impossible to measure
directly, for example, the speed of RNA polymeréRBIAP). The speed of RNAP in the
cell was classically measuredn an i nduction experi ment,
ono t he amlthenddmwirgg RNA production(Epshtein and Nudler, 20p30ur
model enables inferring the speed of RNAP from the nagoental ratio (fraction of
nascent RNAs among total RNAs) obtained frdifferentsteady stateneasurements (i.e.,
addingvarying levels of inducer). Gnsistent with previous studi€8roshkin et al., 2090

we observeda dependencef RNAP speedon the expressiotevel and obtained the
relationship between them. Suchetationshipcould enable detterunderstanding of the

RNAP cooperativig (Epshtein and Nudler, 20pn3

2.1.5Applicahlity to higher organism

In the past, our methods ahalyzing the RNA timeeries(Golding et al., 200550 et al.,
2017 and copynumber statistic€Golding et al.2005 So et al., 201)lin E. coliwere also
usedfor studying transcription kinetics from yeast to mammalian ¢Blis et al., 2006
Yungeret al., 2010Zenklusen et al., 2008The method$or detecting a single gene locus
and its transcriptional agtty both originated from workn higher organism&ertrand et

al., 1998 Michaelis et al., 1997 It should be reasonably practical adapt both the
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approach of combining these construatsl thefollow-up image andlata analysis into

higher organisms

Bacteria, as one of the simplest model systems)airas different from higher organisms
as people thought traditionalfyau et al., 2003Lemon and Grossman, 1998t was
previously discovered that transcriptionncolioccur s i n fAburstso and
using twestae kinetics(Golding et al., 2006 Similar observations were consequently
made in systems ranging from gé&0 mammalgChubb and Liverpool, 2031@hubb et
al., 2006 Pareet al., 2009Raj et al., 2006 The surprising universality in transcription
kinetics across different genes, irrespective of many of the moleculasdstegjulation
(So et al., 201)] hasalso bea observed in higher organisifizar-Even etal., 2006 Suter

et al.,, 2011 Taniguchi et al., 2000 In this work, the characterization of bacterial
transcription kinetics ajreatellevels of precision has the potential to provide insigtits
the behavior of higher organisme.g.,the mechanisms famature RNA retentionthe
effect of gene replication on transcriptiandthe copy-copy correlatior(discussed in the
next section in detail). Thesgeterministicfeaturesmight contribute to the apparent

stochasticity of transcription when not accourftad

2.2 Biological findings and open questions

2.2.1 Mature RNA retention at the geramd its growth rate dependence

Therehave beenlifferentobservationsegardingthe gpatiotemporal life historgf RNA:
1) RNA spends most of its lifetime at the transcription @&itepis et al., 201]) 2) RNA is

released into the cytoplasm after its completion, in some cases localized to cell membrane



(i.e., for RNA encoding an innenembranal protein)Moffitt et al., 2016 Nevo-Dinur et
al., 201). We resolved this seeming conflictttvthe novel measuremesnbf nascent and
mature RNAs at different growth conditioms fastgrowth conditionsi(B: doubling time
a 35 min, the condition used ifMoffitt et al., 2016; glucose: doubling timé& 50 min),
themeasurechascento-total ratiois 4555%, consistent with oumodel predictionsThis
result suggest a conclusion that RNA spendssanilar amount of time at its site of
transcription and in the cytoplasm, as claimefMboffitt et al., 201§, but in contradiction

with (Llopis et al., 201

However,when examining alow-growth condition( gl ycer ol : 50 mib I i ng t i
similar condition usedh (Llopis et al., 201)) we founddisagreemenin the nascenrto-

total ratiomeasured usingslowf i x at i-60%)an d(faSfiixationd  (83%) In a
Aslfoiwkati ono protocol, cell s ar aithdativeg, r i fuged
whi | e ifni xaatfi foansdt gredicettly mixetwith fizativie.The nascento-

tot al rati o fasfeiaxatriean & sii 91 gs iimi | @lopisetal., what wa
2010, while the one measured usifigs | fixationo agrees with the prediction from our

