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Exact results for gene-expression models with general waiting-time distributions
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Complex molecular details of transcriptional regulation can be coarse-grained by assuming that reaction
waiting times for promoter-state transitions, the mRNA synthesis, and the mRNA degradation follow general
distributions. However, how such a generalized two-state model is analytically solved is a long-standing issue.
Here we first present analytical formulas of burst-size distributions for this model. Then, we derive an iterative
equation for the mRNA moment-generating function, by which mRNA raw and binomial moments of any order
can be conveniently calculated. The analytical results obtained in the special cases of phase-type waiting-time
distributions not only provide insights into the mechanisms of complex transcriptional regulations but also bring
conveniences for experimental data-based statistical inferences.
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I. INTRODUCTION

mRNA molecules observed in experiments are a conse-
quence of a series of biochemical reactions. And they are
stochastically produced due to the discreteness of the systems
and the low copy numbers of the reactants. This stochasticity
is thought to be an important source of phenotypic variation
across a genetically identical population of cells and can affect
cell functioning and even cell fate decisions [1-6].

Transcription is regulated by a multitude of factors that co-
operatively induce genes to switch between transcriptionally
active (ON) and inactive (OFF) states. Prokaryotic transcrip-
tion depends on transcription factors (TFs), and in some cases,
on DNA looping. In contrast, eukaryotic transcription is more
complex, involving a number of complexes that sequentially
assemble on chromatin under the influence of TFs and the
dynamic state of chromatin. On the other hand, most genes
are transcribed in a bursty fashion [7-10]. Single-cell mea-
surements have provided evidence for transcriptional bursting
both in bacteria [8] and in eukaryotic cells [10,11].

To understand transcriptional burst kinetics, many math-
ematical models have been proposed, such as extensively
studied two-state models [12—17], models of promoter pro-
gression [16,18], and multistate models [19]. We note that
almost all these models assume that the underlying reactions
occur in a Markovian or memoryless manner, implying that
the reaction waiting times follow exponential distributions.
For gene expression, however, Markov is exceptional and non-
Markov is more general [20-22]. Molecular processes such as
transitions from OFF to ON states and vice versa, the mRNA
synthesis, and degradation processes are usually all multistep,
creating memories between molecular events. For example,
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the complex control process of gene expression can generate
nonexponential time intervals between transcription windows
[20]; inactive phases of the promoter involving the prolactin
gene in a mammalian cell are differently distributed, showing
strong memory [23].

In this paper, we introduce a generalized model of gene ex-
pression, which considers general waiting-time distributions,
including those between promoter activity states as well as for
the synthesis and degradation of mRNA. This model includes
most existing models as its special cases. Importantly, we
derive the analytical formulas for calculating moments and
the distribution of mRNA. The analytical results not only
provide insight into the roles of transcriptional regulation and
molecular memory in tuning mRNA expression levels but can
also be used in the inference of bursting kinetics based on
experimental data.

II. MODEL DESCRIPTION

To reveal the effects of molecular memory, we coarse-grain
complex molecular details of transcriptional regulation by
assuming that waiting times for promoter-state transitions,
mRNA synthesis, and mRNA degradation all follow general
distributions. Specifically, we assume that the biochemical
reactions of the underlying gene-expression system are

ofFF ™, oN, oN &% OFF,

oN 2% oN+ X, X 2 g, (1)
where fo (1), fon(t), g(t), and d(¢) are four arbitrary distribu-
tion functions, and X represents the gene product (without loss
of generality, we assume that it is mRNA). We point out that
g(t) can model the process of transcription initiation involving
pre-initiation-complex formation, open-complex formation,
promoter escape, etc. We further point out that there are mod-
els that consider special forms of the function g(z) [24-28],
and in particular, there are experimental measurements that
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support the nonexponential g(¢) [29-31], but it is unclear how
a general g(¢) affects the expression level of mRNA. Function
fon(t) can model a deactivation process that is, e.g., due to
the spontaneous unbinding of one single TF (activator), and
fote(t) can mimic a complex activation process due to, e.g.,
chromatin opening and TF recruitment. Hereafter quantities
with subscript “on” refer to the process of leaving the ac-
tive state and vice versa for “off.” The question of how this
generalized two-state model is analytically solved is a long-
standing issue.

We point out that special cases of the above queuing model
have been studied and some analytical results on statistical
quantities of X have also been derived [20,22,32-34]. In
particular, Szavits-Nossan and Grima [35] recently provided
a tutorial review of an alternative approach to stochastic
gene-expression models based on queuing theory. The models
studied by them included some that could generate a very
wide class of distributions of waiting times; and depending
on the number of gene states included and on the values of
the rate constants, the distributions of the ON and OFF times
could be matched to a very wide variety of experimental
distributions. In spite of these, the existing models did not
consider that the waiting-time distribution from nascent RNA
to mature RNA, i.e., the function g(¢) in Eq. (1), is general.
It seems to us that no one considered that fo, (), forr(¢), g(t),
and d(t) are simultaneously general, and no analytical results
were reported in this general case, either. We will focus on the
derivation of analytical results for Eq. (1).

