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Does climate change inﬂuence on genetic regulatory systems? Previous studies on genetic regulatory systems have
focused on speciﬁc systems and environmental stimuli. We elucidate a causal relationship for a ‘minimal’ genetic
regulatory system in environmental changes. This model is independent of the types of signal transmitting
molecules, kinetics, and environmental stimuli. Novel inequalities based on the model indicate: (i) an
information-theoretic quantity mutual information between the number of catalytic molecules and product
molecules catalyzed decreases in the genetic regulatory system in response to climate change; (ii) the genetic
regulatory system is degraded from the level of closed-to open-loop control systems in response to climate change.
We relate the relationships suggested by the inequalities to interpretation of soybean omics data collected under
an experimental condition of ﬂooding. We manifest a mathematical framework for designing genetic modiﬁcation
strategy to mitigate the effect of the climate change on genetic regulatory systems. Our model suggests genetic
regulatory system degradation, which is unavoidable, in the progression of climatic change.

1. Introduction
Environmental changes such as global warming, desertiﬁcation, and
air pollution are serious challenges. These changes are increasing in
severity, inﬂuencing life systems, and have become exacerbated in the
last three decades [1]. Numerous studies of environmental stress responses for genetic regulatory systems have been focused on speciﬁc
systems such as transcriptional and metabolic systems [2,3], organisms
[4,5], molecules [6,7], and environmental stimuli that affect genetic
regulatory systems [8,9]. Conventional mathematical models of genetic
regulatory systems depend on kinetics [10–13]. To elucidate the mechanisms of genetic regulatory systems affected by environmental changes,
an information-theoretic model would provide insights of independent of
signal transmitting molecules, environmental stimuli, and kinetics.
An information-theoretic quantity, Shannon entropy, represents uncertainty in a stochastic variable [14,15]. Closed-loop control is a basic
scheme in general control systems. A closed-loop control system uses an

input of ‘selective’ information that is based on some information about
the state of the controlled system, such as a throttle or hand brake in an
automobile control system [16]. In an information-theoretic study of
control systems, a closed-loop control system is distinguished from an
open-loop control system based on Shannon entropy, which is independent of the kinetics and types of objects that transmit information in
feedback loops [15].
In our present study, we have developed an information-theoretic
model of a genetic regulatory system with the continued environmental changes. This model includes the least possible conﬁguration of a
genetic regulatory system under the environmental stimuli. We have
quantiﬁed environmental stimulus and achieved reduction of uncertainty
in a state variable in the ‘minimal’ model using Shannon entropy based
on their probability distributions. In a genetic regulatory system, the
state variables represent the state of the system, such as numbers of
produced molecules. We further established the relationship between the
environmental change and the achieved reduction of uncertainty in the
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‘minimal’ genetic regulatory system. We applied the relationships suggested by the inequalities to interpretation of soybean omics data
collected under ﬂooding stress. In addition, we have shown a mathematical framework for designing genetic modiﬁcation strategy to mitigate the effects of climate change on genetic regulatory systems by
formulation with the ‘minimal’ model. On the framework, we designed
two modiﬁcation strategies on genetic regulatory systems, and validated
them using numerical experiments.

max
ΔHclosed  ΔHopen
þ IðX; CÞ

(1)

where ΔH is deﬁned as ΔHH(X)H(X0 ). X and X0 represent state variable X at t0 and t1 (unit time after t0), respectively. H(X) is Shannon entropy of X and indicates the uncertainty of the state variable X [14]. Thus,
ΔH is the reduction of uncertainty of the state variable X over the transition X → X0 . ΔHclosed and ΔHmax
open represent the reduction of uncertainty
in a closed-loop control system and the maximum reduction of uncertainty in an open-loop control system over the transition X → X0 ,
respectively. I(X;C) represents the mutual information between the state
variable X and control variable C; generally, I(X;C)0 [14]. An open-loop
control system applies an actuation dynamic that is independent of the
state of the system to be controlled, and a closed-loop control system
enacts an actuation dynamic that is based on some information about the
state of the controlled system [16]. Eq. (1) shows that reduction of

2. Methods
2.1. Information-theoretic limit for a closed-loop control system
An information-theoretic limit for a closed-loop control system
(Fig. 1(a)) is presented [15]:

Fig. 1. Genetic regulatory system model. (a) Causal
relationship in a closed-loop control system [15]. (b)
Schematic diagram of the ‘minimal’ model of genetic
regulatory systems. The distribution of environmental
stimulus shifts over time, as shown in the box. (c)
Expression proﬁle of productc against the environmental stimulus. Gray and orange bell shapes represent probability distributions of the corresponding
variables before and after the shift of probability distribution of environmental stimulus, respectively. The
distributions are not limited to a normal distribution.
(d) Causal relationship in the ‘minimal’ model of a
genetic regulatory system. (e) Probability distributions
of productc after increasing the probability distribution shift of the environmental stimulus. In the upper
and lower diagrams, probability distributions of productc shift right and stick out by co and coþδC of the
capacity, respectively. The dotted sections of the bars
represent the fractions of probability that piled up at
threshold cthr. (f) Causal relationship in a ‘minimal’
model of a genetic regulatory system with a slave
gene. In panels (a), (d), and (f) the causal relationships
are represented in a directed acyclic graph [33]. (For
interpretation of the references to colour in this ﬁgure
legend, the reader is referred to the Web version of
this article.)
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plateau of minimum expression and an upper plateau of maximum
expression of the product against the level of the environmental stimulus
(Fig. 1(c)). The average amount of the product monotonically increases
or decreases against the level of environmental stimulus. The ability of
regulating the environmental stimulus is limited by the minimum and
maximum levels of expression of the product. The increasing portion is
the regulating region of environmental stimulus (Fig. 1(c)). The feature
of the limitation is based on actual genetic regulatory systems [22–24].
We clariﬁed the causal relationship in the ‘minimal’ model of a genetic regulatory system (Fig. 1(b)–(d)). The amounts of productx and
productc correspond to the state and control variables, respectively.
Having deﬁned the system, we started the formulation. Eq. (1) in the
Methods quantiﬁed the degree of advantage of a closed-loop control
system measured by the reduction of Shannon entropy ΔH, which represents the reduction of uncertainty in the state variable in a control
system. Eq. (1) is applicable to the present case of ‘minimal’ model of a
genetic regulatory system that conﬁgures a closed-loop control system
(Fig. 1(d)). Generally, the mutual information between the state variable
and control variable I(X;C) in Eq. (1) satisﬁes I(X;C)H(C), where H(C)
means Shannon entropy of the control variable [15]. We deﬁned the
upper bound of I(X;C) as I(X;C)U  H(C). Then, I(X;C)H(C) was merged

Shannon entropy in a closed-loop control system is more than the
maximum reduction of Shannon entropy in an open-loop control system,
and the difference between the reduction in a closed-loop control system
and that in an open-loop control system is at most I(X;C), which corresponds to the amount of information that is transmitted through the
feedback path (X→C→X0 ) in a closed-loop control system (Fig. 1(a)).
2.2. Statistical tests of soybean omics data
Differences between fold changes, standard deviations in fold
changes, and intensities of interactions were tested between ﬂooding and
control samples in soybean using the dependent t-test for paired samples
[17]. One-sided tests were conducted.
2.3. Statistical tests to evaluate hypotheses
Hypotheses were evaluated as true or false using the binomial test
with the binomial distribution B(N, p ¼ 1/2), where N is the number of
cases to be tested [18]. One-sided tests were conducted.
3. Mathematical formulation

max
max
þ IðX; CÞ  ΔHopen
þ IðX; CÞU . We deﬁned
with Eq. (1), ΔHclosed  ΔHopen
max
þ IðX; CÞU . We investithe upper bound of ΔHclosed as ΔHclosed  ΔHopen

A genetic regulatory system has multiple omics layers and multiple
reactant-product pairs [10,13]. Producti in omics layer ki catalyzes the
reaction that results in productj in omics layer kj. Productj in omics layer
kj catalyzes the reaction that results in producti in omics layer ki. The
catalytic relationship between the two reactant-product pairs is either
direct or indirect such that via other reactant-product pairs than the two
reactant-product pairs. This scenario conﬁgures a closed-loop circuit into
which an environmental stimulus can be introduced. We built a ‘minimal’
model of a genetic regulatory system that has the least possible conﬁguration of a genetic regulatory system. This model contains two
reactant-product pairs in two omics layers and an environmental stimulus that enters the feedback loop (Fig. 1(b)). We have evaluated the
‘minimal’ model of a genetic regulatory system in response to an environmental stimulus.
In environmental studies, change in a climate attribute is modeled as
a unidirectional shift of the probability distribution of the climate attribute such that the mean value of the climate attribute changes unidirectional (either increasingly or decreasingly), while maintaining its
variation [19,20], often referred as “climate shift” [21].

