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Abstract

Recent advances in fluorescence microscopy have made it possible to measure the
fluctuations of nascent (actively transcribed) RNA. These closely reflect transcription
kinetics, as opposed to conventional measurements of mature (cellular) RNA, whose
kinetics is affected by additional processes downstream of transcription. Here, we for-
mulate a stochastic model which describes promoter switching, initiation, elongation,
premature detachment, pausing, and termination while being analytically tractable.
We derive exact closed-form expressions for the mean and variance of nascent RNA
fluctuations on gene segments, as well as of total nascent RNA on a gene. We also
obtain exact expressions for the first two moments of mature RNA fluctuations and
approximate distributions for total numbers of nascent and mature RNA. Our results,
which are verified by stochastic simulation, uncover the explicit dependence of the
statistics of both types of RNA on transcriptional parameters and potentially provide
a means to estimate parameter values from experimental data.

Keywords Stochastic gene expression - Master equation - RNA fluctuations -
Singular perturbation theory - Distributions of RNA molecules - Stochastic
simulations

1 Introduction

Transcription, the production of RNA from a gene, is an inherently stochastic pro-
cess. Specifically, the interval of time between two successive transcription events is
arandom variable whose statistics depend on multiple single-molecule events behind
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transcription (Sanchez and Golding 2013). When the distribution of this random vari-
able is exponential, we say that expression is constitutive; in that case, the number of
transcripts produced in a certain interval of time follows a Poisson distribution. On the
other hand, when the distribution of times between two successive transcripts is non-
exponential, then the number of transcripts is non-Poissonian. A special case of such
non-constitutive behaviour is bursty expression, whereby transcripts are produced in
short bursts that are separated by long silent intervals (Suter et al. 2011; Halpern et al.
2015). In yeast, genes whose expression is constitutive include MDN1, KAP104, and
DOA1, whereas PDRS is an example of a gene whose expression is bursty (Zenklusen
et al. 2008).

For two decades, mathematical models of gene expression have been developed to
predict the distribution of RNA abundance. By matching the theoretical distribution
with experimental measurements from microscopy-based methods (Raj et al. 2008),
one hopes to obtain insight into the underlying kinetics of transcription and to estimate
transcriptional parameters. The standard model of gene expression which has been
used for these analyses is the telegraph model (Peccoud and Ycart 1995), whereby
a gene can be in two states. Transcription occurs in one of the states, whereupon
RNA degrades; first-order kinetics is assumed for all processes. While the distribution
obtained from the telegraph model can typically fit cellular RNA abundance data,
there are innate difficulties with the interpretation of that fit: fluctuations in cellular
RNA numbers and, hence, the shape of the experimental RNA distribution do not only
reflect transcription, but also many processes downstream thereof, such as splicing,
RNA degradation, and partitioning during cell division.

To counteract these difficulties, in the past few years, mathematical models
(Choubey et al. 2015; Choubey 2018; Heng et al. 2016; Cao and Grima 2020) have
been developed to predict the statistics of nascent RNA, i.e. of RNA in the process of
being synthesised by the RNA polymerase molecule (RNAP), which can be visualised
and quantified due to recent advances in fluorescence microscopy (Lenstra et al. 2016;
Skinner et al. 2016; Larson et al. 2011; Antoine et al. 2014; Brouwer and Lenstra
2019). In contrast to cellular RNA, the statistics of nascent RNA is a direct reflection
of the transcription process; hence, these models can potentially give more insight
than the simpler, but cruder telegraph model. Choubey and collaborators (Choubey
et al. 2015; Choubey 2018) have developed a stochastic model with the following
properties: (i) a gene can be in two states (active or inactive); (ii) from the active
state, transcription initiation occurs in two sequential steps: the pre-initiation complex
is formed, after which the RNA polymerase escapes the promoter; (iii) once on the
gene, the polymerase moves from one base pair to the next (with some probability)
until the end of the gene is reached, when transcription is terminated and polymerase
detaches. Queuing theory is used to derive analytical expressions for the transient and
steady-state means and variances of numbers of RNAP that are attached to the gene in
the long-gene limit when the elongation time is practically deterministic. Heng et al.
(2016) have considered a coarse-grained version of that model, whereby the move-
ment of RNAP from one base pair to the next is not explicitly modelled, obtaining an
analytical expression for the total RNAP distribution in steady-state conditions. More
recently, Cao and Grima (2020) have studied a model of eukaryotic gene expression
that yields approximate time-dependent distributions of both nascent and cellular RNA
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abundance as a function of the parameters controlling gene switching, DNA duplica-
tion, partitioning at cell division, gene dosage compensation, and RNA degradation; in
their coarse-grained model, the movement of RNAP is not explicitly modelled, while
the elongation time is assumed to be exponentially distributed, which simplifies the
requisite analysis.

The complexity of nascent RNA models has thus far not allowed the same detailed
level of analysis as has been possible with the much simpler telegraph model. A few
shortcomings of current models can be summarised as follows: (i) distributions of
nascent RNA have been derived from models that do not explicitly model the move-
ment of RNAP along a gene (Heng et al. 2016; Cao and Grima 2020), resulting in
a disconnect between theoretical description and the microscopic processes underly-
ing transcription; (ii) while the analysis of single-cell sequencing data and electron
micrograph data yields the positions of individual polymerases along the gene, allow-
ing for the calculation of statistics (means and variances) of the numbers of RNAP on
gene segments that are obtained after binning, detailed models of RNAP elongation
(Choubey et al. 2015; Choubey 2018) provide analytical results only for total RNAP
on a gene and hence cannot be used to understand gene segment data; (iii) analytical
calculations of the statistics of nascent RNA ignore important details of the transcrip-
tion process such as pausing, traffic jams, backtracking, and premature termination,
some of which have to date been explored via stochastic simulation (Klumpp and Hwa
2008; Rajala et al. 2010; Choubey et al. 2015; Rodriguez et al. 2019; Md Zulfikar et al.
2020).

In this paper, we overcome some of the aforementioned shortcomings of analytically
tractable models for the transcription process. In Sect. 2, we study a stochastic model
for promoter switching and the stochastic movement of RNAP along a gene, allowing
for premature termination. We derive exact closed-form expressions for the first and
second moments (means and variances) of local RNAP fluctuations on gene segments
of arbitrary length, which allows us to study how these statistics vary along a gene as
a function of transcriptional parameters; we also obtain expressions for the mean and
variance of the total RNAP on the gene which generalise previous work by Choubey
et al. (2015). In Sect. 3, we investigate approximations for the distributions of total
RNAP and mature RNA, showing in particular that Negative Binomial distributions
can provide an accurate approximation in certain biologically meaningful limits. In
Sect. 4, we illustrate the difference between the statistics of local and total RNAP
fluctuations and those of light fluorescence due to tagged nascent RNA. In Sect. 5,
we extend our model to include pausing by deriving approximate expressions for the
mean, variance, and distribution of observables. We conclude with a discussion of our
results in Sect. 6.

2 Detailed Stochastic Model of Transcription: Set-up and Analysis
In this section, we specify the stochastic model studied here; then, we derive closed-

form expressions for the moments of mature RNA and of local and total RNAP
fluctuations in various parameter regimes.
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2.1 Set-up of Model

We consider a stochastic model of transcription that includes the processes of initiation,
elongation, and termination, as illustrated in Fig. 1. For simplicity, we divide the gene
into L segments; the RNAP on gene segment i is then denoted by P;. The promoter
can be either in the inactive state (Gofr) or the active state (Gop), switching from the
inactive state to the active one with rate s, and from the active state to the inactive
one with rate s,. When the promoter is active, initiation commences via the binding
of an RNAP with rate r, denoted by P;. Subsequently, the RNAP either moves from a
gene segment to the neighbouring segment with rate k, or it prematurely detaches with
rate d. Note that here we have made two assumptions: (i) the movement of RNAP is
unidirectional, away from the promoter site and hence left to right, with no pausing or
backtracking allowed; (ii) the detachment and elongation rates are independent of the
position of RNAP on the gene. Each RNAP has associated with it a nascent RNA tail
that grows longer as the RNAP transcribes more of the gene. When the RNAP reaches
the last gene segment, termination occurs, i.e. the RNAP-nascent RNA complex gets
dissociated from the gene leading to a mature RNA (M) which degrades with rate d,,,.
Note that for simplicity, we have not considered excluded-volume interaction between
adjacent RNAPs here; hence, we make the implicit assumption of low ‘traffic’, which
is plausible when the initiation rate is sufficiently low. (We test the validity of this
assumption through simulations below.)

Note that, while the choice of L is arbitrary, it should be kept in mind that L needs
to be sufficiently large for the dynamics to be described at a fine spatial resolution.
However, L also has to be small enough for the length of each gene segment to be much
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Fig.1 (Color Figure Online) Model of transcription. a The gene is arbitrarily divided into L segments, with
RNAP (blue) on gene segment i denoted by P;. The promoter switches from the active state Gop to the
inactive state G g With rate s, while the reverse switching occurs with rate s,,. When the promoter is active,
initiation of RNAP occurs with rate r. Initiation is followed by elongation, which is modelled as RNAP
‘hopping’ from gene segment i to the neighbouring segment i + 1 with rate &, i.e. as the transformation
of species P; to P; 1. RNAP prematurely detaches from the gene with rate d. A nascent RNA tail (red),
attached to the RNAP, grows as elongation proceeds. Termination is modelled by the change of Py, withrate k
to mature RNA (M), which subsequently degrades with rate dy,; . In b, we show the probability distribution
P(T) of the total elongation time 7—the time between initiation and termination—as predicted by the
stochastic simulation algorithm (SSA; histogram) and our theory (Erlang distribution with shape parameter
L and rate k + d; solid line). The parameter values used are L = 50, k = 10/min, and d = 1.5/min. In ¢, we
show the dependence of the mean of the distribution P(7') on the RNAP detachment rate (d), as predicted
by SSA (dots) and our theory ((T') = L/(k + d); solid line). The relevant parameter values are L = 50 and
k = 10/min (Color figure online)
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larger than the footprint of an RNAP; the latter is needed to ensure the validity of the
low-traffic assumption. The elongation time which is the total time 7 from initiation
to termination, that is, conditioning on those realisations for which the RNAP does
not prematurely detach, is Erlang distributed with mean L/(k 4+ d) and coefficient
of variation 1/+/L; see ‘Appendix A’ for a derivation and Fig. 1b, ¢ for verification
through stochastic simulation (SSA).

Note that the total number of RNAPs transcribing the gene is equal to the number
of nascent RNA molecules present, irrespective of their lengths; to shed light on the
fluctuations of nascent RNA, in this section we therefore focus on the calculation
of statistics of local and total RNAP fluctuations. We define the vector of molecule
numbers m = (ng,ni,...,nr,n), and we write (ng), (n;) G = 1,2,...,L), and
(n) for the average numbers of molecules of active gene, RNAP, and mature RNA,
respectively. The above model can then be conveniently described by L + 2 species
interacting via a set of 2L + 4 reactions with the following rate functions:

Species Molecule numbers Position (in 771)
Gon no 1
P, iell,... L} n; i+1
M n L+2
Reaction Rate function f;
Sh
Gon —> Goff J1 = sp(no)
Ay .
Goff - Gon S2 = su(l = (no))
r
Gon — Gon + Py f3 =r{ng)
k .
Pi — Py, i€f{l,..., L-1} fit3 = kin;)
k
P — M Jr43 =k(nr)
d .
P,— o, iefl,...,L} Sivr+3 =d(n;)
d, .
M=o faL+4 = dpm (n)

Note that G is not an independent species; the reason is that the binary state of the
gene implies a conservation law, with the sum of the numbers of G and G ¢t equalling
1. Hence, the number of independent species in the modelis L+2. The rate functions f;
are the averaged propensities from the underlying chemical master equation (CME);
note that, because our reaction network is composed of first-order reactions, these
rate functions also equal the reaction rates in the corresponding deterministic rate
equations. The description of our model is completed by the (L + 2) x (2L + 4)-
dimensional stoichiometric matrix S; the element S;; of S gives the net change in
the number of molecules of the ith species when the jth reaction occurs. Given the
ordering of species and reactions as described in the tables above, it follows that the
matrix S has the simple form
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Si1=-1, Sip=1,
Siit1=1, Siit2=—1, Siivr+2 =—1, (D
Sti2043 =1, Spi22044 =—1,

wherei =2,...,L + 1.

2.2 Closed-Form Expressions for Moments of Mature RNA and Local RNAP

In this subsection, we outline the derivation of the steady-state means and variances
of local RNAP fluctuations (on each gene segment), as well as of mature RNA. Our
results are summarised in the following two propositions.

Proposition 1 Let n = s, /(s + sp) be the fraction of time the gene spends in the
active state, let py = r /k be the mean number of RNAPs binding to the promoter site
in the time it takes for a single RNAP to move from one gene segment to the next, let
p = r/dy be the mean number of RNAPs binding to the promoter site in the time it
takes for a mature RNA to decay, and let © = k/(k + d) be the probability that an
RNAP molecule moves to the next gene segment rather than detaching prematurely.
Then, the steady-state mean numbers of molecules of active gene, RNAP, and mature
RNA are given by

(no) = n, (2a)
(ni) = noxp! fori=1,...,L, (2b)
(n) = nou*, (2¢)

respectively.

Proposition 1 can be proved in a straightforward fashion, as follows. Using the under-
lying CME, one can show from the corresponding moment equations (Warren et al.
2006) that the time evolution of the vector (r?t) of mean molecule numbers in a sys-
tem of zeroth-order or first-order reactions, i.e. with prqpensities thaﬁ are linear in the
number of molecules, is given by the time derivative d(m)/df = S- f. Given the form
of the stoichiometric matrix S and of the rate functions f ;. as described in Sect. 2.1, it
follows that the mean numbers of all species in steady state can be obtained by solving
the following system of L + 2 algebraic equations:

0 = s, (1 = {(no)) — sp(no),

0 =r(no) — (k +d)(n1),

0=kini_1) — (k+d)n;) fori=2,...,L,
0=k(np) — dpn(n).

3)

These equations can easily be solved simultaneously to yield the steady-state value of
(m), as given in Eq. (2).
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Proposition2 Lett, = 1/(d+k), 1, = 1/(su+S5p), and T, = 1/d,, be the timescales
of fluctuations of RNAP, gene, and mature RNA, respectively, and define the three new
parameters

1 1 1
O=—, y=————, and 0 = ———.
1+1,/7g 1+1p/tm 1+ 1,/1g

Furthermore, let B = sp /s, denote the ratio of gene inactivation and activation rates.
Then, the variances and covariances of molecule number fluctuations of active gene,
RNAP, and mature RNA are given by

Var(ng) = (no)?B, (4a)

Cov(no. ny) = (no)(ni)ep - fui. where fi; =o'~ (4b)

Cov(ng, n) = (no){n)eB - fim, where fiy = 0o’ !, (4c)

Cov(nj,nj) = 8;j(ni) + (n;)nj)ap - fij,  where fi; = f(, j)+ f(j,0), (4d)

Cov(ni.n) = (n;)n)aB - fin. where fiyr = y'0er ™ + (1= )Yy fyr.

g=1

(4e)

Var(n, n) = (n) + (n)*aB - fum. where fum = fLm, (4f)
and where i, j =1, ..., L. Here, §;; is the Kronecker delta; moreover,

ol til 1 [fi+j—1 20 — 1
i) = ' 1 1— Fi(l.i ';';L],
F@D (2a—l)‘+2’+l—1< i )[ 2e 2P+ 775 5)

where o F| denotes the generalised hypergeometric function of the second kind (Digital
Library of Mathematical Functions 2020a), which is defined as

o]

2Fi(ar.axibiiz) =)

s=0

(ap)s(az)s i
(b1)s st

with (a)s = I'(a + 5)/ ' (a) the Pochhammer symbol.

Here, we note that an alternative representation of the functions f;; in Eq. (4d), in
terms of finite sums, is given in Eq. (B.33) of ‘Appendix B’.