original theoretical modelWe hypothesize thaat slowgrowth conditionsa fraction of

mature RNA will stay at the gene upon gaeation, which willlead toan increased fraction

of total RNA appearing at the gern&'e developed a few revised models and compared

model predictions with the nascent, mature and total RNA measuremémsimguction

experi mémntxagifoam®dt) . The model with a fractior
at the gene described the measurements Wad.hypothesis of mature RNA retention is

supported by two additional pieces of evidentelower than expected ratio 65f6 t o 3 0
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signalin geneproximal RNA; 2) lowered level of gengroximal RNA after vigorous
centrifugation (4500 g for 5 minip live cells Overall, our data suggest that the growth
condition affectsthe spatiotempral life history of RNA, with mature RNA retentioim
slow-growth conditionsas a key to resolve the contradictory argument&lpis et al.,

2010 and(Moffitt et al., 2016.

However, he mechanism for mature RNA retentionuixlear. One speculatiorns that
retention reflects the effect of translation, based on sepiets ofevidenceFirst, it is
well known thattranscription and translatioare coupledn bacterial celland RNA is
heavily coatedy ribosomeswvhenit is still being transcribed at the ge(diller et al.,
197Q Neidhardt et al., 1990Secondly, the RNAound ribosomes are less diffusive than
RNA-free ribosomegSanamrad et al., 20L.4Thirdly, the bacterial cytoplasm displays
glasslike properties and cdpe fluidizedby cellular metabolisnParry et al., 2014 Such
glassy behavior affects the mobility of cytoplasmic components in-@szendent fashion.
Fourthly, at fastgrowth conditions,where the nucleoid is highly condensed, most
translationoccurs in thaibosomerich regiors (outside of thenudeoid). While at slow
growth conditionswheret h e nuc | e o itk distrbutidhfofl ribosdme expands
to the nucleoid region, suggesting tiv@nslationcould occur moreinside the nucleoid
(Bakshi et al., 2012 Assembling all thesevidencewe hypothesize thait slow-growth
conditions,the lessmobile ribosomes limit the diffusiomf RNA upon its completion,
resulting in retained mature RNA at the gefbis hypothesis predicts a connection

between the translatability of RNA and its likelihood to be retained. A future experiment



will be comparing the matuRRNA retentionfor RNA tha is highly translatedstrong RBS)

and barely translatg@veak RBS)

2.2.2 The effect of ge replication on transcription

We found thatt low-expression condition®lac exhibited a pulsatile activityaround the
time ofits replication in contrast tolie behavior of phage lambda promotefddnsidered
constitutivg, whose activitysimply followedgene dosagét haslongbeen speculatetiat,
for atightly repressedene the only time it gettranscribed ishetime ofgene replication
(Guptasarma, 1995 One possible mechanisnfior the gene replication coupled
transcriptionis thatthe passage of replise over the repressed gene kreookf all the
transcription facta, resuling in a transient deepression of the gerf&uptasarma, 1995
The finding that the effect of gene replication decreases with increased expression level
seems to support such speculation. To furtbstrthis hypothesisve could examineother
tightly repressed promote(s.g.Pga) to see if thg similarly displayreplicationinduced
transcription, and activatariven promders(e.g.Pma) to see ithey behaveppositeyd

transienlty decrease activity around the time ajenereplication.

Another possiblemechanismfor the gene replication cowgd transcription ighat the
replisome changes tiENA supercoiling state along its wapd the change of supercoiling
state affects transcriptidi@Guptasarma, 1995TheE. colichromosome exists in a mildly
negatively supercoiledstate (Worcel and Burgi 1972). The replication machinery
generates positive supercoiling ahead (same direction aspleation fork movement

andleaves negative supercoiling behin{@ostow et al., 2001 Negative supercoils would
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have to be réntroduced into the freshly generated duplexes soon r&fpdication at the
arrival of topoisomeraseo allow these to coil up independently once again th&o
compactsupercoiled domain in two separate chromosafniesand Wang, 1987Postow