HðCÞc0 ¼ 
¼

cthr
δc
X

cthr
δc
X

¼

!

ρðcÞlog p c 
!

¼

cthr
δc
X
∞

¼

cthr
δc
X
∞

 U 
U
U
ΔHclosed;eþδe
 ΔHclosed;e
δ ΔHclosed

0
δe
δe

(2)

(3)

Proof of Eqs. (2) and (3): The shift of probability distribution of
environmental stimulus causes a greater shift, δC, in C (Fig. 1(e)). The
fraction of probability piling up at threshold cthr in the lower diagram (in
Fig. 1(e)) was greater than that in the upper diagram (in Fig. 1(e))
because of a greater shift in δC caused by the shift of probability distribution (Fig. 1(e)). The Shannon entropies of C for the probability distributions in the upper and lower diagrams of Fig. 1(e) are as given
below:
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gated how the upper bounds I(X;C)U and ΔHUclosed varied under change in
the environmental stimulus, and derived the following inequalities:

cthr
δc
X
∞

!

cthr

!

!

ρðcÞ log

þ∞
X

!

ρðcÞ

cthr

!

ρðcÞlog p c  p* cthr  δc log p* cthr  δc
!

ρðcÞlog p c 
!

þ∞
X
cthr δc

!

ρðcÞ log
!

ρðcÞlog p c  p cthr  δc þ

þ∞
X
cthr δc
þ∞
X

!

ρðcÞ
!!

ρðcÞ

!

log p cthr  δc þ

cthr

þ∞
X

!!

ρðcÞ

cthr

We applied the model of climate attribute change to the model of an
environmental stimulus change (Fig. 1(b)). The amount of productc is
affected by the environmental stimulus. In the relationship between the
environmental stimulus and amount of the product, there is a lower

Comparing the right sides of the two equations above gives
HðCÞc0 þδc  HðCÞc0 ,
because
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(p1þp2)log(p1þp2) ¼ p1 log(p1þp2)þp2 log(p1þp2)p1 log p1þp2 log
p2,

with silver nanoparticles treatments. Dataset [29] included proteins
commonly identiﬁed in samples from control, ﬂooding, and ﬂooding
with aluminum oxide nanoparticles treatments.
We investigated 4439 transcripts for which transcript level was
measured in both ﬂooding and control samples [26]. Fold changes were
calculated between 2.25 and 2.5 days after sowing as max(X2.25,
X2.5)/min(X2.25, X2.5), where Xt indicates the amount of transcript level
observed at t days after sowing (Fig. 2(b)). We compared the fold changes
between ﬂooding and control samples and calculated the difference of
the fold change: (fold change in control)–(fold change in ﬂooding) for
each of the 4439 transcripts. Statistically signiﬁcant differences of the
fold change of ﬂooding > control, were observed (p ¼ 1018) (see
“Statistical tests of soybean omics data” in the Methods).
We investigated 106 transcripts, 107 and 128 proteins, and 70 metabolites for which amount of the molecule was measured in the datasets
in both ﬂooding and control samples [27–30]. We calculated fold
changes of transcripts’ expression, or proteins relative abundances, or
metabolite quantities between the interval dates after sowing of the
datasets, as: Xt/X2 (Fig. 2(c–f)), where Xt indicates the amount of the
molecule observed at t days after sowing. Then, we compared the standard deviations in the fold changes between ﬂooding and control samples. We calculated the difference of standard deviations in the fold
change values of the transcripts [27], proteins [28,29], or metabolites
!
!
ﬃ
ﬃ
rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
P
P
2
2
1
1
[30] as below:
ðFt  FÞ