III. ANALYTICAL RESULTS

A. Moment-generating functions

For clarity, we distinguish the following two cases to derive
the moment-generating functions (MGFs) of burst sizes.

Case 1. Neither gene inactivation nor mRNA degrada-
tion are considered. Let T, represent the time that the gene
dwells at the ON state. Then, the probability that the gene
produces at least b bursts up to moment ¢ is calculated via
Poust{B = b|Ty, =t} = fé gp(t)dt, where function g,(t) =
g(t) *---x g(r) represents the kth convolution of function
~——

b
g(7) and B the mRNA copy number. The probability that the
gene produces exactly b bursts at moment, called instanta-
neous burst-size distribution, is then expressed as

t

Pburst{B:b|Ton:t}:/ gb(f)dt_/ g1(t)dt. (2)
0 0

Further, the burst-size distribution during the entire ON
period is given by

+00
Pburst{B = b} = / Pburst{B = b|Ton = t}fon(t)dt- (3)
0

If we define Myy(z,t) = Zb ehZPburst{B = D|Ty, =1},
and denote by BSy(¢) the kth-order instantaneous moment of
burst size at time ¢, then

BS(t) = aé{Mburst(Zv t)|Z:0

=) VPulB=bTm =1}, k=12..... 3a)
b

where symbol “8;‘” represents the kth-order derivative with
regard to z. Note that My (0, ) = 1 due to the conservative
condition of probability. Thus, the expectation (B) and the
variance oy, Of burst size during the entire ON period are
calculated according to

+o0
(B) =/0 BS1(t) fon(t)dt,

+00
S / BSo(t) fon (1)t — (B)2. (3b)
0

Reference [36] gave another method for calculating the
first- and second-order moments of burst size, expressed in a
manner of the Laplace transform, e.g., the instantaneous burst
size is given by BS|(t) = L~ (g(s)/[1—5(s)]), where L~ is
the inverse of Laplace transform operator L, and g(s) is the
Laplace transform of function g(t).

As applications of the above analysis, we first consider the
simplest case: g(t) = Ae ™ and fo,(t) = kone %', where A
and k,, are the mean generating rate for mRNA and the mean
transition rate from ON to OFF states, respectively. According
to Eq. (3), we can show

Pouwst{B = b} = Kon (1 Kon >b 4)
burst - - 1 +k0n 2 +k0n 5

indicating that the burst size follows a geometric distribution

as assumed in previous studies [12,18,19,37]. Alternatively,

the MGF for the burst size, denoted by My, (2), is given by
kOH

kon — M€z — 1)

Mburst (Z) = (43)

Then, we consider another example: fo,(t) = kopeon!
and g(t) = A"~ e /T'(¢) (Erlang or phase-type distribution
[38]) (note, in this case, the mRNA production is considered a
multistep process with equal rates), where I'(£) is a gamma
function and ¢ is a positive integer, modeling the number
of reaction steps, and called memory index [22]. Note that
£ =1 corresponds to the Markovian case and ¢ # 1 to the
non-Markovian case. According to Appendix A of this paper,
we can show that Py {B = b|T;, = t} is given by

(b+1)t—1

Pous{B=b|Ton =1} =1—¢* Z

(At)!
7!
i=ht L

., (5b)
and the MGF for mRNA at time ¢ by

L
M (2.1) = exp[—A(1 — ¢)(1 — M]3 77, (5c)

i=1

where A = A/ky, and we have made use of the fact that the
convolution of exponential distributions is an Erlang distribu-
tion [38].

Case 2. Both gene inactivation and mRNA degradation are
considered. For a general waiting-time distribution g(z), the
burst-size distribution has not been derived so far even if mR-
NAs degrade in an exponential manner. The main difficulty is
that bursts are produced not in a constant manner but in a time-
dependent manner in this case. Here we develop a method
to derive burst-size distributions for any g(¢). Note that for
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exponentially distributed lifetimes of mRNA described by dis-
tribution d(¢) = kye %', integral D(t) = ft+°° d(s)ds = ek
represents the probability that the degradation does not occur
in the interval (0, 7) and fol D(s)ds is the cumulant probability.
For a general waiting-time distribution, d (), we have a similar
interpretation. When one calculates the burst-size distribution
at any time point using Eq. (2), ¢t should then be replaced with
7 = [y D(s)ds. For example, for g(t) = he™™, Eq. (2) should
be modified as

( )\lt)b e—)uf
Lh+1)
The distribution obtained in such a manner is called an ef-

fective burst-size distribution. The MGF for the corresponding
burst size is given by

Pburst{B:bu;)n:f}: 1- )

+o0
Mburst(L t) - Z exp (bZ)Pburst{B - b|Ton - f}
b=0
=exp [M(ef — 1)]. (5a)

These results will be verified in the analysis of the follow-
ing special cases.

