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1 Simplification of the three-stage model

10

Based on the central dogma of molecular biology, the stochastic kinetics of gene expression in a

single cell can be described by the three-stage model illustrated in Fig. [T[(a). The biochemical state

of the gene of interest can be described by three variables (i, m,n): the activity 7 of its promoter,

the number m of the mRNA, and the number 7 of the protein. Here 7 = 1 and 7 = 0 correspond to

the active and inactive forms of the promoter, respectively. Let p? (t) denote the probability of

having m mRNAs and n proteins at time ¢ when the promoter is in state ¢. Then the dynamics of

the three-stage model is governed by the chemical master equation

(

Pron = SPh 1 + (M4 Dwpl oy, +mupl, o+ (4 1)dph, g + anpl, .
— (s + mv + mu + nd + by)py, .,

B = 11+ (4 0B+ 10085y (14 By + D,
— (r +mv + mu+nd + a,)pl, .

Here s and r are respectively the transcription rates when the promoter is active and inactive, u is

the translation rate, and v and d are respectively the degradation rates of the mRNA and protein. In



addition, a,, and b,, are the switching rates of the promoter between the active and inactive forms,
which depend on the protein number 7. From the viewpoint of stochastic processes, the chemical
master equation is equivalent to a continuous-time Markov chain, whose transition diagram is
illustrated in Fig. [T(b).
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Figure 1. Three-stage model of stochastic gene expression and its simplification. (a) The three-stage model of
stochastic gene expression in a single cell, where the promoter can switch between the active and inactive forms. (b)
The transition diagram of the chemical master equation. (b) The transition diagram of the reduced model.

Experimentally, it has been consistently observed that the mRNA decays substantially faster
than the protein [1, 2]. Let A = v/d denote the ratio of the mRNA and protein degradation
rates. Under this assumption of A > 1, the Markov model has two separate times scales. Let

Q(i,m,n),(i!,;m' ) denote the transition rate of the system from state (i,m, n) to (7, m’,n’) and let

d(im,n) = Z d(im,n), (@ m n/)
(@ ;m! ;n")#(i;m,n)
denote the rate at which the system leaves state (7,m,n). Since A > 1, we say that (i,m,n) is a
fast state if q(; ) — 00 as A — oco. Otherwise, (i,m,n) is called a slow state. If (i,m,n) is a
fast state, then the leaving rate of this state will be very large and the time that the system stays in
this state will be very short. Intuitively, we may expect that the original model could be simplified

to a reduced model by removal of those fast states. Specifically, it is easy to check that
q0,mm) = MU+ MdA + s +nd + an,  Gmp) = Mu+mdX + s+ nd + by,

This shows that all the states (¢, m,n) with m > 1 are fast states and can be removed. Equivalently,

all the states (7,0, n) are slow states and are retained.



Let A denote the set of all the slow states and let B denote the set of all the fast states. By
relabelling the states, the transition rate matrix () of the original model can be represented as the

_ [Qaa Qas
0= <QBA QBB) '

According to a recently developed simplification method of two-time-scale Markov chains [3} 4],

block matrix

the original model can be simplified to an reduced model by removal of the fast states. The state
space of the reduced model is the slow state space A and the transition rate matrix Q of the reduced

model is given by
Q = Qaa — QupQppQna

By using this formula, the effective transition rates of the reduced model can be calculated, as
illustrated in Fig. [I{c). In the reduced model, the effect of transcription is coarse-grained and the
biochemical state of the gene is only described by the variables i and n. Let p;,(¢) denote the
probability of having n proteins at time ¢ when the promoter is in state 7. Then the evolution of the
reduced model is governed by the chemical master equation

(

n—1
Pron=Y_sp" Fqpii + (0 + 1)dprnss + anPon — (sp+nd + by)pia,
k=1

n—1

Pon = Z rp" " qpok + (n+ D)dponir + baprn — (rp + nd + an)pon,
L k=1

where p = u/(u+v) and ¢ = v/(u + v).

It should be pointed out that the reduced model includes long-range interactions of protein
numbers, which means that protein synthesis occurs in random bursts. The rate at which k proteins
are synthesized by an mRNA is sp*q when the promoter is active and is 7p*q when the promoter is
inactive. This fact can be understood intuitively. When the promoter is active, the transcription rate
is s. Once an mRNA is synthesized, it can either synthesize protein with probability p = u/(u + v)
or degrade with probability ¢ = v/(u + v). Since the mRNA dynamics is fast, the probability
that the mRNA can produce k proteins before it finally degrades will be p*¢, which follows the
geometric distribution. Overall, the effective rate at which k proteins are synthesized when the

promoter is active will be the product of the transcription rate s and the geometric probability p*q.