ðFt  FÞ
, where Ft,
n
n

where p1 and p2 are probability fractions.
Replacing H(C) in HðCÞc0 þδc  HðCÞc0 by I(X;C)U following the deﬁnition I(X;C)U  H(C) gives IðX; CÞUc0 þδc  IðX; CÞUc0 .
max
Then, by merging the last inequality with ΔHclosed  ΔHopen
þ IðX; CÞU ,
U
U
 ΔHclosed;c
where, C monotonically increases or
we obtain ΔHclosed;c
0 þδc
0

decreases against E (in the case in Fig. 1(c), it increases). Thus, we replace
U

the subscripts co and δC in IðX; CÞUc0 þδc  IðX; CÞUc0 and ΔHclosed;c
0 þδc
U
ΔHclosed;c
with e and δe, respectively, to obtain Eqs. (2) and (3).
0

The values with the subscripts e and eþδe, in Eqs. (2) and (3), indicate
the probability distribution of environmental stimulus shifts by e and
eþδe respectively. Consequently, Eq. (2), and (3), show the upper bound
of mutual information between the state variable and control variable
decreases, and the upper bound of reduction of Shannon entropy decreases, as the amount of shift of the probability distribution of the
environmental stimulus increases. In Eq. (1), I(X;C) represents the degree
of advantage of a closed-over an open-loop control system. Thus, Eq. (2)
indicates that the upper bound of the degree of advantage of the genetic
regulatory system over an open-loop control system decreases with an
increase in the amount of shift of the probability distribution of the
environmental stimulus. Consolidating, the genetic regulatory system is
degraded from the level of closed-to open-loop control systems in
response to climate change.
The difference between open- and closed-loop control systems in a
biological context is that, in an open-loop control system, catalytic actions are independent of the amount of the product to be catalyzed;
alternatively, in a closed-loop control system, catalytic actions are actuated based on some information about the amount of the product [24].
Furthermore, we considered a ‘minimal’ model with a slave gene, and
evaluated an interaction between two products, C and Cs, in the model
(Fig. 1(f)). The amount of product C affects the amount of molecule Xs
through a path, C →X0 s, and, after a unit time, the amount of molecule Xs
affects the amount of product Cs through a path, Xs →Cs. Thus, Cs is
dependent on C. Generally, the mutual information between C and Cs,
I(C; Cs), satisﬁes I(C; Cs)H(C). We deﬁned the upper bound of I(C; Cs) as
I(C; Cs)UH(C). Similar to Eq. (2), we obtained:
δIðC; Cs ÞU
0
δe

t

control

t

Flood

F, and n indicate the fold change at t days after sowing, its average, and
the number of time points where the fold change was calculated,
respectively. Statistically signiﬁcant differences in the standard deviations in the fold change for ﬂooding > control were observed (p ¼
105, 0.012, 5  105, and 104 for dataset [27], dataset [28], dataset
[29], and dataset [30], respectively (Fig. 2(c–f), also see “Statistical tests
of soybean omics data” in the Methods). All of the datasets [26–30]
showed statistically signiﬁcant (p < 0.02) tendencies of ﬂooding >
control in ﬂuctuation of the number of transcripts [26,27], proteins [28,
29], or metabolites [30] measured by differences in fold change
compared with dataset [26], and standard deviations in the fold change
compared with dataset [27], dataset [28], dataset [29], and dataset [30].
Eq. (3) suggests a decrease in the reduction of uncertainty in a state
variable in a genetic regulatory system in response to climate change,
according to our ﬁndings as described in Fig. 2(b–f).
We measured intensities of interactions between proteins based on
temporal proﬁles of the amount of corresponding proteins and a mathematical interaction model based on the S-system differential equation
(see Section B in the Supplemental Information and Supplemental Fig. 1).
The mathematical interaction model is independent of the proposed
information-theoretic genetic regulatory system model. We measured the
intensities of interactions for dataset [28] and dataset [29] (Fig. 3(a and
b)). We calculated the intensity of interaction for 11,342 (¼107  106)
and 16,256 (¼128  127) directed edges connecting 107 and 128 proteins from dataset [28] and dataset [29] by R2 (coefﬁcient of determination), which indicated a goodness-of-ﬁt to the S-system model (Fig. 3(a
and b)). For each of the 11,342 and 16,256 interactions, we also calculated differences in the intensities of interactions as: (intensity of interaction in control)–(intensity of interaction in ﬂooding treatments).
Statistically signiﬁcant differences of the intensities of interactions in
control > ﬂooding treatments were observed (p < 1020) (Fig. 3(a) and
(b)) (see “Statistical tests of soybean omics data” in the Methods). Eq. (4)
suggests interactions between product molecules are weakened in a genetic regulatory system in response to climate change, according to our
ﬁndings as described in Fig. 3(a and b).