As above, since the underlying propensities are linear in the number of molecules,
the CME implies (Warren et al. 2006) that the corresponding second moments in steady
state are exactly given by a Lyapunov equation. That equation, which is precisely the
same as the one that is obtained from the linear-noise approximation (LNA) (EIf and
Ehrenberg 2003), takes the form

J-c+C-JT+D=0. 5)

Here, C, J, and D are (L + 2) x (L + 2)-dimensional matrices; C is a variance—
covariance matrix that is symmetric (C;; = Cj;), J is the Jacobian matrix with
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elements J;; = (S - f),-/a(n,->, and D = S Diag(f) - ST is a diffusion matrix,
where Diag( f) is a diagonal matrix whose elements are the entries in the rate function
vector f. The nonzero elements of J are given by

Ji1 = —(su +5p),

Jor =1, Jo =—(k+d), ©)
Jiic1 =k, Ji=—(k+d) fori=3,...,L+1,
Ji42,041 =k, Ji42, 042 = —dpn,
while the nonzero elements D; read
Dy = sp(no) + su (1 — (no)),
D2 =r(no) + (k +d)(n1), D3 = —k(ny),
Dj i1 = —k(ni-2), D;; =k{nj_1) + (k +d)(n;) fori=3,...,L+1,
D; i1 = —k(ni_1) fori =3,..., L,
Dryo. 1 = —k(nL), Dryo. 42 =king) + dw(n).
(N

Given the structure of the matrices J and D above, the Lyapunov Eq. (5) can be
solved explicitly for the covariance matrix C whose elements are given by Eq. (4).
The solution by induction is involved and can be found in ‘Appendix B’, which proves
Proposition 2.

2.2.1 Simplification in Bursty and Constitutive Limits

Bursty limit: We now consider a particular parameter regime—the limit of large
initiation rate r and large gene inactivation rate s, such that b = r /s, is constant.
Since the fraction of time spent in the active state is 5, it follows that the gene is
mostly in the inactive state in that limit. During the short periods of time when it
transitions to the active state, a burst of initiation events occur; in particular, a mean
number b of RNAPs bind to the promoter during activation. Hence, such genes are
often termed bursty, since transcription proceeds via sporadic bursts of activity and b
is called the mean transcriptional burst size. For r and s, large with b constant, the
expressions for the first two moments of RNAP at every gene segment and of mature
RNA from Egs. (2) and (4), respectively, simplify to

(ni)p = bug', (8a)
(n)p = bumpt, (8b)
1 TG+j-1

2i+j=2 rarg)

Covini, nj)p = 8ij(ni)p + (ni)p(nj)p(urm) ™" - hij, where hjj =

(8¢)

Cov(ni, n)p = (ni)p(n)p k)" hin. where by = (1—y) Yy hgy
g=1

(8d)
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Var(n)p = (n) + (M) ei) ™~ kg, where hyy = hpas (8e)

here, the subscript b denotes the moments in the bursty limit. Moreover, vy = s, /k,
Un = Su/dm, and h;j = fijlq—0 denotes the simplified function f;; in the limit of
a—> 0, which is achieved when s;, — 00. We note that the above expressions for
the functions £;; are derived from the expressions for f;; that are given in Eq. (B.33),
rather than from those in Eq. (4d). The reason is that, in the bursty limit, we have that
ﬁ — 00, in which case the identity in Eq. (B.36) does not hold. The bursty limit
in Eq. (B.33) is simply taken by collecting terms that are not dependent on «, since
o —> 0 in that limit.

To test the accuracy of our theory, in Fig. 2 we compare our analytical expressions
for the mean of local RNAP numbers, as well as for various measures of local RNAP
fluctuations—the coefficient of variation CV, the Fano factor FF, and the Pearson
correlation coefficient CC—with those calculated from stochastic simulation using
Gillespie’s algorithm (SSA) (Gillespie 1977). Simulations are performed for two dif-
ferent scenarios: (i) without volume exclusion, where the footprint of RNAPs is not
taken into account; and (ii) with volume exclusion, where RNAPs are treated as solid
objects with a footprint of 35 bp, which is the value reported in Md Zulfikar et al.
(2020). For our simulations in Fig. 2, we use parameter values characteristic for the
gene PDRS5 of length 3070 bp, as reported in Zenklusen et al. (2008). Our choice of
L = 30 implies that the length of each gene segment is about 100 bp and, hence,
that at most 3 RNAPs can fit in each segment when volume exclusion is taken into
account. In this case, Gillespie’s algorithm is modified such that the initiation and
RNAP ‘hopping’ rates are proportional to the available volume in the gene segment
which the RNAP is moving to. That is achieved by rescaling the transcription initiation
rate as 7 — r(1 —n1/3) and the RNAP hopping rate from the ith to the (i + 1)th gene
segment as k — k(1 — n;41/3). Since we use parameters measured for a gene that
demonstrates bursty expression (PDRS5) (Zenklusen et al. 2008), we test the accuracy
of both the exact theory from Eqgs. (2) and (4) and the approximate expressions given
in Eq. (8).

The perfect agreement between our exact theory (solid lines) and simulation without
volume exclusion (dots) provides a numerical validation of that theory. Our approxi-
mate theory (dashed lines) also yields a reasonably good approximation; the mismatch
can be decreased if the degree of burstiness is increased, i.e. by increasing the param-
eters r and s, relative to the other rates in the model. We also note that the theory is in
good agreement with simulation with volume exclusion (open circles), which shows
that the ‘low traffic’ assumption upon which our theory is based is valid.

The following interesting observations can be made from these figures: (i) if the rate
of premature detachment is greater than zero, then the mean of local RNAP decreases
monotonically with the distance i from the promoter according to a power law, whereas
that mean is constant along the gene if there is no premature detachment, as expected,;
(ii) the size of RNAP fluctuations, as measured by CV, decreases with i for small
premature detachment rates, but increases with i for sufficiently large values of the
detachment rate; (iii) the Fano factor approaches 1—the value of FF for a Poissonian
distribution—as i increases, which is due to the dispersal of the burst as stochastic
elongation proceeds; (iv) the correlation coefficient between the local RNAP on two
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neighbouring gene segments decreases monotonically with i, which is exacerbated
by premature detachment and is a direct result of the stochasticity inherent in the
elongation process.

The observation in (iii) can be explained in detail as follows. When the detachment
rate is zero, a burst of RNAPs rapidly bind to the promoter, leading to large fluctuations
near that site; however, thereafter each RNAP moves distinctly from all others due to
stochastic elongation. Hence, the burst is gradually dispersed as elongation proceeds,
which implies a decrease in the variance of fluctuations with increasing i. When the
detachment rate is nonzero, then the same effect is at play; however, the increase in the
variance of fluctuations along the gene is now counteracted by the decrease in mean
RNAP numbers, which leads to two types of behaviour: for small i, CV decreases with
i, since the variance dominates over the mean, while for large i, the opposite occurs
and CV increases with .

Constitutive limit: The other common parameter regime is that of constitutive gene
expression, where the gene spends most of its time in the active state and transcrip-
tion is continuous, which corresponds to the limit of very small sp. In that limit, the
expressions from Eqs. (2) and (4) simplify to

(ni)e = Var(n;)e = pept' and (). = Var(n), = bpu*, )

while the covariances Cov(n;,nj). and Cov(n;, n). between the species are zero;
here, the subscript ¢ denotes the constitutive limit. This drastic simplification reflects
the fact that, in the constitutive limit, the distributions of mature RNA and local RNAP
are Poissonian: as the regulatory network is effectively given by § — P} — P, —
... > P — M — (J then, the result follows directly from the exact solution provided
in Jahnke and Huisinga (2007).

To further test the accuracy of our theory, in Fig. 3 we compare our analytical expres-
sions for the mean of local RNAP numbers, as well as for various measures of local
RNAP fluctuations, with those calculated from stochastic simulation using Gillespie’s
algorithm, where we use parameters measured for a gene that demonstrates constitu-
tive expression (DOA1) (Zenklusen et al. 2008). As before, we test the accuracy of
both the exact theory given by Eqgs. (2) and (4) and the approximate expressions from
Eq. (9). Unsurprisingly, we observe agreement between exact theory (solid lines) and
simulation (dots); the mismatch between our approximate theory and simulation is due
to the fact that the gene does not spend 100% of its time in the active state—the true
constitutive limit—but, rather, s, /(s, + sp) = 85%. The local mean RNAP number
decreases with distance from the promoter, as was the case for bursty expression in the
previous subsubsection, which is to be expected. The various measures which depend
on the second moments are, however, considerably different: CV increases monoton-
ically with i, independently of the rate of premature detachment, while FF and CC are
very close to 1 and zero, respectively; moreover, the latter two measures practically
show very little variation along the gene. The lack of transcriptional bursting explains
all these effects in a straightforward fashion.

Finally, we remark that the accuracy of our expressions for the mean and variance
of mature RNA, as given in Eq. (2) and (4), is verified by simulation (SSA) in Fig. 4a,
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Fig.2 (Color Figure Online) First and second moments of the distribution of local RNAP for the PDRS5 gene
in yeast, which demonstrates bursty expression. In a—d, we show the dependence of the mean, coefficient of
variation squared, Fano factor, and Pearson correlation coefficient, respectively, of local RNAP fluctuations
on gene segment 7, as predicted by our exact theory (Egs. (2), (4); solid lines), the approximate theory in the
bursty limit (Eq. (8); dashed lines), and simulation via Gillespie’s stochastic simulation algorithm (SSA),
respectively. We performed simulations for two different cases: without volume exclusion (dots) and with
volume exclusion (open circles). The parameters are fixed to s, =0.44/min, sp=4.7/min, and r=6.7/min,
which are characteristic of the PDR5 gene in yeast, as reported in Supplemental Table 2 of Zenklusen
et al. (2008). The number of gene segments is arbitrarily chosen to be L = 30. The total elongation time
(T') = 4.5 min is also reported for PDRS, described as the synthesis time and denoted by t in Zenklusen
et al. (2008). The elongation rate by definition takes the value of the ratio k = L/{T) —d ~ L/(T), since
d < k. The detachment rate d is arbitrarily chosen to be d = 0.01/min (red lines and dots) or d = 0.2/min
(black lines and dots). Note that, for the SSA, moments are calculated from one long trajectory with a few
million time points, sampled at unit intervals (Color figure online)

b for parameters typical of the bursty PDRS5 gene. The meaning of the dependence of
descriptive statistics on L is discussed in the next section.

2.3 Closed-Form Expressions for Moments of Total RNAP

While local RNAP fluctuations are measurable in experiment, as discussed in the
Introduction, measurements of total RNAP on a gene are typically reported. Hence,
in this section, we briefly discuss descriptive statistics of total RNAP fluctuations.
Recalling that n; is the number of RNAP molecules on the ith gene segment, the
total number of RNAPs on the gene—arbitrarily divided into L segments—is given
by ny = Zle n;. Given Eq. (2) and (4), the steady-state mean (ny) = Zle (ni)
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Fig. 3 (Color Figure Online) First and second moments of the distribution of local RNAP for the DOA1
gene in yeast, which demonstrates constitutive expression. In a—d, we show the dependence of the mean,
coefficient of variation squared, Fano factor, and Pearson correlation coefficient, respectively, of local
RNAP fluctuations on gene segment i, as predicted by our exact theory (Egs. (2) and (4); solid lines), the
approximate theory in the constitutive limit (Eq. (9); dashed lines), and simulation via Gillespie’s stochastic
simulation algorithm (SSA; dots), respectively. The parameters are fixed to s, = 0.7/min, s = 0.12/min
and r = 0.14/min, which are characteristic of the DOA1 gene in yeast, as reported in Supplemental
Table 2 of Zenklusen et al. (2008). The number of gene segments is arbitrarily chosen to be L = 30.
The total elongation time (7') = 2.9 min is also reported for DOA1, described as the synthesis time and
denoted by 7 in Zenklusen et al. (2008). The elongation rate by definition takes the value of the ratio
k=L/(T)—d =~ L/(T), since d < k. The detachment rate d is arbitrarily chosen to be d = 0.01/min
(red lines and dots) or d = 0.2/min (black lines and dots). Note that, for the SSA, moments are calculated
from one long trajectory with a few billion time points, sampled at unit intervals (Color figure online)

and the steady-state variance Var(nyg) = ZlL j=1 Cov(n;,nj) of the total RNAP
distribution are given by

L_ Lo
(nior) = npku% and Var(o) = {(nior) + @B (npk)? Z Wt fij
ij=1
(10)

For a detailed derivation of the variance in Eq. (10), we refer to ‘Appendix C’.
These expressions for the mean and variance of the total RNAP distribution simplify
in the bursty and constitutive limits, as can be seen in ‘Appendix D’. The accuracy
of Eq. (10) is tested by comparing against stochastic simulation with SSA in Fig. 4c,
d. Both mean and variance are seen to increase monotonically with the number of
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Fig.4 Mean and variance of the distributions of mature RNA and total RNAP for the PDRS5 gene in yeast. In
a, b, we show the dependence of the moments of mature RNA fluctuations on the number of gene segments
L, as predicted by our theory (Egs. (2) and (4); solid lines) and SSA (dots). In ¢, d, we show the dependence
of the moments of total RNAP on L, as predicted by our exact theory (Eq. (10); solid lines) and SSA (dots).
The parameters s, sp, r, and (T') are characteristic of the PDRS5 gene and are the same as in Fig. 2. The
premature detachment rate is chosen to be d = 0.01/min; the elongation rate is then given by k ~ L/(T).
The degradation rate of mature RNA is d;; = 0.04/min, which is chosen such that the mean mature RNA
is roughly consistent with that reported in Fig. 6(b) of Zenklusen et al. (2008). Note that, for the SSA,
moments are calculated from one long trajectory with a few billion time points, sampled at unit intervals

gene segments L, as we keep the mean elongation time constant; the mean shows very
little dependence on L, while the dependence of the variance is more pronounced. We
recall that, while the parameter L is arbitrary in principle, it actually determines the
size of fluctuations in the elongation time. Since that time is the sum of L independent
exponential variables with mean 1/(k + d) each, it follows that the distribution of the
elongation time 7 is Erlang with mean (T') = L/(k + d) and coefficient of variation
squared equal to 1/L. Hence, the larger L is, the narrower is the distribution of 7" and
the more deterministic is elongation itself. Thus, Fig. 4c, d predicts that the mean and
variance of total RNAP increase rapidly with decreasing fluctuations in the elongation
time 7. It hence follows that models in which the elongation rate is assumed to be
exponentially distributed (Cao and Grima 2020), which correspond to the case where
L = 1 in our model, underestimate the size of nascent RNA fluctuations.

2.4 Special Case of Deterministic Elongation
Next, we derive expressions for the descriptive statistics of total RNAP and mature

RNA in the limit of large L taken at constant mean elongation time, which corresponds
to deterministic elongation. As is shown in Fig. 4, these statistics converge quickly to
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the ones obtained in the large-L limit; hence, the resulting limiting expressions are
likely to be useful across a variety of genes.

Moments of total RNAP distribution: We define the non-dimensional parameters
dg = 1¢/t0, Tg = (T)/7g, and Ty = (T')/t4, which correspond to the ratio of
the gene timescale and the polymerase detachment timescale, the ratio of the mean
elongation time and the gene timescale, and the ratio of the mean elongation time
and the polymerase detachment timescale, respectively; here, T; = 1/d, as before.
Substituting k +— L/(T) — d into Eq. (10) and taking the limit of deterministic
elongation, i.e. letting L — oo at constant (7'), we obtain the following expressions
for the mean, variance, and CV? of total RNAP:

-
(Mot)oe =n=(1 —e 1),
(5g — 1) + (8g + De 2Tt — 28,6 Tze~Ta
(g — 1)(8g + 1)(1 — e~ Ta)2
(8g — 1) + (8 + De 2Tt — 25, Tee~Td
5y — D(8g + 1)(1 —eTa)?

Var (nio) oo = (ftot) 0o + <nt0t>§o : ﬁég

)

CV2 (o) oo = {Miot) e + Bg

(1)

Here, the subscript co denotes the limit of L — oo. A detailed derivation of the
variance in Eq. (11) can be found in Lemma C.1 of ‘Appendix C’.

In the special case when RNAP does not prematurely detach from the gene, i.e. for
d = 0, the expressions in Eq. (11) simplify to

(ntot) (00:0) = nr(T),
Var(ntot)(oo;O) = (ntot>(oo;0) + (ntot)%oo;()) .ZﬂTg_l(]‘ - Tg_l + Tg_le_Tg), (12)
2 -1 -1 -1 -1 .-T,
CV(OO;O) = <”‘°‘>(oo;0) + Z'BTg (1 — T, +T, e g)’

where the subscript (co; 0) denotes the limit of (L, d) — (oo, 0). The expressions
in Eq. (12) have been previously reported in Choubey et al. (2015), where they were
derived using queuing theory. Hence, our expressions in Eq. (11) constitute a gener-
alisation of known results, by further taking into account premature detachment of
RNAP from the gene.