B. An iterating equation for initial raw moments

Here we establish an integral equation for the MGF of
initial (i.e., time ¢ = 0) raw mRNA moments by using the fact
that the MGF at the beginning of the OFF state equals that at
the end of the ON state during one transcription period.

For simplicity but without loss of generality, we always
assume d(t) = kye %" in the following analysis. Let M(z, t)
be the MGF for the number of mRNA molecules at time ¢
with 0 < 1 < 7op + Tofr, Where T, and 7. represent the times
dwelling at the ON and OFF states, respectively, each chang-
ing between 0 and infinity. The following condition must be
satisfied [39]:

Mini(z) = M(z,0) = M(z, Ton + Toir)

+00 400
=f M(z, 1) foi(t — T)fon(T)dt dT,  (6)

where M,,;(z) is the MGF of the initial mRNA moment.
Owing to the assumption of d(t) = kye %%, the probability
that one molecule is still present after time 7 is a Bernoulli
random variable with the MGF denoted by &(z, 7). Moreover,
we have &(z, 7) = 1 + e %7 (¢*—1). Starting with the MGF
of the initial raw moment and considering only the mRNA
degradation, we have

M(z, 1) = Mini[In&(z, T)], (7

where 0 < 7 < 7. The MGF at the end of the OFF state,
M (z, Tofr ), should be the integral of M (z, ¢) over time ¢ from O
to infinity.

Now, we consider an ON period. During this period, the
degradation of the mRNA molecules that have been present
at the beginning of the burst continues through function
§(z, 1) with Myeg(z, 1) = Mini(In[£(z, 1)]), where Toir <t <
Tofft + Ton. Then, the MGF of the mRNA number distribu-
tion is given by the convolution of the distributions of those
molecules that are still present from previous bursts and the
burst sizes with regard to the time during the OFF period, i.e.,

+00
M(z,t) = Mpurst (2, 1) Mini(In[§(z, T + D)D) forr(T)d T,

=0
®)

where Myusi(z, 1))=Y, €” P{B=b|T,, =7} with i=(1 — e7%")/
kg4, which is unrelated to variable s. By Eq. (6), we can arrive
at the following closed form:

+o0  p4o00
M) = [ Mi(In [z, 7 +1)])
t=0 =0
X Mpurst (2, t)foff(f)fon(t)df dt. &)

This equation is actually an iterative system with M, (0) =
1 and can hence determine all raw moments for mRNA at time
t = 0. For example, we can show that the first-and second-
order initial raw moments of mRNA are respectively given by
(see Appendix B for derivations)

—0 Ji=r |
400
M. 0y = S A Fn®it )
1 — fore(ka) fon(ka)
w0y = MO o ks) iy &0 fon(0)dt My OV ko) = Fon 2K fon k) + 15 DO o

1 — forr 2ka) fon(2ka)

1 — foir Qka) fon (2ka)

Hereafter for convenience, we denote a(t) = BS;(¢) and b(t) = BS,(¢), which are given by Eq. (3a), and g(s) is the Laplace

transform of function g().

C. Calculation of mRNA raw moments

After having obtained initial raw moments of mRNA, we can now calculate the raw moment of any order for the total mRNA
copy number. This only needs to average over all ON-state and OFF-state times according to their distributions:

1
ky
R

+00 +oo
. ( f (Yo Forr (0T + / <m’<>onFon(r>dr), (10)
(Tofr) \Jo 0
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where (m*) ; represents the kth-order moment of mRNA
during the OFF period and is calculated according to Eq. (7):

k

k [
(m >off - sz

Mini[In§(z, T)]l_z = 0, (10a)

whereas (m*),, represents the kth-order moment of mRNA
during the ON period and is calculated according to Eq. (8):

In Eq. (10), Fon(t) = ;" fon(t)dr and Fo(s) =
[ fore(@)dT, and (ton) = [ Tfon(r)dT and (tor) =
f0+°° T forr (T )d T are the mean tlmes dwelling at ON and OFF
states. The most frequently used moments are the first two
raw ones. According to Eq. (10), the mRNA expectation is
given by
M;,(0)
(m) =

Ton) + (o) [Fote(kq) + fott (ka)Fon(ka)]