2 Calculation of the steady-state protein distribution

In most applications, the switching rates of the promoter are fast [1]. Since a,,, b, > 1, the two
states (0,7n) and (1, n) of the reduced model can be aggregated into a single state. In this way, the
reduced model can be further simplified to the Markov model illustrated in Fig. [2] in which the
biochemical state of the gene is only described by the protein number n.

The remaining question is to calculate the effective transition rates of the simplified model.
Since a,, b, > 1, the two states (0,n) and (1, n) of the reduced model will reach a quasi-steady
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Figure 2. Simplified model when a,,, b, > 1.
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Then the effective transition rate from state n to n + k is given by

Cp =

Y

nntk = P(1 yd(1,0), (L) T P00 d(0,0), (0,0+k) = cnp”q
and the effective transition rate from state n to n — 1 is given by

(jn,n—l = pgffn)Q(l,n),(l,nfl) + p((lg:sn)(j(o,n),(ﬂ,nfl) = nd.

Let p,(t) denote the probability of having n proteins at time ¢ and let p5°® denote the corresponding
steady-state probability. Then the evolution of the simplified model is governed by the chemical

master equation

n—1
P =Y cxp" Fqp + (n+ 1)dpy + 1 = (cap + nd)py. (1)
k=1

Recall that the steady-state probability p;° must satisfy

i
L

((jn,nfl + Z (jn,n+k)pzs = qu,npzsa (2)
k=1 0

e
Il

where ¢y, is the transition rate from state k to . By solving Eq. (4)), the steady-state distribution of

the protein copy number is given by

pzs:Ai_’;%)<%+1)...(Cnd—1+n_1), 3)

where A is a normalization constant.




3 Noise decomposition

From Eq. (T)), it is easy to check that the mean (n) and variance ¢ of the protein copy number

satisfy the following set of ordinary differential equations

d(n) _ p
W ) + L,
do? 2p 2p p
7 _ o0+ 2L )+ d L_PY e,
a3 o+ . ov(n, c,) + d(n) + (q2 q) (cn)

where Cov(n, ¢,) = (nc,) — (n){c,) is the covariance between n and ¢,,. We stress here that given
Eq. (T)), the above two moments equations hold accurately without any approximation, even when
the nonlinearity of feedback regulation is very high. At the steady state, it is easy to check that

_ P o Loy P
(n) = dq(cn>, o° = q(n) + quov(n,cn). 4)

From these two equations, the steady-state noise 7 in the protein number is given by

o 1
= ——= — 5

where
Cov(n, c,) 1

e e 2 e

The noise decomposition formula (5]) can be rewritten into a more illuminating form. On one
hand, the average number of proteins synthesized per unit time is (m)u. On the other hand, the
average number of proteins degraded per unit time is (n)d. At the steady state, these two quantities
should cancel out, which means that (m)u = (n)d. This indicates that d/v(m) = u/v{n) = p/q(n).
Therefore, Eq. (5)) can be rewritten as

1 d

"= Ty ol T

If the network has no feedback, c, is a constant and thus n; = 0. If the network has a positive-

feedback loop, ¢, is an increasing function of n. This shows that ¢, > ¢(,) whenn > (n), while

cn < €y When n < (n). This further suggests that

Cov(n,c,) =Y (n—(m))eapn = Y (n—{(n)capn+ Y (n = (n))capn,
n<(n)

n n>(n)

>y > (= (n)pn+cmy > (= (n))p, =0,

n>(n) n<(n)

and thus ¢ > 0. Similarly, if the network has a negative-feedback loop, ¢, is a decreasing function

of n and thus 7, < 0.



4 Upper and lower bounds for the noise in negative-feedback networks

In this section, we shall provide the bounds for the noise in the negative-feedback case. By the

Cauchy-Schwarz inequality, we obtain that

~ Cov(n,c) _ v/ Var(n) \/Var(c,) _ _
= (n){(cn) = (n) (en) VI e

where 7., = Var(c,)/{c,)? is the steady-state noise of the effective transcription rate c,,.. This

inequality, together with Eq. (5]), shows that

which gives a lower bound for the protein noise. It is written in a different form but is essentially
equivalent to the lower bound obtained in [3]. It is indispensable to notice that this lower bound
includes the information of 7 itself and may be even negative in the regime of strong noise
suppression. In the following, we shall give a better lower bound for the noise 7 which is always
positive and only requires the knowledge on original model parameters.