Equation (12) shows that the coefficient of variation squared of total RNAP, denoted
by CV%OQ;0 , can be written as the sum of two terms: (i) the inverse of the mean which
is expected if the distribution of total RNAP is Poissonian, and (ii) a term that increases
with increasing B and decreasing T,. Hence, the latter term provides a measure for
the deviation of the total RNAP distribution from a Poissonian. In particular, it shows
that the deviation is significant in genes for which (i) the fraction of time spent in the
inactive state is large (large §), and (ii) the elongation time is much shorter than the
switching time between the active and inactive states (small 7).

Moments of mature RNA distribution: Similarly, in the limit of deterministic elon-
gation, it is straightforward to show that the expressions for the mean and variance of
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the distribution of mature RNA given by Egs. (2) and (4) reduce to
(Moo = npe™ ™ and Var(n)oo = (n)oo + (n)%, - B6. (13)

These expressions can be further simplified in the special case of no premature detach-
ment to read

(1) (00:0) =np and  Var(n)(se:0) = (1) (00:0) + (1){nc:0) - BO- (14)

Note that the mean and variance are precisely the same as would be obtained from the
telegraph model, for which the corresponding Fano factor in the bursty limit is given
by Eq. (16) below. Hence, we anticipate that, in the limit of no premature detachment
and deterministic elongation, the distribution of mature RNA from our transcription
model is the same as the distribution obtained from the coarser telegraph model. A
formal proof of that claim will be given in Sect. 3.

Relationship between Fano factors of total RNAP and mature RNA: Specifying
to the case of no premature detachment, it is interesting to note that in the bursty limit,
i.e. for r, s — 00 at constant mean burst size b = r/sp in Eq. (12), the Fano factor
of total RNAP is given by

FFn(b;oo;O) =1+2b; (15)

see also Eq. (D.3) in ‘Appendix D’. Here, the subscript n denotes nascent RNA (total
RNAP). Eq. (15) is in contrast to the Fano factor of mature RNA in the same bursty
limit:

FFm(b;oo;O) =1+b, (16)

see Eq. (D.8) in ‘Appendix D’, where the subscript m denotes mature RNA. (Note
that FF;, (5. 00,0 also equals the Fano factor of the telegraph model in the same bursty
limit (Raj et al. 2006).) Hence, by comparing Eqs. (15) and (16), we can deduce the
following for bursty expression: (i) if the telegraph model is used to estimate the mean
transcriptional burst size from total RNAP data where the elongation time is deter-
ministic, then the mean burst size will be overestimated by a factor of two—in other
words, the implicit assumption that the elongation time is exponentially distributed is
inadequate; (ii) fluctuations in total RNAP (nascent RNA) deviate more from Poisson
statistics, for which the Fano factor equals one, than fluctuations in mature RNA.

More generally, if we do not enforce the bursty limit, then we find the following
relationship between the Fano factors of total RNAP and mature RNA, which are
calculated from Eqgs. (12) and (14), respectively:

FF; (00,0 14 e Ty I, T, B 17
FFm(oo;O) Tg2[TrTSb + Tg(Tg + Tm)]
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Fig.5 Comparison between the Fano factors of nascent and mature RNA. Contour plot showing the variation
of E—a measure of the difference between the two Fano factors which is defined in Eq. (18)—with the
non-dimensional parameters T and T, which denote the ratio of the mean elongation time to the timescales
of promoter switching and decay of mature RNA, respectively. As can be appreciated from Eq. (17), E is
positive if the Fano factor of nascent RNA is larger than that of mature RNA and negative if the reverse is
true. The line Ty, =~ 1 — %Tg, where E = 0, shows where the two Fano factors are identical

Here,
E =2(Ty + Tn) + "*[2(Tg — DTy + (T, — )T, (18)

while T, = (sy + sp)(T), T, = r(T), T,, = dy(T), and Ty, = s3(T) are non-
dimensional parameters representing the ratio of the mean elongation time to the
timescales of promoter switching, initiation, decay of mature RNA, and gene deacti-
vation, respectively. From Eq. (17), we deduce that FFy(o0.0) > FFm(eo:0) if and only
if & > 0. From the contour plot of E in Fig. 5, one can deduce that

5
E >0 ifandonlyif 7, 21— ng. (19)

Hence, the Fano factor of nascent RNA is larger than that of mature RNA if and only
if the above (approximate) condition is satisfied. In the bursty limit, 7, — oo due to
sp — oo which, together with 7,, > 0, implies that Eq. (19) holds; the condition is
also satisfied if promoter switching is very fast compared to elongation. By contrast,
if T,, < land Ty < 1, thenitis possible to have the opposite scenario where the Fano
factor of mature RNA is larger than that of nascent RNA, which occurs, for example,
if promoter switching and mature RNA decay are very slow compared to elongation.
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Sensitivity of coefficient of variation of total RNAP and mature RNA: Since we
have found explicit expressions for the first two moments of the distributions of
total RNAP and of mature RNA, we can now estimate the sensitivity of the noise
in each of those to small perturbations in the transcriptional parameters. Specifically,
we calculate the logarithmic sensitivity (LS), which is also known as the relativity
sensitivity, of the coefficient of variation (CV) to a parameter s, which is defined as
Ay = (s/CV)(0CV/0s). (That definition implies that a 1% change in the value of the
parameter s results in a change of A;% in CV.)

In Table 1b, we report the logarithmic sensitivity of the coefficient of variation
of total RNAP fluctuations, which is obtained from Eq. (12), to perturbations in the
parameters sy, sp, ', and (7). Similarly, in Table lc, we report the logarithmic sen-
sitivity of the coefficient of variation of mature RNA fluctuations from Eq. (14) to
perturbations in the parameters s,, sp, , and d,,. In both cases, these sensitivities
are calculated for parameter values estimated for five genes in yeast, as reported in
Zenklusen et al. (2008); see Table 1a.

The following observations can be made regarding the sensitivity of the noise in
total RNAP fluctuations: (i) for the two genes PDR5 and POL1 which spend most of
their time in the inactive state due to s > s, CV is most sensitive to changes in the
parameters s, and (7T'); (ii) for the genes DOA1, MDNI1, and KAP104 which spend
most of their time in the active state due to s, > s, CV is most sensitive to changes
in the parameters r and (7'); (iii) the size of mature RNA fluctuations is found to be
most sensitive to perturbations in s, and d,, for PDR5 and POL1, and to perturbations
in r and d,, for the other three genes. We furthermore note that for both total RNAP
and mature RNA, r is the least sensitive parameter for the genes which are mostly
inactive, whereas it is among the most sensitive parameters for genes that are mostly
active.

3 Approximate Distributions of Total RNAP and Mature RNA

Thus far, we have derived expressions for the first two moments of the distributions of
total RNAP and mature RNA. Naturally, it would also be useful to derive closed-form
expressions for the distributions themselves; such a derivation is, however, analytically
intractable in general (Jahnke and Huisinga 2007) due to the presence of the catalytic
reaction Gon — Gon 4+ P1, which models initiation of the transcription process. Still,
there are two special cases where analytical distributions are known: (i) when the elon-
gation time is considered to be fixed, which corresponds to our model with L — oo
at constant (7") (Heng et al. 2016); (ii) when the elongation time is exponentially dis-
tributed, corresponding to our model with L = 1, in which case the distribution of
total RNAP is identical to the one which is derived from the telegraph model (Peccoud
and Ycart 1995; Raj et al. 2006). While one may argue that the analytical distribu-
tion of RNAP for deterministic elongation times may well approximate the stochastic
(finite- L) case, the issue remains that the exact solution is not given in terms of simple
functions unless promoter switching is slow compared to initiation, elongation, and
termination, in which case the solution reduces to a weighted sum of two Poisson dis-
tributions (Heng et al. 2016). Hence, it is generally very difficult to apply in practice,
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Table 1 Logarithmic sensitivity (LS) of the coefficient of variation CV of total RNAP and mature RNA
fluctuations for five genes in yeast; see Sect. 2.4 for a discussion. (a) Parameter values from Supplemental
Tables 2 and 4 in Zenklusen et al. (2008). The degradation rate d;; of mature mRNA is estimated from the
reported mean number of mature RNA, the parameters s, sp, 1, and Eq. (14) for the mean. (b) Logarithmic
sensitivity of CV of total RNAP fluctuations. (c) Logarithmic sensitivity of CV of mature mRNA fluctuations.
The most sensitive parameter and the next most sensitive one are marked in dark bold and italic, respectively

PDR5 POLI DOAI MDNI1 KAP104
(a)
Mean mature RNA # 13.40 3.13 2.59 6.12 4.93
(T)(min) 4.50 3.75 2.90 16.75 3.50
su(min~1) 0.44 0.07 0.70 0.70 0.70
sp(min—1) 4.70 0.68 0.12 0.12 0.12
r(min—1) 6.70 2.00 0.14 0.19 0.27
dy (min~1) 0.04 0.06 0.05 0.03 0.05
LS PDRS5 POLI DOA1 MDNI KAP104
()
As, —0.52 —0.51 —0.09 —0.12 —0.11
A, 0.18 0.29 0.09 0.09 0.10
Ay —0.15 —0.12 —0.49 — 047 — 047
ATy — 048 —0.34 —0.49 —0.50 —0.49
LS PDRS5 POLI DOAI MDNI1 KAP104
(c)
As, —0.50 —0.52 —0.09 —0.10 —0.11
A, 0.23 0.20 0.08 0.08 0.09
Ay —0.23 —0.15 —0.49 — 048 — 048
Ad,, 0.50 0.47 0.50 0.50 0.50

such as to infer parameters from data using a Bayesian approach. Moreover, to our
knowledge, no exact solutions are known for the distribution of mature RNA in our
model. In this section, we aim to devise a simple approximation for the distribution of
total RNAP numbers in terms of the Negative Binomial (NB) distribution; these sim-
ple distributions have shown great flexibility in describing complex gene expression
models with a large number of parameters (Cao and Grima 2020). Finally, by means
of singular perturbation theory, we will obtain the distribution of mature RNA under
the assumption that RNA polymerase elongation is faster than degradation of mature
RNA.

3.1 Approximation of Total RNAP Distribution

We approximate the distribution of total RNAP transcribing the gene via a Negative
Binomial distribution, as follows. The mean and variance of the Negative Binomial
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distribution NB(g, p) are given by pg/(1 — p) and pg/(1 — p)?, respectively. By
assuming that these are equal to the exact mean and variance, respectively, of the total
RNAP distribution, see Eq. (10), we obtain effective values for the parameters p and

q:

(nior)? Var (1) — (Mot) ) 20)

~ NB(g, p) = NB ’
Ntot (g, p) (Vaf(ntot) — (Ntor) Var (no1)

In Fig. 6, we show a comparison between the distributions of total RNAP obtained
from SSA (dots) and the Negative Binomial approximation in Eq. (20) (solid lines).
Our results are presented for two different values of the number of gene segments:
L = 1 (exponentially distributed elongation time; left column) and L = 50 (quasi-
deterministic elongation time; right column). Additionally, we rescale our gene
inactivation rate as s, +—> sp€, and we present results for three different values of
the parameter €: 1073, the constitutive limit of the gene being mostly in the active
state (top row); 10~!, where the gene spends almost equal amounts of time in the
active and inactive states, with s, ~ s, (middle row); and 1, the bursty limit, where
the gene spends most of its time in the inactive state (bottom row).

We can make several observations, as follows. For both L = 1 and L = 50, the
Negative Binomial approximation performs well for bursting and constitutive expres-
sion (top and bottom rows), whereas it is appreciably poor when expression is in
between those two limits (middle row). Intuitively, this observation can be explained
via the following reasoning. In the limits of the gene being mostly in the active state
(constitutive expression) or the inactive state (bursty expression), the distribution of
total RNAP is necessarily unimodal. However, when the gene spends a considerable
amount of time in each state, the distribution is the sum of two conditional distri-
butions which can manifest either as bimodality or as a wide unimodal distribution,
neither of which can be captured by a Negative Binomial distribution. Assuming bursty
expression, the Negative Binomial distribution is a more accurate approximation to
the distribution obtained from SSA for L = 1 than it is for L = 50; the reason is that
L = 1 corresponds to the telegraph model (Raj et al. 2006), in which case it can be
proven analytically that the distribution reduces to a Negative Binomial in the limit of
bursty expression. For constitutive expression, the Negative Binomial approximation
is equally good for L = 1 and L = 50, as the distribution is necessarily Poissonian
then and as it is well known that a Negative Binomial distribution can approximate a
Poissonian to a high degree of accuracy. In summary, our results hence indicate that
Eq. (20) yields a good approximation for the total RNAP distribution of bursty and
constitutively expressed genes.

We also note from Fig. 6 that the comparison between the SSA distributions for
L = 1and L = 50, with equal mean elongation times, highlights the importance
of modelling elongation with the correct distribution of elongation times for genes
that are non-constitutive, i.e. fore = 107! ore = 1. In particular, if the elongation
time is quasi-deterministic (L = 50), there appears to be a significant increase in the
probability of observing zero total RNAP transcribing the gene compared to models
with an exponentially distributed elongation time (L = 1).
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Fig.6 (Color Figure Online) Steady-state distribution of total RNAP and its approximation by a Negative
Binomial distribution. We compare the approximation from Eq. (20) (blue lines) with the distribution of total
RNAP obtained from stochastic simulation (SSA; red dots). With the exception of s, the parameters are for
the PDRS gene in yeast and are hence the same as in Fig. 2, withd = 0.01 /min. Results are presented for two
different values of L, corresponding to an exponentially distributed elongation time (L = 1) and a quasi-
deterministic elongation time (L = 50); k is rescaled such that the two have the same mean elongation time.
Additionally, we rescale the gene inactivation rate via s, — sp€, where € = ]0*3, 10711, corresponding
to constitutive, general, and bursty expression, respectively. (Here, general expression is neither clearly
constitutive nor bursty, since the gene spends roughly equal amounts of time in the inactive and active
states.) Note that € = 1 results in a distribution of nascent RNA that is consistent with that measured for
PDRS; the experimental data from Fig. 6(b) of Zenklusen et al. (2008) are plotted for comparison. The
Negative Binomial approximation is found to be accurate in the limits of constitutive and bursty expression
(top and bottom rows), independently of L

3.2 Approximation of Mature RNA Distribution
Next, we apply singular perturbation theory to formally derive the distribution of

mature RNA when the elongation rate is much larger than the degradation rate of
mature RNA.
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We start by defining P;j(n;7) (j = 0,1) as the probability of the state n =
(n1,...,nr,n) attime ¢ while the gene is either active (0) or inactive (1). Note that n;
is the number of RNAPs on gene segment i fori = 1, ..., L, while n is the number
of mature RNAs. The time evolution of the probabilities P;(7i; 7) can be described by
a system of coupled CMEs:

39 Po = suP1—spPo+ r(E,] 1)P0+kz (E,E, ! —1)n; Py

it

+k(En, Byt — Dnp Po+d Z(}Em — Dni Py + dp (B, — Dn Py,
i=1

L—1
9Py =spPo—suPr+k Y (ByE,' — )P+ k(Ey,E,' — 1)np Py
i=1
L
+d ) By, = Dni P+ dy By — Dn P, 1)
i=1
WhereEzi[f(ﬁ)] = f(ni,ny,...,nj+c,...,np,n),withc € Z,denotes the standard

step operator. We assume that the elongation rate k is faster than the degradation rate
d,, of mature RNA, i.e. that k/d,, > 1. Since k = L/(T) — d, it follows that in
the limit of deterministic elongation (k — 00), i.e. for L — oo at constant mean
elongation time (7'), the condition k/d,, > 1 is naturally satisfied.