90 = 2 [ Min et 400D ‘ o
on aZk m ’ + m /O b(l )Fon (f )dl, (1 13.)
X Mourst(z, 1) fofe (T)d T | 0. (10b)  and the second-order mRNA raw moment by
|
(m?) = ——————(M,;(0)Fiogr(kg) + [M]L,(0) — ML, (0)] Foe (2kq)}
(Ton) + (Tofr)
M) [ NN
——————| foit (ki) Fon(ka) — foit (2ka)Fon(2ka) + 2foff(kd)/ e a(t)Fon(t)dt
(Ton) + (Toff) 0
1 B N +oo
+ —[M{;,(O)foff(de)Fon(de) + / b(t)Fon(t)dt], (11b)
(Ton) + (Torr) 0

where M| ,(0) and M}
respectively.

To check whether the above general results are correct,
we consider two special cases. The first case is g(t) =
re™™, fon(t) = kone ! and for(t) = kogre %!, which cor-
responds to the common two-state model [12,14,16]. In this
case, we can show that the mean mRNA and the second-

order moment are given by (m) = % and (m?) =

(m)[ﬁ + %]; see Appendix C for the derivations
based on Egs. (11a) and (11b). Since these results are all
known [18,19], here we do not plan to give discussions on
the effects of model parameters on mRNA levels.

The second case is g(¢) = % Jon () = kone ' and
Jott(t) = kosre™ kit Tn this case, we can show that the mean
mRNA (m) is given by

nkonkoft [n — 1 kon + ky n n)_»:|
2 kd kon kon '

(0) are given by Egs. (9a) and (9b),

- kon + koff

(12a)

which is apparently an extension of Eq. (12a). It is easy to
show that (m) is a monotonically increasing function of n,
implying that the number of reaction steps associated with
the mRNA synthesis increases the mRNA mean level. Note
that the switching rate k. corresponds to the dissociation
rate of the TF from its promoter. In the limit of large ko,
mRNA bursts are effectively produced constitutively with rate
kon. In this case, the mean mRNA can be approximated as
(m) ~ n(%k"“k—’:k’ + nA). Similarly, we can show that the
second-order raw moments are

c1 + ek + 32
(m?) = (m) + L2 T

(Ton) + (Toft)
where ¢; (1 < i < 3) are constants depending on model pa-
rameters (see Appendlx D for details). In particular, if n = 1,
then ¢; = ¢, =0, and Egs. (12a) and (12b) reproduce the

(12b)

(

results in the Markovian case. If the Fano factor FF is defined
as the ratio of the variance over the mean, then
c1 + cz)_\ +c3 A2

FF=14+ —«——"—,
hy

where hy = "("2 D k°“+k" + 22 *% Note that if n > 1, then c¢;
(A <ig3)areall posmve 1mply1ng that the mRNA number
follows a super-Poissonian distribution (i.e., FF > 1 [40]). If
n < 1, then FF < 1, implying that the mRNA number follows
a sub-Poissonian distribution. In particular, if n = 1, then FF

reduces to the Fano factor for the common two-state model.

(12¢)

D. Reconstruction of mRNA distribution

If the distribution of mRNA is denoted by P(m), the kth-
order binomial moment by, is defined as b, = ngk (',’:)P(m),
where symbol (}) represents a combination number. Appar-
ently, the binomial moments defined in such a manner are a
linear combination of raw moments. If all the raw moments of
P(m) are known, all the binomial moments are also known. In
turn, given all the binomial moments of a distribution, we can
reconstruct this distribution [41] by the reconstruction formula

P(m) = Z(—l)"m<’]:1>bk, m=0,1,2,..., (13)

k>m

where by = 1 due to the conservative condition of probabil-
ity. By Eq. (10), we can calculate all mRNA raw moments,
implying that the mRNA distribution can be reconstructed. In
practical applications, we may use an approximate method to
obtain an mRNA distribution [41].

It is worth pointing out that we can develop a statisti-
cal inference method based on the above theoretical results.
Roughly speaking, we can calculate an “empirical” mRNA
distribution, given a set of experimental data (e.g., single-cell
RNA sequencing data of primary mouse fibroblasts). On the
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other hand, by selecting model (1) as a candidate mechanism
revealing transcriptional burst kinetics, we can obtain a “the-
oretical” mRNA distribution depending on model parameters.
Further, e.g., by the maximum likelihood estimation, we can
determine the values of the model parameters including mem-
ory indices. In a word, our results can be used not only for
parameter inference but also for model selection in the sense
of choosing switching-time distributions from the space of
all possible distributions and thus determining an appropriate
model that would generate them. Detailed results will be pub-
lished elsewhere, but one may refer to [42,43]: in Ref. [42],
a statistical inference framework was developed to infer both
transcriptional bursting kinetics and the type of feedback reg-
ulation from single-cell RNA sequencing data on a genome-
wide scale, but a (universal) question arising in inference is
that selecting a different model would lead to different in-
ferred results; and in Ref. [43], the authors used a dual driven
approach of model and data to show the nonlinear control
of transcriptional bursting by enhancer-promoter communica-
tions, but how the interactions between enhancers and promot-
ers quantitatively impact bursting kinetics remains unclear.
Finally in this section, we point out that the above inference
method is in theory feasible, but the inferred results would
be approximate since it seems impossible to obtain all the
binomial moments and further, the exact mRNA distribution.