To this end, we introduction some notations. Let ¢(x) be the function obtained from c¢,, by
replacing n with a positive real number z. Let ¢/ (x) be the derivative of ¢(x) and let

a = sup|d(z)]
@>0

be the supremum norm of the function ¢/(z). Let X and Y be two independent random variables
such that P(X =n) = P(Y = n) = ps* for all n > 0. In other words, X and Y are independent
and have the same distribution as the steady-state protein number n. According to Lagrange’s mean

value theorem, we have
(e(X) — (V) = (XX ~V)? < a*(X — )2

where ¢ is some value between X and Y. Taking expectation on both sides of this equality and

noting that X and Y are independent and identically distributed, gives rise to
(e(X)?) = (e(X))? < Q2[(X?) — (X)7].
Since X has the same distribution as the steady-state protein number n, we have
Var(c,,) < oVar(n).

From Eq. (@), it is easy to see that
dq
(cn) = —(n).

p

= () S = (8)

This indicates that




Inserting this inequality into Eq. (6] gives rise to

Therefore, the noise n has a lower bound which is given by

1 1
q{ny 1+ ap/dg

n =

Since 1y < 0, it follows from Eq. (5)) that

1 1
q(n) 1+ ap/dq

1
<< . (7)
q(n)
In the literature, the promoter switching rates are often chosen as a,, = x and b, = vn” with

h > 1. In this case, the regulatory function ¢() is the generalized Hill function

sa + rah

)=

where a = 11/v and h is the Hill coefficient. It is easy to check that
/ h—1
d(z)=—(s— r)ahm.

Recall that the maximum point z of the function ¢/ (x) must satisfy ¢”’(z() = 0. Direct calculation

shows that ( ) . ( )
h+1)z" —(h—1)a
_ h—2
d"(z) = (s — r)ahx CEDE
By solving ¢’ (xy) = 0, we obtain that
h—1
xg =T T
This shows that
h—1 _1\1-1/h 1+1/h o _
o B x B (h—1) (h+1) §$—1r
a=—c(xg) = (s— r)ah(a P = T Y

In Eq. (7)), the term ap/dq is of crucial importance. If ¢(x) is the generalized Hill function,
then

dg 4h d q

Here the term (s — r)/d can be understood as the typical number of mRNAs in a single cell. Recall

ap (h— 1)1—1/h(h + 1)1+1/ha—1/h (s=1)p

that the probability that an mRNA can produce £ proteins before it finally degrades follows the

geometric distribution p*q. Therefore, the mean burst size of the protein is

f: kpha =",
k=0 q



Therefore, the term (s — r)p/dq is the typical number of proteins in a single cell. Recall that the
promoter switching rates are given by a,, = x and b, = vn”. In most applications, these two

quantities should have the same order of magnitude, that is,

(52

yn_ (s=m)p
dg
This indicates that the term ap/dq is of the order of 1 for a wide range of biologically relevant

Since a = uu/v, we have

a

parameters.

5 Upper and lower bounds for the noise in positive-feedback networks

In this section, we shall provide the bounds for the noise in the positive-feedback case. By the
Cauchy-Schwarz inequality, it is easy to check that
1
NS —— + V1lle,- (8)

q{n)

2
ap
< |— .

Inserting this inequality into Eq. (8] gives rise to

Similarly, we can also prove that

< 1 . ap
N~ —F~=+ 51
q{n)  dg

If ap < dq, then the noise 7 has an upper bound which is given by
1 1
¢(n) 1 —ap/dg

n<

Since 1y > 0, it follows from Eq. (5)) that
<n< L L
q(n) g{n) 1 — ap/dq

In the literature, the promoter switching rates are often chosen as a,, = un” with A > 1 and

b, = v. In this case, the regulatory function c(x) is the generalized Hill function

( ) ra+ sz
clr) = ————.
a+ zh

where a = v/p. Let 2 be the maximum point of the function ¢/(z). By solving ¢’(zy) = 0, we
obtain that

- h = 1a
O h41
This shows that
h—1 _ 1\1-1/h 1+1/h
z (h—1) (h+1) s—r
@=clao)=(s- r)ah(a + xg)z - 4h al/h”



6 Estimation of the decaying rate
Assume that n > 1 is a fixed protein copy number. In the main text, we have shown that
P R Dy = M )

Since the mean burst size p/q of the protein is relatively large in living cells, we have ¢ < p.
Therefore, Eq. (9) shows that —log p = —log(1 — ¢) ~ ¢ is the decaying rate for the steady-state
distribution of the protein copy number.