In order to find an analytical expression for the propagator probabilities P (7i; t)
which satisfies the system of CMEs in Eq. (21), we define the probability generating
function as F = Z Fj, with Fj(Z; 1) = Z"o P; (n D7 here, 2 = (21, ...,2L.2)
is a vector of Varlables corresponding to the state n. Given the equations for P;(#i; 1)
from Eq. (21), we obtain the following systems of PDEs for the corresponding gener-
ating functions F;(Z; 1):

L[Fol = sy Fy —spFo +r(z1 — D) Fo, 22)
LIF1] = spFo — suFy,

where

L—1 L
L= +k» (2 —zit0)d + kL — 20z, +d Y _(zi — Dz, + du(z — 1)
i=1 i=1
(23)

is a differential operator acting on the generating functions Fy and F;. Eq. (22) rep-
resents a system of coupled, linear, first-order partial differential equations (PDEs).
Now, we introduce the new variables u; = z; —1 (G =1,...,L)andu =z —1to
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rewrite Eq. (22) as

L[Fo]l = sy F1 — spFo + rui Fo, (24)
LIF1] = spFo — suFi;

here, the operator in Eq. (23) now takes the form

L—1 L
Lo=0;+kY (i —uig)d, +k(ur —uw)dy, +d Y uidy, +dpud,. (25)
i=1 i=1

In order to find an analytical solution to Eq. (24), we rescale all rates and the time
variable by the decay rate of mature RNA; then, we apply the method of character-
istics, with s being the characteristic variable. The first characteristic equation gives
dy, (dt /ds) = 1, with solution s = ¢’ = d,;,1; hence, we can use the variable ¢’ as the
independent variable and thus convert the system of PDEs in Eq. (24) into a charac-
teristic system of ordinary differential equations (ODEs),

u; = (k/dw)lu; —uiv1 +d/ku;]  fori=1,...,L -1, (26a)
ip = (k/dw)lug —u+ d/kurl, (26b)

i=u, (26¢)
Fo = (su/dm)F1 — (sp/dw)Fo + (r /d)u; Fo, (26d)
Fy = (sp/dm)Fo — (su/dm) F1, (26e)

where the overdot denotes differentiation with respect to #’. The existence of an
integral-form solution to Eq. (26) follows from the fact that the reaction scheme in
Fig. 1 contains first-order reactions only. Under the assumption that k > d,,,, we define
& = d,, /k; then, we apply Geometric Singular Perturbation Theory (GSPT) (Fenichel
1979; Jones 1995), with 0 < ¢ < 1 as the (small) singular perturbation parameter.
We hence separate the system in Eq. (26) into fast and slow dynamics, which will
allow us to find an asymptotic approximation for Fy and Fj in steady state. A brief
introduction to GSPT can be found in ‘Appendix E’. Given the above definition of ¢,
Egs. (26a) and (26b), the governing equations for u; in the ‘slow system’, become

eu; = u; —ujy1 + (d/k)u; fori=1,...,L —1,

. (27)
eup =up —u+ (d/kug,

where u; (i, ..., L) are the fast variables and u, Fy, and F are the slow ones. Setting
¢ = 0in Eq. (27), we can express the variables u; asu; = p-uj4+1, withu = k/(k+d)
fori =1, ..., L.Finally, we write the variable u| asu| = /LL-M. Next, given Eq. (26¢),

we apply the chain rule, with dr’ = du - u, to rewrite Egs. (26d) and (26e) as
Fédmu =s,F1 —spFp +r;LLuF0, (28a)
Fldwu = spFoy — s, F, (28b)
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where the prime now denotes differentiation with respect to u. Solving Eq. (28a) for
F1 and substituting the result into Eq. (28b), we obtain the second-order ODE

d2uFy + dp(dm + sp + 5, — rplu) F — rn (dm + su)Fo =0 (29)
for Fo(u). Eq. (29) is a confluent hypergeometric differential equation (Kummer’s

equation) (Digital Library of Mathematical Functions 2020b) which admits the solu-
tion

dm + sy dp +sp+su T Lu) (30)

F =C - F ; ;—
o(u) 11( a a de

where | F1 denotes the confluent hypergeometric function; here, we consider only one
of two independent fundamental solutions of Kummer’s differential equation, as we
are seeking a solution in steady state where the variable u is bounded. The constant
C in Eq. (30) is a constant of integration that is determined from the normalisation
condition on the full generating function: F' = Fy + F;. From Eq. (28), one finds that
F satisfies

’

F = d—/LLFo. (31)
m

Making use of Eq. (31) and applying the normalisation condition F|,—¢ = 1, we find
that the generating function in steady state reads

Sy Sp+Su v
v S e 1)). (32)
dm dm dm

Fe = 1F(

’

The probability distribution P (n) of mature RNA can be found from the formula

n

dzn

1
Pn) = = F(@)l=0,

which yields the analytical expression

b G 1
Pln) = n! (sp + Sun <dm

n

) bR (G s B s — L), (33)
where (-), is the Pochhammer symbol, as before. Note that the mean and variance
of mature mRNA, as calculated from the distribution in Eq. (33), agree exactly with
Egs. (2¢) and (4f) in the limit of fast elongation (k — 00). Note also that the solution
in Eq. (33) depends on the parameter ;~, which represents the survival probability of
an RNAP molecule, i.e. the probability that RNAP will not prematurely detach from
the gene. Finally, we take the limit of deterministic elongation, letting L — oo at
constant (7'), which leads to

1 (Su)n " \" _nar s —d(T
P(”)=_—(—) e M) Py (S 4oy oS 4 g 1 o=dT)) (34
2 (5 + S \dom (a; an i )
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Fig.7 Steady-state distribution of mature RNA for two different genes in yeast. We compare the distribution
obtained from SSA (dots) to the perturbative approximation in Eq. (33) (solid lines) for two different genes.
In a, we consider the PDRS gene, fixing the parameters as in Fig. 2: 5, = 0.44/min, s, = 4.7/min,
r = 6.7/min, d = 0.01/min, and (7T) = 4.5 min. The degradation rate of mature RNA takes the values
dm = 0.04, 0.10, 0.40/min; note that the experimental value is d;; = 0.04/min. In b, we consider the DOA 1
gene, fixing the parameters as in Fig. 3: 5, = 0.7/min, s = 0.12/min, r = 0.14/min, d = 0.01/min, and
(T') = 2.9 min. The degradation rate of mature RNA again takes the values dj;, = 0.04, 0.10, 0.40/min; the
experimental value is d,;, = 0.05/min. For both genes, the agreement between SSA and our perturbative
approximation increases with k /dy, , as expected, since Eq. (33) is derived under the assumption thatk > dj,.
Note that the distribution is practically independent of L, since Eq. (33) depends on L only through u”,
which for small premature detachment rates d implies uk ~ 1 for any L (Color figure online)

Note that in the limit of no premature detachment (d = 0), Eq. (34) is precisely equal
to the distribution of mature RNA predicted by the telegraph model, which is in wide
use in the literature (Raj et al. 2006). Hence, our perturbative approach can be seen
as a means to formally derive the conventional telegraph model of gene expression
starting from a more fundamental and microscopic model. In Fig. 7, we verify our
analytical solution with stochastic simulation for two different genes in yeast. We also
note that, for nonzero premature detachment rates (d # 0), Eq. (34) is the steady-state
solution predicted by the telegraph model, with parameter r renormalised to re~{7";
that is to be expected, as the latter is the rate at which RNAPs undergo termination,
leading to mature RNAs.

4 Statistics of Fluorescent Nascent RNA Signal

Thus far, we have determined the statistics of the total number of RNAP transcribing the
given gene; these are also the statistics of the number of nascent RNA molecules. How-
ever, in experiments using single-molecule fluorescence in situ hybridisation [smFISH
(Heng et al. 2016)], molecule numbers of nascent RNA cannot be directly determined.
Rather, the experimentally measured RNA ‘abundance’ is the fluorescent signal emit-
ted by oligonucleotide probes bound to the RNA. Since the length of the nascent RNA
grows as RNAP moves away from the promoter, it follows that we must account for
the increase in the fluorescent signal as elongation proceeds.

In this section, we take into account these experimental details to obtain closed-
form expressions for the mean and variance of the fluorescent signal of local and total
nascent RNA. We assume that the signal from nascent RNA on the ith gene segment

@ Springer



Statistics of Nascent and Mature RNA Fluctuations... Page250f62 3

is given by r; = (v/L)in; fori =1, ..., L, where v is some experimental constant;
the value of the parameter (v/L)i is increasing with i, which models the fact that the
fluorescent signal becomes stronger as RNAP moves along the gene. The formula for
the mean fluorescent signal at gene segment i is then given by (r;) = (v/L)i(n;),
where (n;) follows from Eq. (2b); the covariance of two fluorescent signals along the
gene, r; and r; (i,j = 1,..., L), is given by Cov(r;, r;) = (v/L)2ijC0V(n,~, nj),
where Cov(n;, n;) is obtained from Eq. (4d). In Fig. 8a, b, we plot the mean and
Fano factor of the local signal as a function of the gene segment i; note the contrast
between the statistics of the fluorescent signal and the corresponding statistics of local
RNAP—which is the statistics of nascent RNA—shown in Fig. 2a, c.

Similarly, denoting by ri = Zl-l‘zl r; the total fluorescent signal across the gene,

we find the following expressions for the steady-state mean (rio) = ZiL=1 (ri) and the
steady-state variance Var(ry) = Z,L i=1 Cov(ri, rj):
) = pHLp = (L+DI+1
tot) = VIPk 4 L(i—1)2 )
a2 L . a2 L o (35)
Var(ron = (7 ) e BT (7) @Brony 20Ky
i= i,j=

For a detailed derivation of the variance in Eq. (35), see Eq. (F.1) in ‘Appendix F’;
see also ‘Appendix G’ for the corresponding expressions in the bursty, constitutive,
and deterministic elongation limits. In Fig. 8c, d, we show the mean and Fano factor
of the total signal as a function of the number of gene segments (L); as above, we
note the contrasting difference between the statistics of the fluorescent signal and
the corresponding statistics of total RNAP—which is the statistics of total nascent
RNA—shown in Fig. 4c, d.

Hence, the calculation of the statistics of the number of nascent RNAs from the
raw signal intensity presents a challenge and has to be approached carefully. The
expressions presented above allow for the inference of transcriptional parameters from
the first two moments of the fluorescent signal by means of moment-based inference
techniques (Zechner et al. 2012). Quantitative information about nascent RNA can
also be obtained from electron micrograph images (El Hage et al. 2010), which avoids
the challenges presented by smFISH.

5 Model Extension with Pausing of RNAP

Thus far, we have studied a model where RNAPs do not pause as they move along
the gene. A natural extension is provided by a modified model in which RNAPs pause
along the gene at random sites and elongation is characterised by three processes:
forward hopping, pausing, and unpausing of RNAP. The motivation for studying
this extended model, which has recently been considered via stochastic simulation
in Md Zulfikar et al. (2020), is that experiments have revealed that RNAP exhibits
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Fig.8 First and second moments of the local and total fluorescent signal for the bursty gene PDRS in yeast.
In a, b, we show the dependence of the mean and the Fano factor of local fluorescent signal fluctuations on
the gene segment 7, as predicted by our exact theory (solid lines) and SSA (dots), respectively. The plots for
CVz(r,-) and CC(r;, ri41) are identical to those of CVz(n,-) and CC(n;, njy41) in Fig. 2. The number of
gene segments is arbitrarily chosen to be L = 30. In ¢, d, we show the dependence of the mean and variance
of total fluorescent signal fluctuations on the number of gene segments L, as predicted by our exact theory
(Eq. (35); solid lines) and SSA (dots). The parameters sy, sp, 1, and (T) are characteristic of the PDRS
gene and take the same values as in Fig. 2, as do the rates of elongation and RNAP detachment. The value
of the parameter v is arbitrarily chosen to be v = 10

pauses of varying duration, typically on the timescale of few seconds (Forde et al.
2002; Adelman et al. 2002).

5.1 Closed-Form Expressions for Moments of Local RNAP Fluctuations

We extend the model described in Fig. 1 by assuming that the RNAP on gene segment
i can switch between a non-paused (actively moving) state P; and a paused state P;.
The actively moving state P; switches to P; with rate rp, while the reverse reaction
occurs with rate r,. Premature detachment from the actively moving RNAP occurs
with rate d,, whereas it occurs with rate d,, from the paused RNAP. The resulting
extended model is illustrated in Fig. 9a. In ‘Appendix A’, we derive the mean and
variance of the corresponding elongation time, which is not Erlang distributed now,
as was the case for the model without pausing. Furthermore we find two interesting
properties of the coefficient of variation CV2T of the elongation time: (i) in the limit of
large L at constant mean elongation time, CVZT does not tend to zero, which implies
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Fig. 9 Model of transcription that includes RNAP pausing. In a, we extend the model in Fig. 1 so that
it takes into account pausing of RNAP at random segments on the gene. Pausing on gene segment i is
modelled by the transition from the active state P; to the paused state P; with rate rp, while the reverse
(‘unpausing’) transition occurs with rate r,. Premature termination of RNAP occurs with rate d,; from the
actively moving state, and with rate d, from the paused state. In b, we show the dependence of the coefficient

of variation squared (CV%) of the elongation time distribution on the pausing rate (rp), as predicted from
SSA (dots) and theory (Eq. (A.7); solid lines). Results are shown for two different parameter regimes:
Dy = {dys = 0/min = dp} (no premature polymerase detachment) and Dy = {d; = 0.05/min = dp}
(premature polymerase detachment). The remaining parameters are fixed to L = 50, k = 10/min, and
rq = 0.1/min

that elongation is not deterministic; (ii) for small rates of premature detachment, CVZT
is at its maximum when r, & r,, i.e. when RNAP spends roughly half of its time in
the paused state. See ‘Appendix A’ for details and Fig. 9b for a confirmation through
stochastic simulation.

Proposition 3 Let the number of RNAP molecules in the active state P; be denoted by
n{, let the number of molecules in the paused state P; be nip , and let the number of
molecules of mature RNA be denoted by n. Let 0 = rp/rq be the ratio of the pausing
and activation rates, let w;, = r,/(rq + dp) be the probability of RNAP switching
to the actively moving state from the paused state, and let wq, = dp/(ra + dp) be
the probability of premature RNAP detachment from the paused state. Furthermore,
define the new parameters . = k/(k +d, + rpTd,) and A = o,

Then, it follows that the steady-state mean number of RNAP molecules in the active
and paused states on gene segment i (i = 1, ... L) is given by

(n{) =npri' and (n) = (). (36)
Hence, the total mean number of RNAP molecules on each gene segment i reads

(ni) = (nf) + (n]) = (n{)y(1 + 2). (37
The proof of Proposition 3 can be found in ‘Appendix H’. Note that in the limit of
no pausing, i.e. for r, = 0, Eq. (37) reduces to the expression for the mean of RNAP
reported in Eq. (2b).

Proposition4 Let t,, = 1/r, be the timescale of RNAP activation from the paused
state, let T4, = 1/d), be the timescale of premature termination of paused RNAPF,
let T, = 1/(k + dg) be the typical time that an actively moving RNAP spends on
a gene segment, and let T,, = 1/(r, + dp) be the typical time spent in the paused
state. Furthermore, define the new parameters Arp = 7, /(1 — T[rp), where Ty, =
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Fig. 10 Dependence of the steady-state probability distributions of total RNAP and mature RNA on the
RNAP pausing rate rp, for two different genes in yeast. In a, b, we compare the distribution P (not) of the
total number of RNAP molecules, as predicted by our model (solid lines), with that obtained from SSA
(dots) for yeast genes PDRS and DOAL, respectively. The model prediction involves fitting a Negative
Binomial distribution with a mean and variance given by the closed-form expressions in Eqs. (41) and (42).
In ¢, d, we compare the distribution P(n) of mature RNA, as obtained from singular perturbation theory
(Eq. (43); solid lines) with the SSA (dots) for yeast genes PDRS and DOAI, respectively. Note that for
both genes, we keep all parameters fixed (including the elongation rate k) while varying the pausing rate
rp to simulate an experiment where the pausing rate can be perturbed directly. The parameters for each
gene can be found in Table 1a; we furthermore used L = 50 and fixed k to L/(T), where (T') is the mean
elongation time measured experimentally and reported in Table 1a. Note that the actual mean elongation
time is not fixed, as it depends on the pausing rate (rp) via Eq. (40). The remaining parameters are fixed
to rg = 0.1/min, dy = 0.01/min, and d = 0.03/min. The value of d, is taken from Table 1 in Rajala
etal. (2010),where it is reported as the premature termination rate of polymerase in E. coli; the value of d),
was chosen to be larger than that of d, to simulate a scenario where premature detachment is enhanced in
the paused state. Note that our theory is less accurate for PDRS than it is for DOALI, as all parameters are
very small compared to the elongation rate in the latter case, hence satisfying better the assumptions behind
the theory (Color figure online)

rp/(rp + k + dg) is the probability of the actively moving RNAP switching to the
paused state, as well as

T T -
wy, = u—g, & =
nrllrrll+tg Tg"’fp‘i‘)\.rpfg(l_(l)ra)

Ty + Ar]) 7d,Tg T,

, and w=——"—.
Tpp + g

(38)

Assume that the elongation rate is faster than the rates of RNAP pausing, activation,
and premature termination, i.e. thatk > r,, rp, dg, dp. Then, it follows that to leading

@ Springer



Statistics of Nascent and Mature RNA Fluctuations... Page290of62 3

order in 1/k, asymptotic expressions for the variances and covariances of molecule
number fluctuations of active and paused RNAP are given by

Covlnf, n) = 8ij nf) + (i) (n)ap - &' where %4 = g9 (i, ) + §°“(j. i),
Cov(n{,nl) = (nf)(n?)ap - g7 where g7 = wa’ ™!,
J l J ij ij
14 14 ~ pa pa il (39)
Covny, n) = (ni Mn)ap - gij where g;; = @',
Cov(ny, nf) =8ij(n) + (”f)(”f)&ﬁ : gip}p, where gi’;.p = (glfljp + gl!i,”)/z;

here, i, j =1,2,..., L and

oo atil 1 (i+j—1 2a — 1 o
g”“(l,1)=(2&_1);+2,~+‘;_1( ; )[1— R 2Fl(17l+J§];ﬁ)]-

These results are proved in full in ‘Appendix H’. From ‘Appendix A’, we also have
that the mean elongation time in the pausing model is given by

(ra +dp)2+rarp

(T)=L .
(ra + dp)[(k +da)(ra + dp) + dprp]

(40)

Solving Eq. (40) for the elongation rate k, we find that in the limit of L — oo taken
at constant mean elongation time, k tends to infinity and hence is much larger than 7,
¥p, dg, and dp, which implies that the results of Proposition 4 hold naturally in that
limit.