IV. CONCLUDING REMARKS

In this paper, we have studied a generalized two-state
model with arbitrary waiting-time distributions, and derived
both analytical formulas of burst-size distributions and an iter-
ative equation for the mRNA moment-generating function by
which we can conveniently calculate mRNA raw and binomial
moments of any orders. In particular, the analytical results
obtained in the cases of phase-type waiting-time distributions
not only provide insights into the mechanisms of complex
transcription regulations but also link theoretical studies to
experimental data by providing new inference possibilities.
Thus, the development of analytical approaches, as outlined in
this work, is an important ingredient for accurate quantitative
modeling of complex cellular processes.
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APPENDIX A: DERIVATION OF MOMENT-
GENERATING FUNCTIONS

For clarity, we consider the following two cases separately.

Case 1. g(t) =xe™, fou(t) = kope™ ', and for(t) =
koffeik””t .

Note that the multiple convolution of an exponential
distribution is an Erlang distribution. Using this fact and con-

—M we can have

sidering g(t) = Ae
Pburst{B = b|Ton = t_}

—Pburst{B b|T0n —t} Pbursl{B b+ ]|Ton :t_}

=/ g(t)*-~-*g(t)dt—/ gt)x---xg(t)dt

b+1

kbt —1 7At f}»bﬂtbe*)"
- / M g / KTy,
RN (D) o Th+1)

« ()»u)’ o [ i (mw}

i=0
Therefore,
_ (mb —M
PoustdiB = b|T,, =t Al
bui st{ | Ol } F(b+ 1) ( )
where 7= [(D(s)ds = (1 —e7™ ). By Muun(z,7) =

ZZO(O) e"P. (B = b|T,, =7}, the instantaneous moment-
generating function at time 7 is given by Eq. (4b) in the main
text. Moreover, Muyusi(0,7) = 1, 9 Mpursi (2, )|,—o = Af, and

azszurst(Z, t_)|z:0 =M+ ()\ZT)Z.
K pk—1 =it
Case 2. g(t)="gs—, fon(t) = kone™",  forr(1) =
koﬁ-e_koffl.

Note that the Laplace transform of function g(z) is

oo t )‘k e k—1 _—(A+s)t
2(s) =/ ®)e™dt = —/ " eVt
=) T Jo

N (six)k'

If we define G(¢) = g(t) * - - -

(A2)
* g(t), the Laplace transform
of G(t) is

; PN
G(s) =g(s) x -+ x g(s) = (—) . (A3)
—_ s+ A
b

Using the inverse of the Laplace transform, we know that
function G(¢) can be analytically expressed as the following
Erlang distribution:

. 3 bk b1yt
G =L"[Gs)]="1_¢ Ad
() [G(s)] NS (A4)
Since [, ! %dl =1—e MY H! (Af,) , the instanta-

neous burst-size distribution at time 7 is given by

Pbursl{B = b|Ton = f}

=/ g(t)*~-->|<g(t)dt—/ gt)x - % g(t)dt
O\—l:_/ 0 ————

b+1
bk—1 —i (b+1)k—1 =\
iF (A7)’ aF (A1)
_ _ At M7 3 bt
—1—e¢ Z g l+e Z g
i=0 i=0
bk+k—1 —i
_if (AT)
=M § - (A3)
i=bk l'
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Therefore, according to the definition of moment-generating function, we can show Eq (4c) in the main text. Moreover,
Muurt(0,7) = 1, and derivatives are .My (2, 7). = “5 + k207 and 92 Mo (2, 7|, = “=UED 4 k2 (2k—1)AT +

k3(AF)?, where T = kli(l e katy,

APPENDIX B: DERIVATION OF THE FIRST TWO INITIAL RAW MOMENTS

For convenience, we denote A(z,t) = (%Mburst(z, t),B(z,t) = %Mburst(z, t)a()=A(0,t),and b(t) = B(0, t). According to