et al., 200). Negative supercoiling has been shown to facilitate transcrigfiorss and
Drlica, 1989, i.e., by aiding the recognition of the promoter by RNAP, or by reducing the
energy requirements for promoter ltiteg by the polymeraseSuch transient change of
supercoiling state might affect transcription of the replicating gene. PreviouBlycaot,
through genetic impairment of topoisomerase or addition of topoisomerase inhibitors, it is
foundthatasubsetf genes (& 7wasserfsitiveé tb the sgperooding state
(Peter et al., 2004 To testthe hypotlesisof supercoiling we can examina number of
supercoilingsensitivegenes(Peter et al., 20040 see how their transcriptional activity

changes around the time of gene replication.

2.2.3 Correlation betweedifferentgenecopies in the same cell

The activities of different copies of the same gewvere previously assumed to be
independenf{Jones et al., 20]&epldveda et al., 2006 The novel measurements dhe
activity of individual gene copiesnableexaminingthe correlation betweeheactivity of
multiple copies of the same gerdirectly. We unexpectely found a high level of
correlation between the activity ofvo copies of Rc in cells grown in a slowgrowth
condition(glycerot doubling time & 150 min), but
fastgrowth conditios (glucose doubl ing ti me & 505 mm).n;
The mechanism underlying the cepgpy correlation is uncleatt is possible that the

observed correlatiols generatethy an upstream regulator whose cemication fluctuates
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over ti me. ONOcelukr stated certhirdeveiiof the reglator), can multiple
gene copies become activiéhis fluctuating regulatoif exist seems to be nespecific to
the promotelPiac) but specific to growth rates R also displayed correlated activity in
glycerol but not in LB.An immediate next stewill be to examine the correlation for
different promotergregulated andconstitutivg, at different growth conditiongslow-

growth andfastgrowth).

Another possible mechanism is gimilarchromosome dynamics and environmsmdred
between sister copielt. has been showim E. coli thatthe genome positioaffectsthe
expression level(Bryant et al., 2014 Additionally, people in the field of synthetic biology
have started to consider thefect of compositional contexte(g., orientation, genetic
elements nearljywhen building sgthetic genetic circuitéyeung et al., 201)/where they
speculated that the supercoiling dynamics is the dominant factorhéorolbbserved

contextual effects.
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3 FUTURE DIRECTIONS

3.1 An improved MS2 system for accurate reporting of the RNA life cycle

in live cells

Thetime-lapse measurement using the MS2 reporter system emiaestracking of the
AONO andOFFO statusof individual genecopiesso that we canstimatethe probabilisic
rates of promoter switchingnd measure the temporal crassrelation between multiple
copies of the same gertdowever,there is a significarghortconing of the MS2 reporter
system used in this work, that it perturbs the endogenous system byngffR&tiA
degradation and spatial localizatif@olding and Cox, 20Q45olding et al., 2006 This
MS2 reporter systemvasinitially usedto image sintg RNA molecules in living eukaryotic
cells, where the RNA lives much longer than the time it takes for transcripth@uridine

at pogtion -5 of the loop was substituted by a cytosine, which increased the affinity of the
MS2 coat protein 1fold (Kg from 10 nM to 1nM) (Lowary and Uhlenbeck, 1987
Valegad et al., 199). The high affinity of the MS2 binding sites (MS2bs) for MS2 coat
protein would retain the tag on tRNA. However, inE. coli, the RNA lifetime ismuch

shorter(Chen et al., 2005 making the current MS2 reporter systarappopriate

A recent study irS. cerevisiaaglescribed an improveMS2 reporter systejrwherethe
affinity of the MS2 binding site (MS2bsjor MS2 the coat proteiwas reducedo allow
RNA degradation while preseng singlemolecule detectignas determined by smFISH
and live imagingTutucci et al., 2018 Comparing to the MS2bs array used in our work,
Tutucci and colleagues mea a few modifications: mutating C back to U at positioof

the loop, changing the stem sequence, cieduthe number astemloops(24 to 12), and
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increasing the linker length between repeatsn3® 50nt). They found that the C to U
mutaion was sufficient to reduden times the affinity of the MS2 coat protein for the MS2
independentlyof the stem squence. Additionally, both increased linker length, which
possibly allovedbeter access of nucleases to Ri¢A, andreduced number agtemloops
which provided less substrate for degradatiooreased the degradation of the reporter

transcripts.