5.2 Approximate Distributions of Total RNAP and Mature RNA

Negative Binomial approximation of total RNAP distribution: We define the total
number of RNAP molecules as n¢; = ZiLzl n;. It then immediately follows from
Eq. (37) that the mean of the total RNAP distribution in the pausing model is given
by

pt—
(Meor) = npr(1 + A — — (41)
It can also be shown that the variance of total RNAP fluctuations reads
L al —1
Var (n) = (nor) + (77,0k)25l,3|:2 Z gY i, )+ 22+ MwL a1 ]§ (42)

i j=1

see ‘Appendix H’. Next, we approximate the distribution of total RNAP by a Negative
Binomial distribution whose mean and variance match those just derived, i.e. we
consider Eq. (20) with the mean and variance of the total RNAP distribution given by
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Egs. (41) and (42) now, respectively. The resulting approximate Negative Binomial
distribution is compared with the distribution obtained from SSA in Fig. 10a, b for two
different yeast genes, PDRS and DOA1. The results verify that our approximation is
accurate provided the elongation rate k is significantly larger than the other parameters,
as assumed in Proposition 4.

Perturbative approximation of mature RNA distribution: We can apply singular
perturbation theory to formally derive the distribution of mature RNA, assuming that
k/dy, > landr,/d, > 1.Following the derivation in Sect. 3.2, we find the following
analytical expression for the steady-state probability distribution of mature RNA:

1 (Su)n ' \"/ _1\n Su Sp+ Su ro.r
Ph)= ————(— Fi(— ; ; —— ; (43
() = B () (@) R (G M =) @)

see ‘Appendix I’ for details. Note that the solution in Eq. (43) is dependent on the
parameter ji”, which gives the probability that an RNAP molecule does not prema-
turely detach before termination; see ‘Appendix A’. Also, note that in the limit of zero
premature termination, i.e. for d, = 0 = d,, Eq. (43) is identical to the distribution
of mature RNA predicted by the telegraph model. Finally, by solving Eq. (40) for k,
then substituting the resulting expression into Eq. (43) and taking the long-gene limit
of L — oo at constant (T'), we obtain that the probability distribution of mature RNA
has the same functional form as in Eq. (43), albeit with

dg +r1pm
lim gt =e "7 where ¢ = Ga T TpMdy

. (44)

L—o0 l4+om a
Note that Egs. (43) and (44) equal the steady-state solution predicted by the telegraph
model, with the initiation rate r renormalised to r/lL or re= V(1) respectively. In
Fig. 10c, d, we verify the accuracy of our analytical solution using stochastic simu-
lation for two different genes in yeast. Note that a change in the pausing rate r), has
relatively little effect on the distribution of mature RNA, as compared to the effect on
the distribution of total RNAP; cf. panels (a) and (b) of Fig. 10 in comparison with
panels (c) and (d), respectively.

6 Summary and Conclusion

In this paper, we have analysed a detailed stochastic model of transcription. Our model
extends previous analytical work (Choubey et al. 2015; Heng et al. 2016) by (i) taking
into account salient processes, such as premature detachment and pausing of RNAP,
that were previously not considered analytically; (ii) deriving explicit expressions for
the mean and variance of RNAP numbers (nascent RNA) on gene segments as well as
on the entire gene; (iii) deriving explicit expressions for the mean and variance of the
fluorescent nascent RNA signal obtained from smFISH and identifying differences
between the statistics thereof and those of direct measurements of nascent RNA; and
(iv) finding approximate distributions of total nascent RNA fluctuations on a gene,
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Table2 Summary of main results
Total RNAP

No pausing

~ Mature P
—-m:m:mj o g f

ldm Pausing

E-% A i

Approximate total RNAP distribution for stochastic elongation

<”tot>2 Var(not) — (Mot
Niot NB(Var(mot) - Var(rrey)
L
— B
No pausing (Muot) = Mprp i1
Var(neor) = (naor) + aBlnpe) Yo w7 - [£(0,9) + G 1)
al—1

_ i
Pausing (neot) = P (1 + A)i——
. 1]

V() = (i) + 8800?25,y 7(03) + N2 + N

Approximate mature RNA distribution (k/d,, > 1) as the solution of the telegraph model with
renormalised transcription rate 7P, and RNAP survival probability P,

- iM(L)L(Pp)anH (;i +n; sb; S 4o ,dLPu)

n ~ P(n)

n! (sp+ su)n \dm
Stochastic elongation Deterministic elongation
Detachment No detachment Detachment No detachment
No pausing d#0 d=0 d#0 d=0
Pausing dq,d, #0 dq =d, = dg,d, #0 dy =dy, =0
No pausing P, = uk P,=1 P, = e~ UT) P,=1
Pausing P, = [J,L P, =1 P = %) P,=1

Ratio of Fano factors (FF) of total RNAP and mature RNA for
deterministic elongation without detachment (d = 0)

Rpp = FF, /FF,,

General Bursty (sp, 7 — 00)

b
Rprp=1++—%

e T, T, =
1+b

T2[T, Ty, + Ty(Ty + Trn)]

No pausing Rpp =1+

The cartoon represents our model in various limits: no pausing (rp = 0), pausing (rp # 0), stochastic
elongation (7" Erlang distributed), deterministic elongation (7 fixed), bursty limit (r, s, — ©0), and pre-
mature RNAP detachment (d, dg, dp # 0). We summarise our analytical expressions for the approximate
distributions and moments of total RNAP and mature RNA
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Table 3 Definition of parameters and functions

aiti—l 1 i 20 — 1
Lo J . PR |
160 = G+ g (I = S+ 5g)]
Giti—1 1

itj—1 2a — 1 S
G Tt - 2a 2Fi(1i+ 75 55) |

E = 2(Tg + Tw) + "8 [2(Tg — DTy + (T — 2)T]

g, j) =

N = su/(Su +sp)

Pk =r/k
p=r/dny
nw=k/k+d)
Tp=1/d+k)
Tg = 1/(su + sp)
g =1/d

T = 1/dm

a=1/1+1p/79)
y =1/(+1p/tm)
0=1/0+tm/tg)

B =sp/su
b=r/sp
Uk = su/k

Um = Su/dm

by = Tg/4
Te =(T)/zq
Ty =(T)/ta
T, = r(T)

Tm = dm(T)
Ty, = sp(T)
o=rp/ra

Try = ra/(ra +dp)

Fraction of time the gene spends in the active
state

Mean number of bound RNAPs in the time
1/k

Mean number of bound RNAPs in the time
1/dm

Local RNAP survival probability
(no-pausing case)

Timescale of fluctuations of RNAP
Timescale of fluctuations of gene
Timescale of RNAP detachment
Timescales of fluctuations of mature RNA
Non-dimensional parameter
Non-dimensional parameter
Non-dimensional parameter

Ratio of gene inactivation and activation
rates

Mean burst size

Ratio of gene activation and RNAP
elongation rates

Ratio of gene activation and mature RNA
degradation rates

Ratio of gene timescale and RNAP
detachment timescale

Ratio of elongation timescale and gene
timescale

Ratio of elongation timescale and RNAP
detachment timescale

Ratio of the mean elongation time to the
timescale of initiation

Ratio of the mean elongation time to the
timescale of decay of mature RNA

Ratio of the mean elongation time to the
timescale of gene deactivation

Ratio of the pausing and activation rates
Probability of RNAP activation
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Table 3 continued

T4, = dp/(ra +dp) Probability of premature RNAP detachment
from the paused state

A =0Ty, Probability of RNAP pausing from active
state

n=k/(k+ds+ rpn'dp) Local RNAP survival probability (in pausing
case)

T, = 1/ra Timescale of RNAP activation from the
paused state

4, = 1/dp Timescale of premature termination of
paused RNAP

Tp = 1/(k +dqg) Typical time that an actively moving RNAP
spends on a gene segment

Tpp = 1/(ra +dp) Typical time spent in the paused state

Arp =Tr, /(1 — 7rrp) Ratio of active RNAP timescale over RNAP
pausing timescale

Ty, =rp/lrp +k+da) Probability of the actively moving RNAP
switching to the paused state

Wr, = Try Tg/ (Tr, Try + Tg) Non-dimensional parameter

a=(tg + )Lrp nd, 70)/(tg +1p + Ar], o(1 —wy,)) Non-dimensional parameter.

without assuming slow promoter switching. A number of interesting observations
from our work include the following:

@

(ii)

(iii)

When the premature detachment rate of RNAP is nonzero and gene expression is
bursty, the coefficient of variation of local RNAP fluctuations can either decrease
or increase with distance from the promoter. By contrast, when expression is con-
stitutive, the coefficient of variation increases monotonically with distance from
the promoter. Other statistical measures such as the mean, Fano factor, and corre-
lation coefficient of local RNAP numbers decrease monotonically with distance
from the promoter.

In the limits of bursty expression, deterministic elongation, and no premature
detachment or pausing, the Fano factor of total nascent RNA equals 14-2b, whereas
that of mature RNA is 1 + b, where b denotes the mean burst size. An implication
is that the telegraph model will result in an overestimate of the mean burst size
from nascent RNA data by a factor of 2. Another implication is that deviations
from Poisson fluctuations are more apparent in data for nascent RNA than they
are for mature RNA. One can further state the following relationship: the Fano
factor of nascent RNA equals twice the Fano factor of mature RNA, minus 1. If
expression is non-bursty, then the Fano factor of nascent RNA can be larger or
smaller than that of mature RNA, as determined by the condition in Eq. (19).
For genes characterised by bursty expression, the sensitivity of the noise in total
RNAP fluctuations is highest to perturbations in the gene activation rate and the
mean elongation time; for constitutive genes, the most sensitive parameters are the
initiation rate and the mean elongation time.
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(iv) A Negative Binomial distribution, parameterised with the expressions for the mean
and variance of total nascent RNA derived here, provides a good approximation to
the true distribution of total nascent RNA fluctuations on a gene when expression
is either bursty or constitutive; the approximation is not accurate when the gene
spends roughly equal amounts of time in the active and inactive states. We show
that the distribution of nascent RNA is highly sensitive to the distribution of elon-
gation times. In particular, if the elongation time is assumed to be exponentially
distributed, as is implicitly assumed by telegraph models of nascent RNA, then
the probability of observing zero RNA is much lower than if the elongation time
is assumed to be fixed.

(v) Using geometric singular perturbation theory (GSPT), we have rigorously proven
that, in the limit of deterministic elongation (or fast elongation), no pausing and
premature detachment, the steady-state distribution of mature RNA in our model is
identical to that in the telegraph model (Raj et al. 2006). Consideration of pausing
and premature detachment leads to a distribution that can also be obtained from a
telegraph model with appropriately renormalised parameters.

A summary of the main theoretical results can be found in Table 2, with all requisite
parameters and functions defined in Table 3. The main limiting assumption of our the-
oretical approach is that the initiation rate is slow enough such that RNAP molecules
do not frequently collide with each other while moving along the gene. Hence, the
expressions we have derived are reasonable for all but the strongest promoters which
are characterised by very fast initiation rates. We anticipate that approximate closed-
form expressions for the corresponding moments can also be derived when volume
exclusion between RNAPs is taken into account by a modification of methods previ-
ously devised to understand molecular movement and kinetics in crowded conditions
(Cianci et al. 2016; Smith et al. 2017). It is also possible to extend our model by
including translation of mature RNA to protein; one can then again apply GSPT to
derive distributions for protein numbers in the limit of RNA decaying much faster than
protein; however, given item (v) above, we anticipate that the resulting protein distri-
bution will be very similar to those derived from models that do not explicitly take
into account nascent RNA (Shahrezaei and Swain 2008; Popovi¢ et al. 2016). Further
research is required to develop simple approximations of the nascent RNA distribu-
tion that are accurate independently of the ratio of gene switching rates. Finally, given
the strong recent interest in the development of statistical inference techniques in
molecular biology (Gorin et al. 2020; Zechner et al. 2012; Kaan Ocal et al. 2019), we
expect that our closed-form expressions for the moments and distributions of nascent
and mature RNA will be useful for developing computationally efficient and accurate
methods for estimating transcriptional parameters.
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Appendix
A. Distribution of Elongation Time

In this section, we answer the following question: what is the distribution of the
elongation time, i.e. the time between initiation and termination? In other words, with
reference to Fig. 9—which includes the non-pausing model in Fig. 1 as a special case-
we want to find the distribution of the time at which RNAP leaves gene segment L
(termination) if it was in the active state on gene segment 1 at time ¢ = 0 (initiation).
Let z; () be the probability of an RNAP to be on gene segment i in the active state
at time ¢, let Z; (t) be the probability of the RNAP to be on gene segment i in the
paused state at time ¢, and let z; () be the probability of the RNAP moving to gene
segment i + 1 at time #; note that z} (¢) is the probability of the RNAP falling off
the gene and forming a mature RNA, since for i = L, gene segment L + 1 does not
exist. Then, it follows from the reaction scheme illustrated in Fig. 9 that the master
equations describing the Markovian dynamics on gene segment i are given by

0rzi (1) :_(rp+k+da)zi(t)+ru2i(t)’ (A.la)
0:zi (1) = —(dp +ra)zi (1) + rpzi(1), (A.1b)
8121 () = kzi (0). (A.lc)

Now, we use these equations to find the distribution of the time when RNAP jumps
to gene segment i + 1, given that it is on gene segment i in the active state at t = 0,
i.e. that z;(0) = 1 and z;(0) = 0. Taking the Laplace transform of Egs. (A.la) and
(A.1b), we find

521(5) — 1= —(rp + k 4+ da)3i(5) + raZi(s), (A.2a)
5Zi(s) = —(dp + ra)Zi(s) + rp3i(s), (A.2b)

where f (s) = fooo e %! f(r) dr. Solving these equations simultaneously, we obtain

s+dy+rqy
(s +k~+da)(s+dp+ry) +rpls +dp)

Zi(s) = (A.3)

Let w(#)dr be the probability that the RNAP moves from segment i to i + 1 in the time
interval (z, ¢ 4+ dt). Then, it follows from Eq. (A.lc) that w(zt) = 8,zj‘(t) = kz; ().
Integrating w(¢) over all times gives us the probability that the RNAP ultimately moves
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to the next segment i + 1,

k (ra +dp)

. A4
ot B (atdy) 1 dpry O

/ w(r)dr = H(0) = k3 (0) =
0

Note that w(0) is identical to the parameter i, as defined in Proposition 3. Let y(¢)d¢
be the probability that the RNAP moves from gene segment i to segment i + 1 in
the time interval (¢, t + dt), conditioned on those realisations that lead to an RNAP
moving to the next gene segment i + 1. (In other words, we exclude those realisations
that lead to premature detachment.) Then, it follows by the definition of conditional
probabilities that y(¢) = w(¢)/w(0), which implies

w(s) ((da + k) (ra +dp) +dprpl(ra +dp +5)
BO0)  (ra +dp)da +k+5)ra +dp +5) +rp(dp + 9]

y(s) = (A.5)

It follows that the mean (¢) and variance Var(z) of the time ¢ it takes RNAP to move
to the next gene segment are given by

i)
ds
d?(s)
ds?

_ (ra + dp)2 +ratp
s=0 (ra +dp)[(da + k) (rq +dp)+dprp]’

N <dﬁ(S) ?
s=0 ds s=0

_ 2rqrp(ra +dp)(dy +14 +dp +k) + (rg + dp)4 + rarlz,(ra +2d)p)
N (ra +dp)2(dy + k) (rq +dp) + dprp]?