(4)

Eq. (4) indicates that the mutual information between the amount of
product C and Cs decreases with an increase in the amount of shift of the
probability distribution of the environmental stimulus, suggesting that
the interaction between product C and Cs is weakened in response to
climate change.
4. Application of the equations to soybean omics data
Flooding injury in soybean during germination has been recognized
as a major constraint on soybean production. The extent of growth
reduction was obvious in root growth characteristics under ﬂooding
treatments longer than 24 h (12% decrease in root length and 50%
decrease in root fresh weight) and sensitivity of soybean to ﬂooding
stress was suggested (Fig. 2(a)) [25]. Earlier, we collected transcriptome
[26,27], proteome [28,29], and metabolome [30] datasets obtained from
soybean seedlings treated with ﬂooding stress (see Section A in the
Supplemental Information). Measurement methods differed between the
two transcriptome datasets. The ﬁrst method [26] was based on microarray techniques [31], and the other method [27] was based on
high-coverage gene expression proﬁling analysis [32]. Between the two
proteome datasets [28,29], we observed expression proﬁles of different
proteins between the two datasets. Dataset [28] included proteins
commonly identiﬁed in samples from control, ﬂooding, and ﬂooding

5. How do we mitigate the environmental change effect on
genetic regulatory systems?
We formulate the problem as ﬁnding a solution to increase the
4
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Fig. 2. Soybean omics data. (a) Photographs in the left and right panels show control and ﬂooding-treated soybean samples, respectively. (b) Fold change in the
number of transcripts in the control (black dot) and ﬂooding-treated (red dot) samples on a log scale (left panel). Circles connected by a solid line indicate the average
of the fold changes. Histogram for fold change at 2.5 days after sowing (center panel). Histogram of the fold change differences between the control and ﬂoodingtreated samples (right panel). Green bars and triangles indicate the number and cumulative number of the fold change differences, (fold change in control samples)(fold change in ﬂooding-treated samples), respectively. (c–f) Fold changes in the number of transcripts (c), proteins (d, e), and metabolites (f) in the control
(black dots) and ﬂooding-treated (red dots) samples (left panels). Circles connected by a solid line indicate the average of the fold changes. Histogram for the standard
deviation in the fold changes (center panel). Histogram for difference of the standard deviation in the fold change between the control and ﬂooding-treated samples
(right panel). Green bars and triangles indicate the number and cumulative number of the standard deviation in fold change, (standard deviation in fold change in
control samples)(standard deviation in fold change in ﬂooding-treated samples), respectively. In the left panels of (b–f), the light blue bar represents the period in
which the ﬂooding treatment was conducted for the ﬂooding-treated samples. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred
to the Web version of this article.)
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Fig. 3. Gene interactions detected in soybean. (a and b) Identiﬁed interactions in the control (upper left) and ﬂooding-treated (upper right) samples from temporal proﬁle
dataset [28] (a) and dataset [29] (b). In the interaction diagrams, the interactions with R2 values (coefﬁcient of determination) > 0.98 and 0.96 are indicated in (a)
and (b), respectively (see Section B in the Supplemental Information). The numbers of detected interactions were 2099 and 1,034, and 775 and 435 in the upper left
(for control samples) and upper right (for ﬂooding-treated samples) in (a) and (b), respectively. Histogram of intensity of interaction (lower left panels in (a) and (b)).
The horizontal axis represents the intensity of interaction measured by R2 values (coefﬁcient of determination). Histogram of the difference of intensity of interaction
between the control and ﬂooding-treated samples (lower right panels in (a) and (b)). Green bars and triangles indicate the number and cumulative number of interactions against the difference of intensity of interaction, (R2 value of the interaction measured in control sample)(R2 value of the interaction measured in
ﬂooding-treated sample), respectively. The networks were drawn with Cytoscape [34] using a force-directed layout. (For interpretation of the references to colour in
this ﬁgure legend, the reader is referred to the Web version of this article.)
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reduction of uncertainty represented by ΔH in a genetic regulatory system model. In this study, we designed two strategies for genetic regulaU
Þ= δe
tory system modiﬁcation: First strategy, we rewrote δðΔHclosed
appeared in the left side of Eq. (3) by introducing change in the amount of
product δC in the ‘minimal’ genetic regulatory system model (Fig. 1(e)) as
U
δðΔHclosed
Þ
δe