In single-cell experiments such as flow cytometry, data of protein concentrations, instead of
protein copy numbers, are usually measured. Let z = n/V be a continuous variable representing
the concentration of the protein, where V' is a constant compatible with the macroscopic scale. In
flow cytometry, 1/V stands for the fluorescence per protein molecule. Since z is a continuous
variable, we need to choose an arbitrary step size h. If we plot the histogram of the steady-state
data of protein concentrations with step size h, then u,, = P(x € [nh, (n + 1)h]) is the height of
the nth bin. When n > 1, it follows from Eq. (9) that

hV
Up = Z P & WV puny me-

méenhV,(n+1)hV] k=0

Similarly, we have
hV

Unik X hV Dm0
k=0

Therefore, it follows from Eq. (9)) that

Upfy = unpth — unethlogp’
This suggests that — V" log p ~ ¢V is the decaying rate for the steady-state distribution of the protein
concentration. Taking logarithm on both sides of this equation gives rise to

—log 4 = —logu, + khqV.

This is a linear equation with respect to £ and can be used to estimate the decaying rate qV'. We
only need to draw the histogram of the protein concentration, calculate the height w,, of each bin,
and then perform a linear regression analysis between n and — log u,, when n > 1. The slope of
the linear regression analysis is exactly hqV/, from which we can obtain an robust estimation of the
decaying rate qV'.

We performed the above data analysis on steady-state single-cell fluorescence data of the
zsGreen and rsRed proteins measured by flow cytometry. To filter out data from dead cells, we
excluded samples with extremely low fluorescence. We divided the fluorescence data into many
bins with the same step size h and appropriately chose an interval [z, 2] with z large enough such
that the logarithmic height — log u,, of each bin in this interval arranges as an approximate linear

function of n. For the zsGreen protein, the step size h is chosen between 24 a.u. to 120 a.u. For the



rsRed protein, the step size is chosen between 5 a.u. to 12 a.u. In the high Dox case, the logarithmic
heights — log u,, of the zsGreen protein versus the sequence numbers of bins under different IPTG
concentrations are depicted in Fig. [3| We calculated the slope ~qV using Matlab and then estimated
the decaying rate ¢V/. Similarly, we can also estimate the the decaying rate for the zsGreen and

rsRed proteins in the high and low Dox cases.

7 Differential expression analysis

Since feedback regulation significantly affects noise, it may give rise to bias in the noise-based
differential expression analysis. In recent years, the negative-binomial (NB) model has been widely
used as the null model to identify differentially expressed genes (DEGs). The NB model is a special
case of our model when the network has no feedback. The effect of noise amplification or reduction
caused by feedback regulation is not addressed under the NB assumption, which may result in
incorrect predictions.

To see this weakness of the NB model, we performed pairwise differential expression analysis
across the IPTG concentration. We merged fluorescence data of the zsGreen protein under two
different IPTG concentrations to form the sample of a bona-fide DEG. In the NB model, ¢, is a
constant and the feedback coefficient 7 vanishes. Therefore, the protein noise estimated by the

NB model is given by
. 1
nN=—-
q(n)
The observed noise 77 and the null-model noise 7 of many DEGs were plotted in Fig. 4e of the main
text and Fig. 4, Since IPTG has significant effect on the synthetic gene circuit, each DEG should
result in larger observed noise than the null-model noise. The data points under the diagonal of Fig.

4e imply the weakness of the NB model in dealing with genes with feedback regulation.
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Figure 3. Estimation of the decaying rate for the steady-state distribution of the zsGreen fluorescence under different

IPTG concentration in the high Dox case. The x-axis represents the sequence number n of bins in the interval [z, 2x]
and the y-axis represents the logarithmic height — log u,, of these bins.
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Figure 4. The observed noise versus the noise estimated by the NB model for different DEGs in the negative-feedback
case. Each red circle represents a bona-fide DEG whose expression data are generated by merging the data of the
zsGreen protein under two different IPTG concentrations. The size of the red circle is proportional to the difference of
the two IPTG concentrations.
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