() =

(A.62)

Var(t) =

s

(A.6b)

respectively. Since RNAP can only move forwards in our model (irreversible motion),
it follows that the time it takes an RNAP to move from the ith to the (i 4 1)th gene
segment is independent of the time taken to move from another, jth segment to the
(j + Dth segment. Hence, the time required for an RNAP to move across the entire
gene from the first to the Lth segment, i.e. the ‘elongation’ time 7 from initiation to
termination, is a sum of L independent and identical random variables. Thus, we can
immediately state that the mean elongation time is (7') = L(t), whereas the variance
of the elongation time is Var(7') = LVar(¢). The coefficient of variation squared takes
the form

Var(T) 1+ 2rarpl(da +k)(rg +dp) +dprpl

CV2 =
I= qrye [(rq +dp)? + rarpl?

(A7)

From Eq. (A.7), it can be shown that for small premature detachment rates, the coef-
ficient of variation of the elongation time is maximised when r, ~ r,. Taking the
limit of infinitely many gene segments at constant mean elongation time, i.e. solving
for k from the expression for the mean elongation time in Eq. (A.6), substituting into
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Eq. (A.7), and taking the limit of L — oo, we obtain

. 5 2rqrp
lim CVy = 3 . (A.8)
L—o00 (T)(rq +dp)[(ra +dp) +rarp]

For the non-pausing model shown in Fig. 1, the above results simplify considerably due
tor, =0 =d, and d, = d; in that case, the inverse Laplace transform of Eq. (A.5)
implies that y(#) is an exponential distribution with parameter k£ + d. Hence, the total
time it takes an RNAP to move across the entire gene is the sum of L independent
and identically distributed exponential random variables, i.e. an Erlang distribution
with shape parameter L and rate k + d, which implies that the mean elongation time
is L/(k + d), with coefficient of variation 1/ VL. 1t can be seen from Eq. (A.8) that
deterministic elongation can only be observed when there is no pausing, i.e. when
rp =0.

B. Solution of Lyapunov Equation

Proof of Proposition 2 We start by defining the symmetric functions f;; = fj; for
i,j=1,...,Las

foo=1, foj =al7l, fom = 0at!

" (B.1)
fij=ic1j+ fij-1/2, fim=vficim+UA=p)fiL, fmm = fLm, (

where the non-dimensional parameters «, y, and 0 are defined in Proposition 2. The
elements of the Lyapunov equation given by Eq. (5) can be written explicitly as a set
of simultaneous equations:

Cii-2J11 = —Dyy, (B.2a)
Ciz-Jn +J22) = —JuCiy, (B.2b)
Cij-Uu+J;)=-7J;j-1Cj forj=3,...,L+1, (B.2¢)
Cirs2- Ui +Je+2042) = —Ji+2,0+1C1 L1, (B.2d)
Co - 2J22 = —2J21Cy2 — D2, (B.2e)
Co3 - Jo2 +J33) = —J21C13 — J32Cop — Do3, (B.2f)
Cyj - I +1Jjj) = =JuCyj = J;,j-1Ca i1 forj=4,..., L+1, (B.2g)
Corv2- T+ Jr42.042) = =I21C1 142 = J42,041Co 141, (B.2h)
Cii-2)ii = -2J;i-1Ci—1,; — Dy; fori=3,....,L+1, (B.2i)
Ciiv1- Ui HJivriv) = =Jiic1Ciz1iv1 — Jig1,iCii — Dy i fori =3,...,L, (B.2)
Cij - Jii +Jjj) = =Jii-1Ci1,j = J;,j—1Ci 1 fori=3,...,L+1
and j=i+2,....,L+1,

(B.2k)
Cir+2- Ui +Ji+2.042) = =Jii-1Ciz1, 142 = Jo42.0+1Ci 11 fori=3,....L+1, (B.2l)
Crior42 - 242,042 = —2Jr42.L41CL+1,042 — Do 142 (B.2m)

Now, we substitute the elements of the Jacobian matrix J and the diffusion matrix
D from Egs. (6) and (7), respectively, into the above system of algebraic equations,
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which we then solve to find the elements of the covariance matrix C. Note that, for
the following mathematical derivation, we take into account the expressions for the
steady-state mean numbers of species given in Eq. (2), as well as the definition of the
functions f;; in Eq. (B.1).

From Eq. (B.2a), one easily obtains C1; = n%p. Then, it follows from Eq. (B.2b)
that

-
Chp=——"—2C| = a(n*p) = af =niny)apf - for.- (B.
iy s Ao (n°B) = nmperm)ap = nin)ap - for. (B.3)

Eq. (B.2c) implies that, for j =3,..., L + 1:

k .
Ci=——— Ciisi=pa-CpLj_ = i=2c
Ty 1,j-1=pa-Cpj1 = (ha) 12 (B.4)

= (ua)’ 2 (min)ap) = ninj_1)aB - fo,j-1.

From Eq. (B.2d), we have that

k
Su +sp +dp

k
=0 L) @B)O - for) =n(n) - fou:

k
Cir+2= Cirt1 = d—9((nL)Olﬂ - foL)
m

(B.5)

from Eq. (B.2e), we find

TG D) ()
2T T 2kt d) S (B.6)

+ (o) (in1)ap - for) = (n1) + (n1)*ap - fu1,

since f11 = (fo1 + f10)/2 = fo1 from the definition in Eq. (B.1).
From Eq. (B.2f), we obtain

Cy = Ciz

22

(n1)

.
2 +k) + 2(k + d) + 2(d+k)C

(ng) 1 1 5
=7 + E(pk,un)(nz)aﬁ - foo + EM[(”I) + (n1)"aB - f11]
(ny) 1 (n2)

1
= - + 5(”1)(”2)“:3 - foo + > + E(M(n”)(nl)aﬂ - f1

1 1 1
= z(nl)(nz)aﬁ - fo2 + 5(”2)(”00!,3 - fuil = <n1><n2)aﬂ§(foz + f11)

= (n1)(n2)aB - fi2, (B.7)
since f12 = (fo2 + f11)/2 from the definition in Eq. (B.1).
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From Eq. (B.2g), we have that, for j =4, ..., L +1,

PkM

Cyj = Crjm1=—-Cy; + C2] 1

r k
C .
Wt VT

—4 .
= () e (3) 3c23.

(B.8)

The proof of Eq. (B.8) is given in Lemma B.1. The above expression for Cz; can be
further simplified to

j—4 -
Cop = 2B S () wtnjmg-v)ab - fojmgr+ (5) ndnep - fio
q=0
23 1et 1\~ L,
= (5) (Pkﬂ’?)(ﬂun_i*qfl))aﬁ'fO,j*‘I*l+(§> () ('™ n2))eh - frz
- (B.9)
j—4 i
1\q+1 1\/-3 X
=2(3)" e frigr+(5) mmnes - fio
q=0

J

= (n1)(n;- 1@[2( )q+1f1,j—q—l+(%)j f12] (ni)nj—1)aB - fij-1-

For the proof of the last equality in Eq. (B.9), see Lemma B.2.
From Eq. (B.2h), we have that

k

Crrp = mcl,uz + mCZ,L—H = oY Crr2 + nyCao L

= (prpy)mn)ap - fom) + (my)({ni)(np)apf - fir)

dn k
= (pknu)(nyaf -y fom + M7<n1>d—(ﬂL)Oéﬂ v fiL
dm
= (m)map - [y fou +n v fic
= (n)(m)ap - [y fou + (1 —y) - fiLl = (m)(nYaB - fim, (B.10)

where fi,s is defined in Eq. (B.1).
Egs. (B.2i) through (B.2k) yield the system

k(ni—o) + (k +d)(n;—1) k

C. = C .= (n_ Ci 1,
ii 2k +d) +k+d i—1,i (ni—1) +uGC; 1,i
0 0 0 0
Ciit1= Eci—l,iﬂ + Ecii - E(”i—l) = E(Ci—l,i-i-l +nCi—y;), (B.1D)
"
Cij=—=(Ci1; +C;j—1),

2
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which can be rewritten more compactly as

Cij = dij{ni—1) + (ni—1)(nj—1)apB - fi—1,j—1 fori,j=3,...,L+1,
(B.12)

where §;; is the Kronecker delta. A detailed derivation is given in Lemma B.3.
From Eq. (B.21), we have that fori =3,..., L + 1,

k
k+d+d, k+d+dy,
= uyCiyL+2 + (k/dw)(1 — y)Ci L1
= y(uni—2)(nyap - ficom + (A —y)(ni—1)(k/dwm(np))epB - fi-1,L
= (ni—1)(m)apB -y fi-om + (1 —y) fic1,L] = (ni—1)(m)ap - fi—1.m,

Cirp= Ci-1r42+ CiL2

(B.13)
where f;ys is defined in Eq. (B.1).
Finally, Eq. (B.2m) yields
kinp) +dm(n) =k
C = —C
banbe2 L dy MR (B.14)

= (n) + (k/dp) (nr)(map - fra = (n) + (n)’aB - fuu,

where fyry = fru is defined in Eq. (B.1).

Summarising the above results, we conclude that the solution for the symmetric covari-
ance matrix C is given by the system in Eq. (4), where we have that Cov(n;,n;) =
Cit1,j4+1, Cov(n;,n) = Ciyy 4o fori, j =0,...,L,and Var(n,n) = Cr12142.
Here, the functions f;; are defined as in Eq. (B.1). Now, the recurrence relation
fij = (fi—1,j + fi,j—1)/2 in Eq. (B.1) can be solved for i, j = 1,2,...,L via
the method of generating functions, which gives the following analytical expression:

Jij = fG )+ fG. 0, (B.15)

where

oiti—l 1 [(i+j—1 20 — 1
i j) = N 1- Fi(L,i ';';l];
ARl (2a—1)‘+2’+11< i )[ 2q 2L+ 5g)

see Lemma B.5 for a detailed derivation. Additionally, we can easily prove that the
function f;ys in Eq. (B.1) can be rewritten as

fom =y fou+ 0 =9)Y v fyL, (B.16)
g=1

as shown in Lemma B .4. O
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LemmaB.1 For j =4,..., L 4 1, we have the identity

j—4
Pk MNY =3
Coy = 251 + 5001 = 74_0(5) Crig+(5) € ®17)

as stated in Eq. (B.8).

Proof The identity in Eq. (B.17) will be proved by induction: one can easily show that
it holds for j = 4. Now, we assume that Eq. (B.17) is true for some j > 5; hence, for
Jj + 1, we have

(98]

q P j-2
Cojt1 = (2) —Cy 11— q+(2> Cys
q=0

~.

j—3 .
pku 14 kau j=2
1]+1+E 1,j+1—q + 2 23

2
PrIk WS el i j=3
= Gunt 5[;(5) G+ (5) CB}
J— i
= pk—'uCl gtz [Z (%)qpkucl j-q¢ (2)] 3(323]
por
= pk“cl R cz,, (B.18)

as claimed, which implies that the identity in Eq. (B.17) holds forall j =4, ..., L+1.
O

Lemma B.2 The function f1j, which is defined by the recurrence relation f1; = (fo;+
f1,j-1)/2in Eq. (B.1), satisfies the identity

j—3

A=Y (%)qﬂfo,‘,_q + (%)Hf12 forj=3,....L,  (B.19)
4=0

as stated in Eq. (B.9).

Proof We will again prove Eq. (B.19) by induction. For j = 3, we have from Eq. (B.19)
that f13 = (fo3 + f12)/2, which is true by the definition of f13. We assume that the
identity in Eq. (B.19) is correct for some j > 4; then, for j + 1, the definition of
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f1,j+1, in combination with our assumption, implies

Jj=3

1 1 1 1 1\g+1 1\/-2
Njrr=5fojrt 50 =5 jn+3 > (5) fo.j—q + <§> fi2

q=0
j—2

L [ O e ()]

172 1\a+1 1\J—1
=Z<§) fl,j+17q+<§) fiz,
q=0

as claimed. Hence, the equality in Eq. (B.19) is true forall j =3, ..., L. O

Lemma B.3 The system in Eq. (B.11), which is given by

Cii = (nj—1) + nCi_y1,; fori=3,... L,
n .
Ciiv1 = E(Ci—l,i+1 +uCi—1;) fori=3,...,L,

C,»j=%(C,-_]yj+Ci,j_1) fori=3,...,L+1andj=i+1,...,L+1,

(B.20)

is equivalent to the system

Cij =68ij(ni—1) + (ni—)(nj_aB - fi—1,j-1 fori,j=3,...,L+1,
(B.21)

as stated in Eq. (B.12). Here, the functions f;; are defined as in Eq. (B.1).

Proof We again use the method of induction. For i = 3, we have

Cis = (m2) + (m2)?aB - fao = (m2) + p(n1)(n2)ap - fia = (n2) + uCas,
Cz4 = (n2)(n3)(Ba) - f34 = (n2)(n3)aB(fr + f13)/2

= [(n2)(n3)aB - fao + (n2)(n3)ep - f131/2

= [w(n)(n3)ap - fi3 + p?(ny)(n2)ap - f121/2

= Sl m3)ep - fis + pin)ma)ap - fi2l = 5(Coa + uCoo).

Csj = ) (nj-naB - fo i1 = m)nj-1)aBfoja+ iz B2
= [(n2)(nj—1)aB - f2,j—2 + (n2){nj—1)aB - f1,j-11/2
[(na)u(nj2)aB - fo j—2 + pini)(nj—1)ap - fi;-11/2

[{n2)(nj2)aB - fo,j—2+ (n1)(nj—1)aB - f1,j-1]

[t
2
n
= E(C&j—l +Cy))
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Now, we assume that the statement is true for some i > 4; then, fori + 1, we have

Cisrivt = () + ()’ - fii = (m) + plni—1)(ni)aB - fi1i = (i) + nCiisi,
Citriva = (ni)(niv1)aB - fiiv1 = (ni)(niv)aB(fi—1iv1 + fii)/2

= [{ni)(niv1)aB - fi—riv1 + (ni)(niv)ap - fiil/2
[ini—) (niv))oB - fiorivr + u> (i) (ni)ep - fio1i1/2

= %[<n,»_1><ni+1>aﬁ Frotien + i) e - fioril

w
= E(sz + nCiiv1), (B.23)

Civ1,j = ni)nj—naB - fij—1 = (ni)(nj—1)aB(fi—1,j-1 + fi,j-2)/2
= [{ni)(nj—n)ap - fio1,j—1 + ni){nj-1)ap - fi j—21/2
= [pni—1)(nj—n)aB - fi—1,j—1 + pini)(nj2)ap - fi j—21/2
= Sl )b - fit jo1+ (i) (nj-2)eB - fij-2]

n
= E(Cij +Cit1,j-1),

which is also correct. Hence, the statement of the lemma is true for all i and j, as
stated. O

LemmaB.4 Fori =1,..., L, the function f;y defined in Eq. (B.1) can be simplified
as in Eq. (B.16); specifically, we have the identity

fm=vficim+ 0= fir=v" fou + A=) ¥ for. (B.24)
g=1

Proof The proof is by induction: for i = 1, the identity is obvious. We now suppose
that Eq. (B.24) is true for some i > 2; hence, for i + 1, we have

i+1
firmn =y fou+ (=) ZV'+1_q  fqL
g=1
) U (B.25)
= y[y' o+ (=) Y qu} + (=) firiL
g=1
=vfim +A =y)fix1.L,
which is correct. Hence, Eq. (B.24) is true for all i, as stated. O
LemmaB.5 For i,j = 1,..., L, the solution of the recurrence relation f;; =

(fi,j—1 + fi=1,j)/2 in Eq. (B.1) is given by fij = f(i, j) + f(j, i), where
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PN L (i+)j-1 2o — 1 a1
f(l’J)z(Z(x—l)i+2i+j—l< ; )[1— > 2F1(1,l+];];ﬂ):|,

o
(B.26)

Proof In order to solve the recurrence relation for the function f;;, we take into account

the initial conditions foo = 1 and fy; = fjo = a/~!. Then, we define a generating
function g(x, y) via

gx.y) = > fix'yl = foo+ > fo;y  + D fiox + Y fisx'yl, (B.27)
i,j>0 j>1 i>1 i,j>1
where the last term can be rewritten as

o 1 o
D Fux'y! =30 S Uimng + figm0x'y!

i,jz1 i,jz1

1 1 —_—
= 5% > fiox Ty 4 Y > fijaxty!

i,j>1 i,j>1
1 | P
= XD 'y 4 2y Y0y fixly (B.28)
i20 j=1 i1 j=0
1 o . 1 P i
= §x< Z fijxiyl — Zﬁox’> + §y< Z fijx'yl — Zfojy’>
i,j>0 i=0 i,j=0 j=0
1 . 1 i
= 5x<g(x, y)— Zfiox’> + §y<g(x, y) — Zfof'yj)
i>0 j=0

Hence, Eq. (B.27) becomes

. . 1 ,
g0e,y) = foo+ Y fojy' + ) fiox' + 5x<g<x, LDEDS inX’>

Jj=1 i>1 i>0
1 .
+5y<g(x,y) - way’),

Jj=0

which is equivalent to

s (1= 55 33) = foo(1 = 3v—50) + (1= 59) X fos?