¼

U
δðΔHclosed
Þ δc
δe.
δc

H(Xs,Cs,C)¼H(Xs,Cs)þH(C)I(C;Xs,Cs)¼H(Xs)þH(Cs)I(Xs;Cs)þH(C)
I(C; Xs, Cs), and I(C; Xs, Cs)0, I(Xs; Cs)0, then H(Xs0 )H(Xs)þH(Cs)þ
H(C).
The slave gene (Fig. 1(f)) has a closed-loop circuit; thus, the state
variable Xs is conditioned on the control variable Cs. We rewrote Xs as Xs |
Cs in the inequality above and obtained: H(Xs0 |Cs)H(Xs|Cs)þH(Cs)þ
H(C). By using H(X|Y)¼H(X)I(X; Y) in the last inequality, we obtained
ΔHs ¼ H(Xs)H(Xs0 )I(Xs;Cs)I(Xs0 ;Cs)H(Cs)H(C). In the right side,
I(Xs0 ;Cs)  H(Cs); thus, ΔHs  I(Xs;Cs)2H(Cs)H(C). ■
We deﬁned the lower bound of ΔHs as ΔHsL  IðXs ; Cs Þ  2HðCs Þ 
HðCÞ. If C and Xs’ (Fig. 1(f)) are disconnected, the master and slave genes
become independent, and the last term in Eq. (6), H(C), is omitted.
Then the equation becomes:

Take absolute values, then:

  U    U  
δ ΔHclosed  δ ΔHclosed δc
¼
 

 
 δe

δe
δc

(5)



U
Eq. (5) indicates that decrease of |δC/δe | decreases δðΔHclosed
Þ =δe,
and suggests that suppression of expression of the gene (represented by
δC) which is affected by the environmental stimulus mitigates the environmental effect on the reduction of uncertainty (represented by


δðΔH U Þ =δe. Thus, the ﬁrst modiﬁcation strategy is to suppress
closed
expression of the gene which is affected by the environmental stimulus.
Second strategy was designed for modiﬁcation for the slave gene Xs in the
‘minimal’ model of a genetic regulatory system with a slave gene
(Fig. 1(f)). We investigated on, how the reduction of uncertainty represented by ΔHsH(Xs)H(Xs’) is affected by C (product of master gene), in
response to environmental change, thus we derived the following
inequality:
ΔHs > IðXs ; Cs Þ  2HðCs Þ  HðCÞ

L
L
ΔHsðdisconnectedÞ
 ΔHsðconnectedÞ

(7)

and the reduction of uncertainty is increased by the disconnection. Thus,
the second modiﬁcation strategy is to disconnect the slave gene from the
master gene which is affected by the environmental stimulus.
To validate these two strategies, we conducted numerical experiments in which we used a genetic regulatory system for expression of two
genes (Fig. 4(a), see Section C in the Supplemental Information). In each
case of 12 sets of parameters, three executions were conducted, and each
execution produced results for a speciﬁc value of the substrate (XE). The
concentration of substrate (XE) represents an independently determined
environmental stimulus to which the system responds [24]. In each
execution, XE was set to a value, 5, 10, or 20, and two runs, with and
without the limitation of the minimum and maximum levels of expression, were performed. Furthermore, random noise with a normal distribution with mean ¼ 0, and variation ¼ 7.52 was added to XE in the run

(6)

where H(C)0.
Proof of Eq. (6): In the slave gene (Fig. 1(f)), Xs’ is uniquely determined based on Xs, Cs, and C; thus, H(Xs0 |Xs,Cs,C) ¼ 0. Substitute this
equation into the left side of the following inequality, H(Xs0 |Xs,Cs,C)¼
H(Xs0 )I(Xs0 ;Xs,Cs,C)H(Xs0 )H(Xs,Cs,C), then H(Xs0 )H(Xs,Cs,C), where