We recently haveattemptedo adaptthe improved MS2 reportesysteminto E. coli and
characterie its behavior. W began withreplacing the24 or 48MS2bsarrayused in our
work with 24xMBSV6U (24 copies obktemloop, 50 nt linker length, U mutation at
position-5) used in(Tutucci et al., 2018 Preliminary results showed decreased RNA
signal and naggregatesocalizedto thecell pole (data not shown)possibly suggesting
increased RNA degradatiomno further characterize the detection efficieary estimate
the degradation rate, weould compare RNA production after addimgampicin (an
inhibitor for transcription initiatiopin cells whereMS2-GFP is absent or presernit is
worth noting that, assuming the same binding affinity, the {8&P usd in this work
(MS2 dimer tagged byone GFP molecule) would possibly only provide quarterof the
signal strength as ifiTutucci et al., 2018(MS2 monomer tagged byimerized GFIp
Additionally, it has been shown thah average only abotwo-thirdsof the 24 MS2 stem
loops were occupied by MS2FP (Fusco et al., 2003 Thus, to achieve single RNA

molecule detection, wenay have tonodify the current version oMS2-GFPas well
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3.2 Advanced timelapse imaging accompanied by impoved automated

analysis

Improving the temporal resolutioAs discissed above, we are attemptiogmprovethe

MS2 reporter system to captufe life cycle ofshortlived RNAsin E. coli. Our current

setup of timdapse imaging (80 min imaging interval) ispparentlyinsufficient, given

that inE. coli, on averageRNAs only live for a few minutegChen et al., 20)5High
temporal resolutiofii.e., higher frame ratef time-lapse imaging wilbe necessarpr us

to revisit the open questiorfdiscussed in the introduction chapter) using the improved
RNA reporter systemThe hgher temporal resolution will provide anore accurate
estimation othe probabilistic rates of promoter switching, more accurate measurement of
crosscorrelationbetweeri ndi vi dual gene copies awm enabl e
ono and Adf the promatef AN Gnmediate challenge foreseen in increased frame
rate is photobleaching. We may have to balance between the turnover rate of the RNA
signals and the ratof photobleaching and correct for the photobleaching in the data

analysis.

Improving the throughputixed-cell measuremergasily offes statistics from thousands

of cells.While, for time-lapseimagingusing theCellASIC ONIX microfluidic device,in
each field of view, the number of cells {80 and the number of generatio(&5) are
quite limited An alternativeoption will be using the mother machinmeacrofluidic device
which enabledrackingthe cell growth for hundreds of generatiof\&ang et al., 2010
We have succesfully built and usedhe motler machine microfluidic devide follow the

transcriptional activity of individual gene copies cells grow and divide ovelr00
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generationsHowever, currently, the movies taken in the mother machine raainly
analyzedmanually, as théluctuating background in the phase contrast obscures the cell
segmentation usin§chnitzcell(Young et al., 2012 To improve the throughputn ithe
future, we needto developautomatedmage analyss for moves taken in the mother

machinemicrofluidic device

Improving active transcription identificatioim this work, colocalization analysis of the

RNA and gene signalwas basedn ther distances irthe twodimensional projection.
However,the bacterial cell is a reshaped thredimensional structure. One can easily
imaginea casewheretwo spotsare overlapmg in their twodimensionajrojectiors, but

far away in the 3%-dimension (zdirection) We did acquirethe informatim in the z-
direction (9 zpositions witha stepof 200 nn). Incorporating the z informatiomto the
colocalization analysisould improve theidentification of active transcriptiotdowever,
note that foconventionafluorescence microscope, the spatial resofuiticthez-direction

i s a&a 500 n m,weakdorisidening the thickreesisdf, eetl width) ofE. colicells

( & 1 Usinm$uperesolution microscopy will improve the spatial resolutiprnorder

of magnitudgdiscussed later)