Eq. (9) in the main text, the first-order derivative of function Mj,;(z) with regard to z is

v kg (t+u)
M (z) = /t /10 1+e kﬂ(ez— ) 1m (né&(z, T + ) IMpurst (2, 1) fore (T) fon (t )d T dt

+ / Mini(ln [§(z. T + DDA, 1) fot (T) fon(t)d T dt.
t=0 =0

Therefore,

M!(0) = / / e HEOM(0) o (0) fon ()T df + / [ a(t) fo (2 fon(D)dl di.
t =0 7=

which yields Eq. (9a) in the main text. Similarly, the second-order derivative of function M;,;(z) with regard to z at point z = 0 is

+00
Mi;(0) =M, 0) | f T = D) fos (7) fon () T dt

mni i

+o00 +00
/ / B(t) ot (0) fon ()T i + MY (0) / KD £V E (1) dt
t =0 =0

+00
+ 2M;(0) f e T a(t) forr (T) fon (t)d T dt,
t=0 =0

which yields Eq. (9b) in the main text.
Note that

(M)oir = e XM (0),  (m)oy = a(t) + for(ka)M]; (0)e ™

According to Eq. (10) in the main text, the first-order mRNA raw moment is given by

(m) = MUW e S Eye(T)dt + foir (k )/H>o e h'F, (z)d:} + _ /m a(t)Fo, (t)dt
™ (ton) + (7o) Lo o o o (Ton) + (Torr) Jo e

Next, we consider the seggnd-order raw moment of mRNA. Note that
Mini[Iné(z, 7)] = lﬂﬁd—fzez_l)M{m[ln &z, 1],

2 ez—kdr(l _ e—de) eZz—der

Mini 1 s = Mi/ni 1 3 1n1 ’
Py [In&(z, 7)] 0t et [In&(z, )] + SR milln & (z, T)].

Therefore,

(o = €T (1 = MM (0) + eTHTME(0).

i1

Since the derivatives of My (2, t) with regard to z are unrelated to s, we have

82 +o00 +o00 82 Mini(lnS)
2 wni(In [§(z, T + )DMy(z, 1) fore (T)d T =/ a—zsz(Z,t)foff(T)dT
=0
3% [T IMipi(In§) oo
+2— / ———A@@, ) fore(T)dT + Mini(In§)B(z, 1) fore(T)dT.
8z 9z =0
That is,
82 +00

a_Z2 ini(ln[é (Za T+ t)])Mburst (Z’ t)foff(r)dt
/+<>o {ez—kd<f+f>(1 — e MM (nE) e ROME(Ing)
= + !

[1 + ekaT+D (e — 1)]? [1 + ekt (g2 — 1)]

> }Mburst(zv t)fOff(r)dT

=0

+00 et ka(T+1) +00
2 M. (1 A(z, 1) fo d Mini(1 B(z,1t)f, dt.
w2 [ e T M N OAG O (DT + [ Mis(n©)BG. ) o (0
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Therefore, we obtain
(m?) g = ML (O forr (ke ™" — forr(2ka)e ™" + 2 fogre (kg e ™ a(t)] + M} (0) forr (2ka)e™ " + b(2). (B4)

According to Eq. (10) in the main text, the second-order mRNA raw moment is given by Eq. (11b) in the main text.

APPENDIX C: REPRODUCTION OF KNOWN RESULTS

To check whether the method in the main text is correct, here we reproduce known analytical results for the common two-
state model of gene expression. This model corresponds to the case of g(t) = Ae™, fon(t) = kone ! and for (t) = kogre o,
According to Egs. (9a) and (9b) in the main text and by complex calculations, we can show

i (k k
M,.(0) = M’
kon +k0ff+kd
Ak k, A2 (k, k) (k 2k
M!(0) = (kott + ka) (kott + ka)(kotr + 2kq) 1)

kon + kott +ka  (kontkott + ka)(kon + kot + 2ka)

Then, by combining Eq. (11a) in the main text with a(t) = A(1 — e %"y and substituting the Laplace transforms of these three
distribution functions into Eq. (11a), we have

M!.(0 1 ko 1 x +eo
<m> — 1n1( ) [ + ff i| + / (1 _ efk,it)efk‘mtdt’
(Ton) + (Toft) | kott + ka kot + ka kon + ka (Ton) + {Toff) Jo

ie.,
x 1 N X kg 1
<fon> + <Toff> kon + kd <7:0n> + (Toff) kon kon + kd .