@ Springer



Statistics of Nascent and Mature RNA Fluctuations... Page450f62 3

or

gy = foo+ (1- ly)% > foiy!

2 I—=x—=yj=l
2 2

+(1 - lx>ﬁ2ﬁoxi. (B.29)
1 - Ex - Ey i>1

Taking into account the initial conditions, we find that

D foiyl =)ol Z(ay)f and ) fiox' = éZ(ozx)i,(B.SO)

j=1 j=1 ]>] i>1 i>1

which we substitute into Eq. (B.29) to obtain

gy =1+(1- %y)l Z(ay)f
1>1
1 1
+(1 _ Ex) T Da ;(ax) (B.31)

Making use of the well-known symmetric, bivariate generating function of the bino-
mial coefficients
1 P47\ i
L t, B.32
1—s5s—1t Z ( i >s ( )

we can rewrite Eq. (B.31) as

glx,y) =1+ (1 - —y) Y@y’ Y (i t]) ;:ij

j>1 i,j>0
1 ; i+ j\x'y
(1 — Ex) Z(ax) Z ( ; >—2i+j
i>1 i,j>0
_ _ - i
_(1 ﬂ)ZZ( i ) 2i+q x'y!
i,j>049=0
O BEEC
+
i,j>0g=0 274
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Rearranging sums in the above expression, we find

it i4+q\a/—17! iz i4+q\a/~172
Z i 2i+q _Z i) 2ita+l

g, y) =y [

i,j>0"=g=0 ! q=0
— i—2 . i—g—2
AL AR Y O R A A T
+2( ) = () S e
q=0
Hence, we obtain the following exact expression for the function f;;,
il j—q—1 172 j—q-2
y _Z(H‘q)“‘ Z<l+4>a
ij = i+q i+q+1
g=0 > 4 2 g=0 > 4 2
i—2 . i—g—2
A AT P A
+z( ) -2 () @
9=0

The expression in Eq. (B.33) can be simplified further due to its symmetry with respect
to the indices i and j: we write f;; = f(i, j) + f(j, i), where f(i, j) is defined as

j—1 . i—a—1 ji-2 . i—g—2
. i+qg\al™1 i+qg\al/™4
f(”J)=Z< q ) 2itq _Z< g )2t (B.34)
g=0

q=0

The function f (i, j) can be further simplified as

-2 . i—a—
al=172 (l—i-q)oﬂqz
0

f(i’j)=<i—ijij_'zl>zz+1 1 2“2(l+q>21+q+1 - q Ditg+l
(5 )0 2 () )"
(B.35)
next, we use the identity
Xi: <i ”fq)xq . ﬁ —xi+1<j ;Ti;”)ZFl(l,j 2+ 200,
) (B.36)

where 5 F is again the generalised hypergeometric function of the second kind (Digital
Library of Mathematical Functions 2020a). Note that the above identity can be used
only when |x| < 1, as the hypergeometric function 5 F; is not defined otherwise.
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Hence, Eq. (B.35) becomes

o i+j—1 1 al=?
f(w)z( i )2t+z Pt Qo —Domy
200 i+l 1 jAi—1 o
- . Fi(1, e
X|:(2a—1> (2a)11( i—1 )2 117+ 2‘*)}

ol 1 (i4+j-1 20 — 1
et 22 )]
(2a—1)’+2’+/—1< i )[ 2g 2P (L 7+ 75 5g)
(B.37)

Given the expression for f (i, j) in Eq. (B.37), one can find the corresponding expres-
sion for f(j, i) by exchanging the indexes i <> j. O
C. Variance of Total RNAP Distribution

In this section, we derive the exact expression for the variance of the total RNAP

distribution, as stated in Eq. (10), which is given by the sum over the covariances
Cov(x;,xj) (i, j =1,..., L), as defined in Eq. (4d). Hence, we have

L L
Var(ni) = Y Cov(ni.nj) =Y Var(n) + Y _Cov(n;,n,)

i,j=1 i=1 i#]j

L
=Y [(m) + m)eB - fiu]l + D (nid(njdep - fij

i=1 i#j

. . (C.1)
=Zn>+aﬂ<z - fi Y (ni) ﬁ,)

i=1 i=1 i#j

L
Zn>+aﬂ2 )+ fijs

where the function f;; is given in Eq. (10). The first term in Eq. (C.1) equals (not),
the mean of the total RNAP distribution, as stated in Eq. (10); substituting in the
expressions for the means (n;) from Eq. (2b), as well, we obtain

L
Var(nio) = (niod) +afon)* Y 't - fij. (C2)
i,j=1
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Lemma C.1 In the limit of deterministic elongation, i.e. for L — o0, the expression
for Var(ny) in Eq. (10) simplifies to

Var(f’lm[)oo = <nt0t)

+B(

2 (sp+ 54 —d) — (sp + 54 + d)e 2T 4 2d e (psutd)(T)
d(sp +su +d)(sp + s — d)

)

(C.3)

which can be further simplified to the expression in Eq. (11).

Proof In order to ﬁnd the limit of L — oo in Eq. (10) (or Eq. (C.2)), we have to
evaluate the term Z - Wi f; ; in that limit. For the following derivation, we
consider the function f,/ = f@, j)+ f(j,i), where f(i, j) is defined in terms of
sums in Eq. (B.34). Hence, we have

L L L L
DW= 3 WG+ Y W G =2 ) Wt FG, )

ij=1 ij=1 i j=1 ij=1
j—q-1 L 2 j—a-2
_ i+j(fta)« irj(i+a\
S S () S ()
i,j=14q=0 i,j=14q=0

L .
_ (i Jj—q=2
_ t+/ i+j—1 1 _ irjfit+a)«
=2 2 (T ) e DY Y T
i,j=1

i,j=1g=0 q

Gy Gy

(C.4)

Substituting k — L/{(T) — d in Eq. (C.4) and taking the limit of L — oo, we have

that G; — 0; hence, Var(ny) evaluates to
L—o0

Var (o) oo = (Mtot) oo + Llimw[aﬁ(npk)szl (C5)

in that limit, which yields the expression in Eq. (C.3), as can easily be verified with
the computer algebra package Mathematica. Hence, in the limit of deterministic elon-
gation, the expression for the variance of the RNAP distribution in Eq. (10) reduces
to the one in Eq. (11), as claimed. O

D. Moments of Total RNAP and Mature RNA in Bursty and Constitutive
Limits

Moments of total RNAP in the bursty limit: In the bursty limit, the expressions for
the mean and variance of the total RNAP distribution given in Eq. (10) simplify to
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L L
N 2 Ky L
oy = b o nd Varme)s = oy +5755 Y0 W b
i,j=1

(D.1)

If, furthermore, we take the limit of deterministic elongation, with L — oo at constant
(T), Eq. (D.1) simplifies to

N _
(Mtot) (b:00) =b§(1—e 4y and  Var(nor) (b:00)

d1+4e T (D.2)

2 S
= n 3 + n : ’
{1101} (b:00) + (110t) (p:.00) sy 1 —e T

where the subscript (b; 00) denotes the bursty limit with infinite L. In the limit of zero
RNAP detachment, Eq. (D.2) further simplifies to

(nt0t>(b;oo;0) = bsy(T) and Var(ntot)(b;oo;O) = (ntot>(b;oo;0)(1 +2b), (D.3)

where the subscript (b; oo; 0) denotes the bursty limit, with L — oo and d — 0.
Moments of total RNAP in the constitutive limit: In the constitutive limit, Eq. (10)
simplifies to

rouk

—1
<nt0t)c =M = Var(ntot)c. (D4)
kW nu—1

If, furthermore, we take the limit of deterministic elongation, i.e. L — oo at constant
(T), Eq. (D.4) simplifies to

r _
(Mo ero0) = 5 (1 = 714) = Var(ion) c:o0); (D.5)
finally, in the limit of zero RNAP detachment, Eq. (D.5) further simplifies to

(ntot)(c;oo;O) =r(T)= Var(ntot)(c;oo;O)- (D.6)

Moments of mature RNA distribution in the bursty limit: In that limit, the closed-
form expressions in Eq. (8) are given by

(n)p = buup® and Var(n)p = (n)p + (0)j (k) ™" - hyu, (D.7)
which in the limit of deterministic elongation simplify to
(1) (bi00) = bume™ ™ and Var(n) pio0) = (1) (bio0) + (M) o)V~ (D-8)

In the limit of zero RNAP detachment, these expressions further simplify to

(1) (b:00:0) = bu and Var(n) p:00:0) = (1) b:00:0) + (M) {procioy U - (D.9)
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E. Introduction to Geometric Singular Perturbation Theory (GSPT)

We consider a system of first-order autonomous ordinary differential equations in the
general (‘standard’) form

ex =f(x,y, &), (E.1)
y =gXx,y,e), (E.2)

where (x,y) € R” x R, with m,I € N. Here, 0 < ¢ < 1 is a (real) singular
perturbation parameter, and the overdot denotes differentiation with respect to the
‘slow’ time . (Correspondingly, Eq. (E.1) is referred to as the ‘slow’ system.) The
variable x is referred to as the ‘fast variable’, while y is the ‘slow variable’. For
simplicity, the functions f : R” x R/ x Rt — R” andg : R” x R/ x Rt — R are
assumed to be C°°-smooth in all their arguments. In the context of our analysis of the
characteristic system in Eq. (26), we have the ‘slow system’

eu; =u; —ujy1 + (d/ku; fori =1,...,L —1, (E.3a)
ey =uyp —u~+ (d/kug, (E.3b)
U=u, (E.3¢)
Fo = (su/dm)F1 — (sp/dm) Fo + (r /d)u1 Fo, (E.3d)
Fy = (sp/dm) Fo — (su/dm) F1. (E.3e)

By comparing the system of equations in Eq. (E.3) with the general form in Eq. (E.1),
we see that u; (i = 1,..., L) are the fast variables, while u, Fy, and F| are slow.
Correspondingly, we have m = L and [ = 3 in the above notation, which implies f =
(f1s f2, .-, fr), with fi = fi(u;, uix1) = u; —ujp1 + d/k)u; fori =1,..., L —
I, fo = foup,u) = up —u+ (d/kur, and g = (g1, g2, &3)(u1, u, Fo, F1) =
(u, (su/dm)F1 — (sp/dm) Fo + (r /dm)ui Fo, (sp/dm) Fo — (su/dm) F1).

Now, we introduce a new ‘fast’ time t = ¢/¢, which we substitute into Eq. (E.1)
to find the ‘fast system’

x =f(x,y,¢), (E.4a)
y =eg(x,y, e) (E.4b)

corresponding to Eq. (E.1); here, the prime denotes the derivative with respect to t.
Hence, rewriting Eq. (E.3) in the fast formulation, we find

u; =ui —uip1 + (d/ku;  fori=1,...,L—1, (E.52)
up =up —u+(d/kur, (E.5b)
u = eu, (E.5¢)
Fo = el(su/dm) F1 = (sp/dm) Fo + (r /dm)u1 Fol, (E.5d)
Fi = ¢[(sp/dm) Fo — (su/dm) F1]. (E.5¢)
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For positive ¢, the systems in Eqs. (E.1) and (E.4)—and, correspondingly, the systems
in Egs. (E.3) and (E.5)—are equivalent; however, in the singular limit of ¢ — 0, we
obtain two different systems: setting ¢ = 01in Eq. (E.1), we have the ‘reduced problem’

0= f(Xv Y, 0)’ (E6a)
y=2g(x,y.0), (E.6b)

while we obtain the ‘layer problem’

X =f(x,y,0), (E.7a)
v =0 (E.7b)

for ¢ = 0 in Eq. (E.4). The ‘reduced problem’ for the system in Eq. (E.3) implies
that the flow of (u, Fy, F) is constrained to lie on the (I = 3)-dimensional ‘critical
manifold” Sy that is defined by f = 0:

wp =i =y fori=1,... L, (E.8)

where uy+1 = u and (Fp, F) are assumed to vary in an appropriately chosen subset
of R2.

From the ‘layer problem’ of the system in Eq. (E.3), we conclude that y =
(u, Fy, F1) is a parameter which parameterises the (m = L)-dimensional flow of
u; = fi (i =1, ..., L), the equilibria of which are located on S.

The Jacobian matrix Dxf(x, y, 0) of the "layer problem’ corresponding to Eq. (E.5)
about Sp has the eigenvalues

ri=k(1 4 (d/k) —uiy) = k+d)(1 — @ TEF )y fori=1,... L.
(E.9)

Since our definition of the generating function F(z, t) in Sect. 3.2 assumed z €
[—1, 1], we may restricttou € [—2, 0] which, by Eq. (E.9), implies that A; > 0. Hence,
the critical manifold Sp is ‘normally hyperbolic’—and, in fact, normally repelling
with an (m 4+ [ = L + 3)-dimensional unstable manifold W"(Sy).

The geometric singular perturbation theory due to Fenichel (1979) thus implies
that So will persist, for ¢ positive and sufficiently small, as a slow manifold” S
that is (locally) invariant, smooth, and O(¢)-close to Sp. (As the unstable manifold
WH(Sp) equals the entire phase space of Eq. (E.3), it trivially persists as the unstable
manifold W*(S;) for S;.) In particular, as Sy is repelling in forward time, it follows
that the inverse characteristic transformation corresponding to Eq. (26) is well defined
in backward time; details can be found in Veerman et al. (2018), Popovié et al. (2016).
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F. Variance of Fluctuating Total Fluorescent Signal

By definition, the variance of the total fluorescent signal is given by the sum over all
elements Cov(r;, r;) fori, j = 1,..., L, where r; = (v/L)in;; the corresponding
definitions can be found in Sect. 4 of the main text. Hence, we have that

Var (rior) = Z Cov(ri,rj) = Z Cov( in;, Ljnj) = ( ) Z ij - Cov(ni,nj)

i,j=1 i,j=1 i,j=1

= % 2(2 2Var(n)+zlj COV(nlgn])>

i=1 i#j
2 L
=(+ ( i2[<ni>+<m>2aﬂ-f,-i]+2ij<ni><n,»>aﬁ-ﬁ,-) (E1)
i=1 i#]
y L L
7) i)+ (7) aﬂ(z 2o fit Y i ﬁ,)

i=l i#]j

L L
S+ (L) Y it ) - fy
. P

Substituting the expressions for the means (n;) from Eq. (2b) into Eq. (F.1), we obtain

L L
Vartro) = (2) nox Y020+ (5 ) wpapn® Y if - wit - iy, (B2)
i=1

ij=1

which is the expression stated in Eq. (35).

G. Moments of Fluctuations in Total Fluorescent Signal in Various Lim-
its

Deterministic elongation Substituting k — L /(T) —d and taking the long-gene limit
of L — oo in Eq. (35), we obtain the simplified expressions

(Frot)oo = ”ﬂ[l—(wrd)e Tay,

F]+F2+f3 (Gl)
208y — 1)?(8g + D2[1 — (1 + Ty)e~Ta]?’

Var (o) so = (ot} oo - Fo + (Frot) 2 - BOg
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where
Fo— 2 TyeTa
O T T I S+ TyeTa |
Fi= (g — 1?28 + 1), (G.2)

Fr = (8g + D*[28,(1 + Ty)(1 + Ty — Tp) — 11e™ 214,
Fy=—45,(1+ Ty + Ty)e e,

the expression for the variance in Eq. (G.1) is found via the same method as is used in
Lemma C.1 of ‘Appendix C’. When there is no detachment of RNAP from the gene,
i.e. when d = 0, Eq. (G.1) simplifies to

1
<rt0t>(oo;0) = E"'U”(T)a
2v
Var(Vtot)(oo;O) = (ﬁot)(oo;O)? (G.3)

ol . _
+ (riot)2ocrgy - 88T l[g—ETg + T = T+ T)e ™ |

Bursty limit: In the limit when the rates s, and r are large, the expressions for the
mean and variance of the total fluorescent signal given in Eq. (35) become

(root)s = Vb P (fl(l;—L) — ;LL>,
L (G4)
Var(rtot)h=( ) b—Zz u +( ) 25}: Z ij'Mi+j'ﬁj-
i j=1

Constitutive limit: When the gene spends most of its time in the active state, Eq. (35)
simplifies to

v o I4pbL(w—1)—-1]

(rot)e = — Pk 3 s
t (M - 1)L 2,,2 2 2 (G'S)
v\2 14— pl[L?u? + (1 + L)°pn — QL? +2L — 1)]
Var (rot)c = (Z) Pkt 1= ) .