3.3 Exploring the spatial organization of transcription

Our existing data contains the spatial information of both the gene and RNA signals, but
the analysis is still limited, leaving thpatial aspects adxisting data mostly unexplored
Oneof the findingss the possild coupling of transcription to the spatial movement of the

gene(i.e., active genes ma to the periphery of the celljid. S31). We examined the
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spatial distribution ofctive and inactive gene copiglengthe short axis of the cedind
observed amembranalpreference for active gene copidsven though this result is
inconclusive (a4 5% difference between active

is worth exploring.

Functional coupling between transcription and translation has been exthnsive
documented in bacteri@das et al., 1967Proshkin et al., 20)0 However, RNAPand
ribosomes appear segregated in spabesomes typically reside in the periphery of the

cell, surounding the nucleoid and RNABakshi et al., 201, 2ZZampos and Jaco¥¥agner,

2013. Different models havébeen proposedor the functional coupling but spatial
separation between transcription and translation. One model suggests that actively
transcribed genes would reside at the interface between the nucleoid and the Hibhdsome
regions (Campos and Jacob¥agner, 2013 Another one proposes the existence of
Atranscription hubso (or Afactoriesodo), where
thecell, reside(Jin et al., 2018 Both models suggest thattivetranscription of a gene
involves changes in its spat@dsition consistent with our observed membranal preference

of active gene copief&urthermore, this dependence on spatial position may occur in a cell
cycle dependent manner, as suggested by the observation that the nucleoid elongates

periodcally in thecell cycle(Fisher et al., 2013

Anotherimportant findings thatboth tre nascent and totiEcY RNA (encoding amnner
membranaprotein) showed membranal preference, comparingcdd®RNA (encoding a

cytoplasmicprotein) €ig. S30). In bacterial cells, RNAs that encode irneembranal



proteinare coetranslationally insertenhto the cell membran@®riessen and Nouwen, 2008
But whether theco-translationalinsertionis coupledto transcription remains unknown.
Our datasuggesthat the cetranslational insertioand transcriptiorhappenat the same
time (i.e., a threavay coupling of transcription, translati@mdinsertior). Note that the
membranal preference tdcY RNA is only apparent when focusing on tlaeY RNA
signal from middle mslice, mostly due to the limited spatial resolution inztukrection( a

500 nm) in conventional fluorescence microscopy.

Supetresolution microscopy, accompanied by advances in specific labeling, has enabled
researchers to widely prelthe spatial localization and movement of single moésguor
example, DNA loopingHensel et al., 20)3 transcription factor dynamid&lf et al.,
2007and spatial distributions of RNAP and riboson{@skshi et al., 2012 Super
resolution microscopyy improving the spatial selutionby order ofmagnitude (~261m
resolution) can help us in identifying spatial features that are potentially tiny and difficult
for conventionalmicroscopy(e.g.,the membranal preference of active gene copies) and

rescuing thensufficiert resoluton in thez-direction

3.4 Simultaneous detection of two different genes and their astities

An extension of this worlwill be to detect tvo different genesand their activities
simultaneouslyTo label two different gene ladietO andlacO arrayscanwork together
without a problenof crossbinding (Possoz et al., 2006n the same cellMS2 and PP7
can becombinedto track the transcriptional activities of the tdifferentgenesHocine

et al., 2013 Our results showd reliable detection of individual gene copiessingtetO
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arrays, but it habeen reportethat strong binding by Lacl may block replication in cells
containinglacO arrays (Possoz et al., 200@nd unpublished results frotine Bates lab)

As an alternative plarParBparS variantscan be usetb labeldifferentloci in individual
cells(Li et al., 2002 Nielsen et al., 2006A possible conceris that the ability of ParB to
oligomerizehas been reported to resulpiossibletranscriptional silencing of nearby genes
(Bartosik et al., 2004 Building this elaborate reporter system will be challenging in many
ways, forexample the introduction of four different fluorescent proteins in the cell

(HiguchkSanabria et al., 20)@nd adapting @tocols forlive imaging.