Thus, the first-order raw moment of mRNA is given by Eq. (12a) in the main text. Similarly, by noting the expressions of
at) = k(1 —e*yand b(t) = A[1 — e X' 4 X(1—2e %' 4 ¢=2k")], Eq. (11b) in the main text becomes

(m) = (C2)

) by 1k ML.(0) 1 koit 1
o) = (Ton) + (Tor) kon + kd kon  {Ton) + (Tofr) (kon + 2kyg kot + 2ka kot + 2kd>
M; . (0) [ 1 kott 1 kot n kg ]
(Ton) + (Toft) Lkon + ka kott +ka  kon + 2kg kott +2kg — (kot + ka) kot + 2kq)
VM.(0) ke kg 1 he 262

+ .
<Ton> + (Toff> koff + kd kon + kd kon + de <70n> + (Toff> kon(kon + kd)(kon + de)

Substitution of Eq. (C1) into the general expression of (m?) yields

A AL

2

V) = ) (o) Tt + (o) ©
where
5= 1 ka n 1 ( kott — koit +ka  koit kq )
kon + ka kon  kon + Kott + ka \kon +ka  kon + 2ky kot + 2kg  kofr + 2ky
(koft + ka) 1 kon + kote+2ka
kon + kott + ka kott + 2kg  kon + 2kg
and

1 kon + kofr+2kg (kotr + ka)(kogr + 2kq)
koff + 2kd kon + de (kon +koff + kd)(kon + koff + de)
kot I 1 262

+ .
kon + koff + kd kon + kd kon + de kon (kon + kd)(kon + de)

L=

Simple calculations show

1 kq 1 koft 1 1

I = — + =
! kon + kd kon kon + koff + kd kon + kd kon + koff + kd kon

024119-7
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and

I = (koff + kd)(kon + kd)(kon + 2kd) 1 1 i _ L koff + kd
g kon + koff + kd kon + de kon + kd kon kon kon + koff + kd )

Thus, we obtain the analytical expression of the second-order raw moment, given by Eq. (12b) in the main text.

APPENDIX D: DERIVATION OF THE FIRST TWO RAW MOMENTS IN THE CASE THAT g(t) IS A GAMMA DISTRIBUTION

Here we consider the case fon (t) = kone ot | fo(t) = kore ™% and 8(t) = A le=M /T (n). In this case, if we denote a(t) =
A(0,1) and b(t) = B(0,1), then a(t) = " + n?a(t) with a(t) = A(1 — e "), and b(r) = “*=1E"=D 4 p2(2n—Da(r) +
n*[a(t)]? that can be rewritten as b(t) = —"*=0C=2 4 n2(n—2)a(t) + a(t) + n*b(r) with b(t) = a(t) + [a(t)]*. Note that in

this case, the first-order raw moment denoted by (/) and second-order raw moments denoted by (7n?) can be respectively
expressed as

(m) =

+00
/ a(t)e k' dr (D1)
(Tofr) Jo

M'ixi(0) L k) | 1
(Ton) + (Toff) koff + kd kon + kd <fon> +

and

+00 _ _
() = () + ﬁ / [—M +n2(n — 2)a() + n3b(t):|e_k°"’dt
off 0

(Ton> + 3
M";pi(0) — M'ii(0) 1 M"i1i(0) — M'1ni(0) forr (2ka)
<7:on> + (Toff> koff + de <Ton> + (Toff) kon + 2kd

2M'ni (0) fosr (k oo
2Mini(0) forr (ka) ekl e~honl G )dt (D2)
(Ton) + (Tor)  Jo

where M_i’ni(O) and Mi,x/n(o) are the initial first-order and second-order raw moments of burst size, respectively. We can easily show
M(0) = n(n — 1) (kon + 2ka)(kotr + 2ka)  An*(kofr + kg)
" 4 kd (kon + koff + 2kd) kon + koff + kd '

Thus, the first-order raw moment of mRNA is given by Eq. (12a) in the main text.

In order to derive the analytical expression of the second-order raw moment, the key is to derive M/,

Jo B fan@dr 20 (0)fo(ka) Jo €@l fon (1)t
1= forr(2ka) fon (2ka) 1= fort(2ka) fon(2ka)
Wi O orr ko) fon ka) = forr(2ka) fon (k)]

1 — forr (2ka) fon (2ka)

(D3)

(0). Note that

M"ii(0) =

(D4)
Also note that

_ - teo _ ~ teo  Tn(m—1)
Oy (0) ot (k) /0 MG fon (1)t = 2V (0) ot (k) /0 e k[T +k2a<r>}fon(r)dt

I -1 0 1—futka) |7 /*‘” oy
= — D= ~ = +n°A = = off (k 4 fon(t)dt
e )[21—foﬁ<kd)fon<kd> " l—foff(kd)foakd)}f wha) e ®

+2n2[1 G VIS S ()

+00
217, ;. 7 7 ot (k kit (1) fon (t)dt .
21 _foff(kd)fon(kd) 1 _fOff(kd)fon(kd)i|fff( d)/() e a( )f ()