Fig. 4. ‘Minimal’ model of a genetic regulatory system
with a slave gene and numerical experiment results. (a)
The state of the regulatory system is described by the
following variables: concentrations of the ﬁrst gene’s
mRNA (X1), regulator protein (X2), substrate (XE),
second gene’s mRNA (Xs1), and regulator protein (Xs2).
Possible values for kinetic orders for aggregate inﬂux
denoted by the coefﬁcient gij in the equation in Section
C in the Supplemental Information are indicated by
minus, zero, and plus signs. (b) Summary of cases in
which the numerical experiments were conducted.
Each circle corresponds to a case in Supplemental File
1 plotted on a parameter space with logarithmic gains
h11
and Ls2E ¼
L2E and Ls2E, where L2E ¼ h11 hg222Eg
12 g21
g2E h11
gs12 gs2s1
h11 h22 g12 g21 hs1s1 hs2s2 gs1s2 gs2s1

modiﬁed from Ref. [24]. (c)

Example of the numerical experiment results (case 1)
for the genetic modiﬁcation strategy “suppress
expression of the gene which is affected by the environmental stimulus”. In the bar chart, pink and gray
bars indicate dev(X1) before and after the reduction of
parameter value g12, respectively. Red and gray dotted
lines indicate linear approximation of the data bars
before and after the reduction of parameter value g12,
respectively. (d) Example of the numerical experiment
results (case 1) for the genetic modiﬁcation strategy
“disconnect the slave gene from the master gene which
is affected by the environmental stimulus”. In the bar
chart, pink and gray bars indicate dev(Xs1) before and
after setting the parameter value gs12 to 0, respectively. Red and gray dotted lines indicate linear
approximation for the data bars before and after the
reduction of parameter value gs12, respectively. (For
interpretation of the references to colour in this ﬁgure
legend, the reader is referred to the Web version of
this article.)
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with a limitation of the minimum and maximum levels of expression. The
concentrations of protein X2 were limited to mimic the limitation of the
minimum and maximum levels of expression as shown in Fig. 1(c). Here,
the thresholds of the minimum expression levels for X2 were set to zero.
The thresholds of the maximum expression levels for X2 were set to the
geometric mean between the steady-state value of X2 without the limitation of the minimum and maximum levels of expression when XE was 1
and 20.
To mimic the modiﬁcation based on the ﬁrst strategy (“suppress
expression of the gene which is affected by the environmental stimulus”),
we decreased the parameter value g12 (see Section C in the Supplemental
Information) by one-half of its initial value, which corresponds to suppression of transcriptional regulation of the gene. Numerical experimental results for 12 sets of parameter values are summarized (see
Supplemental Fig. 2 and Supplemental File 1). To measure the reduction
of uncertainty of the state variable, we calculated dev(X1), which is the
deviation of X1 by the limitation of the minimum and maximum levels of
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expression, as: dev(Xi) ¼ maxðX i;with ; Xi;without
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represent the time average of Xi (from t ¼ 0 to 10) with a limitation of the
minimum and maximum levels of expression, and the steady-state value
of Xi (at t ¼ 10) without the limitation of the minimum and maximum
levels of expression (where i ¼ 1), respectively. In each of 12 cases,
dev(X1) decreased after modiﬁcation compared with before modiﬁcation
at all three environmental stimulus levels (p ¼ 2  1011) (see “Statistical
tests to evaluate hypotheses” in the Methods). The slope of the linear
approximation was decreased after modiﬁcation compared to before
modiﬁcation (p ¼ 3  104) (see “Statistical tests to evaluate hypotheses”
in the Methods). To mimic the modiﬁcation based on the second strategy
(“disconnect the slave gene from the master gene which is affected by the
environmental stimulus”), we set the parameter value gs12 (see Section C
in the Supplemental Information) to 0, which corresponds to inhibition of
transcriptional regulation of the slave gene by the master gene. Numerical experimental results for 12 sets of parameter values are summarized
(see Supplemental Fig. 2 and Supplemental File 1). To measure the
reduction of uncertainty of the state variable, we calculated dev(Xs1),
which is the deviation of X s1 by the limitation of the minimum and
st
maximum levels of expression, as: dev(Xi) ¼ maxðX i;with ; Xi;without
Þ=

Appendix A. Supplementary data
Supplementary data to this article can be found online at https://
doi.org/10.1016/j.physo.2021.100062.
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