This reporter system will allow, for example, examinihg correlation between different
genes.For two different genes that are regulatory connectegl, cell-cycle regulated
genes), atrongcorrelation in transcriptional aeity has been shown in yeaskandhi et

al., 201). A similar observation maype expectedh E. coli, between pairs of regulatory
connected geneBortwo functionally unrelated gengs yeast, it has been suggested that
neighboring genes are highly correlaiedtranscriptional activity, due to chromosome
positioning effectgBecskei efal., 2009. That correlation decreases with an increase in
genomic distance between geii@scskei et al., 20Q55andhi et al., 200)1The evidence

in higher organisms, as well as the possible association of chromosome regions with
transcriptional machinery i. coli(Jin et al., 20183 maysuggest a possible correlation in
transcription activities between two genes that are close in the genome, and lower

correlation when two genes are far away.



3.5 Measuring transcription and translation simultaneously

In this study, we have presentaanethod talistinguish RNAs that areeing transcribed
from finished ones. In the futuree hope to gain the capability tell apart RNAs that are
being translated or not, Hgbeing the translational machinery (riboses) or nascent
proteins This capability will possibly enable exploring how translatisncoupledto

transcription, mature RNA retention, membranal RNA localization, and RNA degradation.

To labelthe protein product of interegine of our previous studien fixed cellshasused
fluorophoretagged antibodie€Seplveda et al., 200)61n fixed cells, we can also apply a

set of DNA oligos targeting the RNA components in the ribos@nebaum et al., 2004

In live cells, researchers have fused fluorescent proteins to the ribosome components (e.g.
S2YFP) to visualizethe spatial distribution afbosomegBakshi et al., 2012 or used the
so-called SunTagsystem to detect nascent prote{fisnenbaum et al., 201.4In the
SunTagsystem, the protein of interastfusedto an array of peptide epitopes, which can

be bound by a genetically encoded antibody fragment, fused to a fluorescent protein,

rendering the proteinfanterest as fluorescent spots under the microscope.

Oneprimaryand obvious questioto be addressed if there is a difference between the
translatability of nascent and matiR&IAs. The weltknown functional coupling between
transcription and trandian in bacterial cells predicts that nascent RNAs are likely to be
translated moréDaset al., 1967Proshkin et al., 20)0OHowever, spatially, ribosomes are
primarily enrichedin the periphery of the celbutside of the nucleoid regiprsuggesting

thatmature RNA aremorelikely to be tanslatedThese two contradictory speculations
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bring severalmore general questisrior us to examineAre ribosomebound RNA and
ribosomefree RNA spatiallyocated differentf? What fraction of RNA in the cei$ being

bound and translatdaly ribosome?8

Some ofthe exctiting findings andopen questions that we have discussed earliebean
possiblyaddresseth more detaiby labeling translation and transcription simultaneously.

1) Mature RNA retention at the gen&e speculatedhatthe retaind mature RNAs are the

ones that arbeing translate¢coated with ribosomes thus less diffusive)is speculation
canbe examinedoy comparing theelative abundance of ribosomesretained and noen

retained mature RNAs. 2) RNA membranal localizationThe observedmembranal

preference fofacY RNA is consistent witithe argument that RNAs that encode inner
membranal proteimre cotranslationally insertethto the cell membranériessen and
Nouwen, 2008 Labeling thelacY protein andlacY RNA at the same time will allow

directly examining if they areo-localized at the cell membrar®).RNA degradationThe

measured changa the nascento-total ratio after addinglrugs that act on translatiain
machinery(e.g.chloramphenicol, kasugamycialippors that translatiortanaffect RNA
degradatio (Deana and Belasco, 2005 Labeling the translation machinery
simultaneously with the transcriptiavill allow further classifyingRNAs intosubgroups
that are being translated oot so that we can estimate the degradation ratekfferent

species
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