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Abstract. Asymmetries in the distribution of time intervals between consecu-
tive RNA productions from a gene can play a critical role in, e.g., allow-
ing/preventing the RNA and, thus, protein numbers to cross thresholds involved
in gene network decision making. Here, we use a stochastic, multi-step model
of transcription initiation, with all rate constants empirically validated, and ex-
plore how the kinetics of its steps affect the temporal asymmetries in RNA pro-
duction, as measured by the skewness of the distribution of intervals between
consecutive RNA productions in individual cells. From the model, first, we
show that this skewness differs widely with the mean fraction of time that the
RNA polymerase spends in the steps preceding open complex formation, while
being independent of the mean transcription rate. Next, we provide empirical
validation of these results, using qPCR and live, time-lapse, single-molecule
RNA microscopy measurements of the transcription kinetics of multiple pro-
moters. We conclude that the skewness in RNA production kinetics is subject to
regulation by the kinetics of the steps in transcription initiation and, thus,
evolvable.
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Gene expression regulation in bacteria occurs mostly in transcription initiation [1]. In
Escherichia coli, this process is sequential [2], starting with an RNA polymerase (R)
binding to an active promoter (Pon) and forming a closed complex (RPc). Next, the
open complex (RPq) forms. Relevantly, the subsequent steps of RNA elongation [3],
termination, and RNA and R release are much faster. Thus, dynamically, transcription
can be approximately modeled as:

R+ PON Kee N RPcc Koc >RP RN PON +R+RNA (1)
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Here, RNA production kinetics is controlled by ke and kq.. The probability density

function (pdf) of the distribution of intervals between transcription events is the con-

volution of their pdfs: fy.(t) = :“&(e‘ku't — e *oct), To measure asymmetries
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in this distribution, we use skewness, S =
Jnn-1

n-2
obtain confidence boundaries for S; we use non-parametric bootstraps as in [6].

In (1), kee is the inverse of the mean time for R to bind the promoter and com-
plete a closed complex (tcc), while ko is the inverse of the mean time for an open
complex to form (to). The mean time between transcription events: At = t¢c + Toc.

To validate the model predictions of skewness, we collected empirical data for
At and tc/At for various promoters (Preta, Peap, PLac-ara-1, aNd Prac-ara-1 Under oxidative
stress) [7-9] (Fig. 1). Next, given the mean At of each promoter, we varied tc/At
(from 0 to 1) while maintaining At constant. Then, for each value of t¢/At, we calcu-
lated S from the pdf of the distribution of intervals between transcription events (solid
line, Fig. 1). Interestingly, we observed that S is independent of the mean value of At.
Finally, from Fig. 1, we find that the model predictions of S fit the empirical data.
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where m, = %Z‘(xl- — )" [4]. We

estimate the sample skewness S, = - S, where n is the sample number [5]. To
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Fig 1. Predicted skewness of At distributions with given /At (solid
line) and sample skewness of the empirical At distributions (with 95%
confidence intervals) for the studied promoters. For each promoter, 100
0 02 04 06 08 1 or more At intervals were extracted from a total of 100 or more cells.
T JAt
Importantly, as S is tunable by 1 and toc, Which are sequence dependent and
subject to regulation, we expect it to be evolvable and adaptive to environment shifts.
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