Bursty expression with deterministic elongation. In this case, Eq. (G.4) simplifies
to

vbs,
d7Ty,

<rt0t>(b;oo) = [1 -1+ Td)e_Td],

d 1—(1+27; +272)e 20 (G6)

20 [1— (1 + TyeT]

Var(rtot)(b;oo) = (rt0t>(b;oo) -Fo + (rt()t)%b;oo) .
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where Fy is given by Eq. (G.2). In the special case of no premature RNAP detachment
from the gene (d — 0), Eq. (G.6) can be further simplified to

1
<rtot>(b;oo;0) = EVbSu<T>,
2 (G.7)
_ v 5 8
Var (riot) (b;00:0) = (Ftot) (b:00:0) * 3 + (rtot) (h100:0) T(T)

Constitutive expression with deterministic elongation: In this case, Eq. (G.5) sim-
plifies to

VvV r _
(Ttot) (c:00) = ng[l — (1 4+ Tye Td] and
2, I (G.8)
Var (rior) (¢;00) = FE[Z —Q+2T; +Tj)e™ ‘]],
d
which reduces to
1 1,
(rt0t>(c;oo;0) = E‘”(T) and Var("tot)(c;oo;()) = g‘) r(T) (G.9)

for the special case of zero RNAP detachment from the gene.

H. Extended Model with RNAP Pausing

Proof of Proposition 3 The new pausing model presented in Fig. 9 can be conveniently
described by 2L + 2 species interacting via an effective set of SL + 4 reactions.
The vector m of the number of molecules of the respective species is given by

m = (ng, n‘l’ e, n‘i nf, el ni n); in the table below, we summarise the respec-
tive positions of each entry in 112, as well as the definition of the rate functions f ', for
j=1,...,5L 4+ 4. Note that we do not consider G, as an independent species,
Species Molecule numbers Position (in 771)
Gon no 1
P, oiefl,..., L) n? i+ 1
P, iefl,..., L} n? i+L+1
M n 2L +2

as a conservation law implies (Gofr) = 1 — (ng). Given the ordering of species and
reactions as described in the above tables, we can define the (2L + 2) x (5L + 4)-
dimensional stoichiometry matrix S, with nonzero elements given by
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Reaction Rate function f;

Gon —2 Goff JS1 = spng)

Goft ~% Gon f> = su(l = (ng))

Gon —> Gon + Py f3=ring)

P Py, il L—1) fivs = knf)

L5 m fry3 =king)

P e, L) firrts =datn)
By iefl,... L) fivanss = rpin®)

o

fivsr4s =ra(n?)

oo, el ..., L} fivar43 =dp(nl)
d,
Mz S5 +4 = dm(n)
Si1=-1, Sip=1,

Siiv1 =1, Siit2 =—1, SiitrL+2 =—1,

Siitar+2 = —1, SiivaL+2 =1, (H.1)
Sivrivory2 =1, Sivrivaty2=—1,  Sipriyar2=—1,

Soryo 43 =1, Sory25044 = —1,
where i =2, ..., L + 1. From the associated CME, it can be shown via the moment

equations that the time evolution of the vector (r;z) of mean molecule numbers in a
system of reactions with propensities that are linear in the number of molecules is
determined by d(m)/dt = S - f. Given the form of the stoichiometric matrix S and of
the rate functions f;, it follows that the mean numbers of molecules of active gene,
active and paused RNAP, and mature RNA in steady-state can be obtained by solving
the following system of 2L + 2 algebraic equations:

0 = s, (1 = (no)) — sp(no),

0= r(ng) — (k +dq +rp)(nf) + ra(nl),

0=k(ni_)) — (k +dy+rp)nf) +ra(n?) fori =2,...,L, (H2)
0=rpnf) = (ra+dp)(n}) fori=1,...,L,

0= k(n%) — dy(n).

Here, we recall the definition of the following parameters from the main text: n = s, g,
where 1, = 1/(s, + sp) is the gene switching timescale, ox = r/k, and p = r/d,,.
Also, we define several new parameters: ¢ = r,/r, as the ratio of the pausing and
activation rates; 7,, = r,/(rq + dp), which is the probability of RNAP switching to
the active state; g4 , = dp/(rq+dp), whichis the probability of premature termination
from the paused RNAP state; it = k/(k +d, + rpndp); and A = o, . It follows that
the solution of Eq. (H.2) can be written as

(o) =n, (n%) =npeit', (nf) = mr, and (n) =nept.  (H3)

@ Springer



3 Page 56 of 62 T. Filatova et al.

Proof of Proposition 4 In order to solve the Lyapunov equation J-C+C-J7 +D =0
for the symmetric elements C;; = Cj; of the (2L + 2) x (2L + 2)-dimensional
covariance matrix C, we will follow the same approach as in ‘Appendix B’. First, we
define the (2L + 2) x (2L + 2)-dimensional Jacobian and diffusion matrices for our
system. The Jacobian matrix J has the following nonzero elements:

Jit = —(su + sp),
Jor =, Jn = —(k+ds +1p), Joo4L =14,
Jiic1 =k, Jii = —(k+dy +r1p), JiitL =74 for i =3,..., L+1,
Jivri=r1p. Jivrive =—(rq +dp) for i=2,...,L+1,
Jor42,041 =k, Jor42.2042 = —dp,
(H.4)
while the nonzero elements of the symmetric diffusion matrix D are given by
D11 = su(1 = (no)) + sp{no),
Do = r(no) + (k + da + rp)(nf) + ra(n?), D3 = —k(nf),  Dapyr = —rp(nf) —ra(nl);
fori=3,...,L+1:
Dji = kinf_,) + (k+da +rp) () +ra(n? ), D; 1<) = —k(n{_,), Drii12012 = —k(ng),
DijiL = —rpin{_ ) —ra(nl )
fori=2,...,L+1:
Dijrivr =rpnf )+ (ra +dp)(n? ),
Dyri20042 = k(ng) +dy(n).
(H.5)

Next, using the definition of J and D from Egs. (H.4) and (H.5), respectively, we solve
the Lyapunov equation. Here, we note that we are only interested in expressions for
the covariances of fluctuations in active and paused RNAP, but not of mature RNA
fluctuations; hence, we require closed-form expressions for the elements C;; with
i, j # 2L 4 2, which we derive by following the same procedure as in ‘Appendix B’.

Now, we recall that 8 = s, /s, is the ratio of gene deactivation and activation rates,
while 7, = 1/(k + d,) is the typical time that an actively moving RNAP spends on
a gene segment. Additionally, let t,, = 1/r, be the timescale of RNAP activation
from the paused state, let 75, = 1/d) be the timescale of premature termination of
paused RNAP, and let 7,, = 1/(r, + d}) be the typical time spent in the paused
state. Finally, we define the following new parameters: A,, = 7,,/(1 — 7»,), where
7y, = rp/(rp +k + dg) is the probability of actively moving RNAP switching to the
paused state, as well as

Ty Tg Tgt+ )”"pndprg Tg .
Top +Tg

(H.6)

o= , and o=

Wy = ————
YT, T To+ Tp + A, Tg(1 — r,)
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then, closed-form expressions for the covariances of the active gene with itself and
the remaining species are given by

Var(no) = n°f - g4, where gi§ = 1,
Cov(no, n) = n{n)ap - g}, where g% =&/, (HT)
Cov(no, 1’) = n(n )aﬂ goj where ggf — wa’~ !

Similarly, closed-form expressions for the covariances between all RNAP species read

Cov(n{, nf) = 8;j(nf) + () (n)ap - gf,
Cov(n{,nl)) = (nfy(nh)ap - g},
Cov(n],n%) = (nf)(nap - g},

Cov(n nf)) = &ij(nf) + (n!) (})&B - 8!

(H.8)

where the functions g = g, g7 7= =g Jl , and gl.';p = g;’ip satisfy the following
recurrence relations:

[(k+d)(ra+dp)+rp p](g, 1]+gll 1)+Varp(g,] +gl])

aa __

- ’

ij 20k +dg + 1) (ra + dp)
o [(k + da)(ra + dp) + rpdp1gi”y ; + (ra +dp)>gle + rarpgf}”7 (H.9)
ij (k4do+ro+r,+dy)ra+dp)
ap pa
o _ 8Sij T 8ij
§ij =7

Now, we assume that the elongation rate is faster than the rates of RNAP pausing,
activation, and premature termination, i.e. thatk >> r4, 7), dga, d) in Eq. (H.9). Taking
the limit of k — oo, we find that the expressions in Eqgs. (H.7) and (H.8) remain
unchanged, while Eq. (H.9) simplifies to

glg] (gl 1,j +gl J— 1)/2 (H.10a)
8] =8it1 (H.10b)
el =&l +el"/2 (H.10¢)

in particular, to leading order in 1/k, the functions gl , gl i gl Ix and 8ij PP hence
do not depend on k Eq. (H.10a) defines a recurrence relation for the symmetrlc
function g = g ¢ with initial conditions g and gga from Eq. (H.7). Using the
same mathematlcal techmque as in Lemma B 5, we ﬁnd that the solution for the
function g “ is given by g = g%, j)+g*(j, i), where

@ Springer



3 Page58of62 T. Filatova et al.

aiti-l 1 (i+j—1 2a — 1
g — - Fi(Li+ i js 5) |
D= 0a -1y +2,+,_1< i )[ 25 2L i+ 75 7 5)
(H.11)

Eq. (H.10b) is a recurrence relation for the function g?]p with initial conditions gg‘;
from Eq. (H.7); the corresponding solution is then given by g;/ = wa’ ~1. Finally,
the solution of the recurrence relation in Eq. (H.10c) for g/ is given by g/ =

(@'~ + & ~1)/2. In sum, the leading-order asymptotics (in 1/k) of the covariances
between the various RNAP species for & large is hence given by Eq. (H.8), with g¢¢ i

gl.j =g’ j ,and g’ j as stated above. o

Asymptotics of variance of total RNAP distribution: The variance of the total RNAP
distribution for the pausing model is given by

L
Var (ngot) = Z (Cov(n?, n‘]‘-) + Cov(n{, nf) + Cov(n;.", n‘;) + Cov(nlp, nf))
ij=1
(H.12)

where the expressions for the corresponding covariances are given in Eq. (39). In
order to simplify the above expression, we consider each term on the right-hand side
in Eq. (H.12) separately, as follows:

Z Cov(nf,n9) = Z 8ij(n?) + (px)*ap Z 8

i,j=1 i,j=1 i,j=1

L L

> Cov(nf,n) = o’apr Y g,

ij=1 Lj=1 (H.13)
L L '
Y Covnf.n%) = ow)’@pr Y gl

ij:l i,j=1

L L
Z Cov(n]',nf) =" 8ij(nf) + mpe)’aps’ Y gl
i,j=1

i,j=1 i,j=1

Since Y5 iy (8i(nf) + 8ij(nf)) = Y[_, (i) = (nior). Eq. (H.12) becomes

L
Var(no) = (o)) + o0)aB Y (e +rgil + el +27g/7). (H.14)
i,j=1

@ Springer



Statistics of Nascent and Mature RNA Fluctuations... Page590f62 3

PP from Eq. (39), we

Using the expressions for the functions g, gl.ajp . g/; > and g/ f

conclude that Eq. (H.14) further simplifies to

L al —1
Var(no) = (niot) + (npk>2&ﬂ[2 Y g D+ + ML — }
ij=1 ol

(H.15)

I. Approximation of Mature RNA Distribution in Extended Model

Similarly to Sect. 3.2, we apply geometric singular perturbation theory (GSPT) to
formally derive the distribution of mature RNA for the extended pausing model. As
was done there, we define P; (n;t) (j = 0,1) as the probability of the state 1 =
(n?, e, n“L nf e n’Z n) at time ¢ while the gene is either active (0) or inactive
(1); then, the time evolution of these probabilities can be described by a system of

coupled CMEs:

L—1
3P0 =suP1—spPo+r@E, —Py+k Z(E"?E;;’il — Dnf Py + k(Be B, — Dn§ Py
i=1
L L L
+da ) (Eyg = Dnf Po+rp ) (BB ) — Dnf Po+ra ) (EB,rE = Dnf Py
i=1 i=1 ' i=1
L
+dy ) (B, = Dnf Py +dp(Ey = DnPo,

=l L1

L—1
3:P1 =spPy— suP1+k Z(E”?Eal — Dnf Py + k(Bye B, — Dn§ Py
i=1
L L L
+da Yy By — D Pr+rp Y BB = Dnf Pitrq ) (B E —Dnl' Py
i=1 i=1 ! i=1 '
L
+d, Z(Enlp — Dn? Py + dy(E, — DnPy.

i=1

In order to find analytical expressions for the propagator probabilities P (7; t) which
satisfy the system of CMEs in Eq. (I.1), we define the probability-generating functions
F; (z; 1), where 7 = (Zﬁ’, el z‘z, zf, R z{, 7) is a vector of variables corresponding
to the state 71. Given the equations for P i (n; t) from Eq. (I.1), we obtain the following
system of PDEs for the corresponding generating functions F;(zZ; 1):

L{Fol = suF1 — spFo 4+ r(z{ — 1) Fo,

(1.2)
LIFi1] = spFo — suFi;
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here,

L—-1 L
L= +dn(z— D0 +k Y (& =28, )00 + k(@] — )00 +da Y (2 — Do

i=1 i=1
. 1.3)

L L
+rp D@ =2 ey (@ =20 +dp Y @ =1
i=1 i=1 i=1

is a differential operator acting on the functions Fy and F. Eq. (I.2) represents a system
of coupled, linear, first-order PDEs. Now, we introduce new variables uf = zj‘ -1,
ulp = zlp — 1, and u = z — 1; we also rescale all rates and the time variable with the
degradation rate d,, of mature RNA. Next, we apply the method of characteristics,
with s being the characteristic variable. The first characteristic equation will give us
dy, (dt /ds) = 1, with solution s = dy, t; hence, we can use the variable 1’ = d,, ¢ as the
independent characteristic variable and thus convert the system of PDEs in Eq. (I.2)

into a characteristic system of ODEs:

¢ = (k/dp) [ — uly) + (da/Oud + (rp /) — ul)] fori=1,...,L —

i

(I.4a)

i = (k/d)[uf —u) + da/ROu§ + (rp/l) @ —ui)], (L4b)
il = (ra/dn)[W! —uf) + (dp/ra)ul] fori=1,...,L,

(L4c)

w=u, (L4d)

Fo = (su/dm)F1 — (sp/dm) Fo + (r /dw)u Fo, (Lde)

Fy = (sp/dw) Fo — (su/dm) F1, (L4f)

where the overdot denotes differentiation with respect to ¢. Here, we assume that

k/d, > 1and r,/d, > 1; hence, we define ¢ = d,, /k as the singular perturbation
parameter, and we write d,, /r, = €8, where § = k/r, = O(1) by assumption. Since
0 < ¢ « 1 is small, we can apply GSPT in order to separate the system in Eq. (I1.4)
into fast and slow dynamics, which will allow us to find an asymptotic approximation
for Fyp and Fj in steady state. With the above definitions, the governing equations for
u? and ulp in the ‘slow system’ in Egs. (I.4a) through (I.4c) become

eif = uf —uf )+ da/Ouf + (rp/k)wf —ul’) fori=1,...,L—1,

l

(I.5a)
eif = (uf —u) + (da/R)u§ + (rp/k) W] — uf), (L5b)
eul = [l —uf)+ (d,/ra)ul1/s fori=1,...,L. (L5c)

It follows that uf‘ and ulp (i =1,..., L) are the fast variables in our system, while «,

Fy, and F are the slow ones; see ‘Appendix E’. Setting ¢ = 0 and solving the system
in Eq. (1.5), we find u{ = ﬁL -u, where t = k/(k +d, +rpmg,) has previously been
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defined in Proposition 3. Now, given Eq. (I.4d), we apply the chain rule, df’ = du - u,
to rewrite Egs. (I.4e) and (1.4f) as:

Fldmu = s, Fy — spFo + rit*uFy, (1.6a)
Fl/dmu =spFo — s, F1, (1.6b)

where the prime now denotes differentiation with respect to u. The system in Eq. (1.6)

is the same as that in Eq. (28), with the substitution & +— [&; hence, following the
same derivation as in Sect. 3.2, we conclude that the steady-state analytical expression
for the probability distribution of mature RNA is given by

L (sun r\" . Su Sp + Su ro.rL
P = — " — — —— . (L7
() n!(sﬁsu)n(dm) (@ 1(dm s L = ). an
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