Therefore, we have

—+00
i (0) ot (k) f MG fon()dt
0

[n(n - 1)]2 konkoff T3 1 1 konkoff
= +An’(n—1) +
2 kd (kon + koff + kd) kon + kd kon + 2kd kon + koff + kd
+ 2)_\2 n4 kd konkoff

(k(m + kd)(kon + de) kon =+ koff + kd :
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Similarly, we can show

+oo
/O b(t) fon()dt 4+ M'ini ()] fose (ko) fon (ka) — fote (2ka) fon (2ka) ]

_ nn—1)2n—-1) n(n

- 1)konkoff (kon + koff + 3kd)

6 2(kon + kott + ka)(kon + 2ka) (ko + 2kg)

kdkonkoff (kon + koff + 3kd)

222 n’k2

Lk [2 1+
.
kon+kd

Combining the above analysis, we finally arrive at

where

n(n — 1)(2n — 1) (kon + 2ka)(kott + 2kq)

& =

M// (0)

ni1

(kon + kot + ka)(kon + 2kg)(kogr + 2kg)

£+ E2h + 317,

]+

I’l(l’l - 1)k0nk0ff

kon + koff + 3kd

12 ka(kon + kot 4 2kg)

[n(n — 1)1 konkotr (Kon + 2ka) (Kofr + 2k4)

4k§ (kon + koff + kd)(kon + koff + 2kd)

n*(2n — 1) (kon + 2ka) (koft + 2kg)

’

112

nkonKot

kon + koff + 3kd

Akq(kon + kot + kq) kon + koft + 2kg

& =

4(kon + kd)(kon + koff + de)
n3(n — Dkonkoit (2kon 4 3ka) (kotr + 2k4)

5 kon + kd kon + koff + kd kon + koff + de

de (kon + kd)(kon + koff + kd)(kon + koff + de) ,
n3 (koft + 2kq)

&=

nkonkott

Note that Eq. (D2) can be rewritten as

(), = (m)e +m —m

B 1 /+°° [_n(n —D@n—-2)
n= (Ton) + (Toff> 0 3

+

(kon + kd)(kon + koff + 2kd) (kon + koff + kd
Apparently, Eq. (D6) reduces Eq. (C1) if n = 1.

+kd>.

M5 (0) 1 Forr (2ka)
(Ton> + (Toff) koff + de kon + de
2M'i4i(0) fosr (ka)

+ nZ(n —2)a(t) + k3b(t)]e onf Jf 4

(Ton) + (Toff)

N () 1 foir (2Ka)
<7:on> + (Toff> koff + 2kd kon + 2kd '
By calculations, we can show
lnn—1n-2) 1 n 1 [n(n—=DJ? kot
T] = —-———— —

1 3 {(ton) + (Toft) kon 2 (Ton) + (Tofr) ka(kon + koft + kq)

anln—1) |: 2ky n ( 1 n 1 ) kost
n
(Ton) + <foff> kon(kon + kd) kon + kd kon + 2kd kon + koff + kd
N 202’ ( ka nkoft ) ka

<7:on> + <Toff> k kon + koff + kd (kon + kd)(kon + 2kd)

and

nn—1)

(kon + kq) kot + ka) kon + Kott + 2kg

1

nm =

2

1
2 (Ton) + (Toft) ka(kon + kott + ka)

koff + kd kon + k

kon + 2ky
off + 2kq

kott + 2kq
1

(Ton) + (Toft) kon + kott + kg
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kon + 2k

kott + 2kg

0

]

(kon + ka)(kon + 2ka)”

(56)

(D5a)

(D5b)

(D5c)

(Do)

o0
ekt e=konl (1) dlt

(D6a)

(D6b)
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Substituting the expressions of [}, I, and A/I_{r/li
expressed as

c1 + Cz)_» + 63)_\2

(0) into Eq. (D6), we find that the second-order raw moments of mRNA are

C) =

(m?) = (m) + (D7)
(Ton) + (Tofr)
where ¢; (1 < i < 3) are constants depending on model parameters, and
— 1)(n —2) ko + 2k — D kogy(kon + 2k

o = M0 D0 =D ko 2k [ = Do hon - 2k0) D7)

6 kdkon 4 kd (kon + koff + kd)
2 (n— Dkon +2kg) | n*(n — Dkosr [ n(2kon + 3kg) kon (kon + kott + 3ka) ] (D7b)

kon (kon + kd) 2(kon + kd) kd (kon + koff + kd) (kon + de)(koff + de) ’
n’ nkot kq

c3 = +—). D7c
’ kon + kd (kon + koff + kd kon) ( )

Similarly, we can derive the analytical expressions of mRNA raw moments of higher orders.
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