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The relationship between protein and messenger RNA (mRNA) levels is a key aspect of gene expression.
Although a strong mRNA-protein correlation is widely observed, the evolutionary force driving the
correlation remains poorly understood, undermining the reliability of using mRNA abundance as a proxy
for protein levels. Here, by balancing the cost and benefit of gene expression, we uncover an optimal
scaling between mRNA (m) and protein (p) levels that maximizes cell fitness: m ∼ pγ . Notably, we predict
a lower bound of 0.5 for the exponent, and the toxicity effects of protein overexpression further increase it.
For the model organism Saccharomyces cerevisiae, the simulated scaling across the genome, incorporating
biologically relevant parameters, aligns well with experimental data. Genome-wide data across multiple
organisms all exhibit a scaling exponent above the predicted lower bound. Our Letter rationalizes the
primary role of transcriptional regulation and also the significance of translational regulation in determining
protein levels from an evolutionary perspective.

DOI: 10.1103/gkzp-r681

Introduction—A cell’s capacity to thrive in a given
environment hinges upon its ability to synthesize messen-
ger RNAs (mRNAs) and proteins at the appropriate levels,
neither lacking essential components nor wasting resources
on superfluous products [1–5]. This intricate balancing
necessitates a regulatory system, the principles governing
which remain incompletely understood. In this Letter, we
seek to answer a fundamental question: what are the
optimal expression levels of mRNAs and proteins that
maximize cell fitness? On the one hand, the protein levels
should be above some minimum values to perform their
functions appropriately [6], and the mRNA levels also
cannot be too low; otherwise, the resulting drastic protein
noise may compromise the accuracy of gene expression
[7–11]. On the other hand, gene expression also imposes a
cost on cell fitness, as excessive expression wastes limited
cellular resources and disrupts cellular physiological func-
tions [2,3,12–18].
To answer the question, we examine the trade-off

between the cost and benefit of mRNA and protein
production. We present a mathematical model that incor-
porates the benefit of protein synthesis, the cost associated
with transcription and translation, and the toxic effects of
protein overexpression [3]. Numerous experiments

suggested that gene expression levels are under evolu-
tionary selection [2,19–28]; therefore, we seek to find the
optimal mRNA and protein levels that maximize the fitness.
Our numerical simulations and analytical calculations
reveal a scaling relationship between the optimal mRNA
copy number (m) and the protein copy number (p):m ∼ pγ ,
which can be for multiple genes across the genome or for a
single gene across different conditions. Surprisingly, the γ
exponent has a lower bound, 0.5, which occurs when the
toxicity effects of protein overexpression are mild; a more
substantial toxicity effect results in a larger γ exponent.
Using biologically relevant parameters, we simulate an
in silico S. cerevisiae cell and the resulting mRNA-protein
scaling across the genome agrees well with the exper-
imental data.
Significantly, the predicted scaling between m and p is

observed in diverse organisms [9,29–32], including human,
mouse, fission yeast, and E. coli, where the γ exponents are
all above the predicted lower bound. Critically, we reveal
the implication of the lower bound of the γ exponent:
protein abundance is primarily determined by transcription,
with translation also potentially playing a significant role—
a conclusion consistent with multiple experimental findings
[30,32–39]. In summary, our work lays an evolutionary
foundation for the mRNA-protein correlation across multi-
ple organisms.
Benefit and cost of gene expression—We consider a gene

whose encoded protein benefits cell fitness but also
imposes a cost. In this Letter, we define the fitness of a
gene as the cellular growth rate normalized by the maximal
growth rate, F ¼ λ=λmax where λmax is attained if the
protein level of the particular gene approaches infinity
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and its expression is costless, given that the expression
levels of all other genes are fixed. To define the benefit of a
protein, we introduce λ0 as the hypothetical growth rate
assuming the expression of the corresponding gene is
costless, and introduce the benefit function as
BðpÞ ¼ λ0ðpÞ=λmax, which has the following form:

B ¼ ð1 − bÞ þ b
psb

psb þ psb
b
; ð1Þ

where b is a constant. We denote pb as the minimal protein
level needed, and sb as the sensitivity factor quantifying
how sensitive fitness is to the protein level. We note that the
Hill-function form of Eq. (1) accurately describes the
dependence of fitness on protein levels (Fig. S1). Also,
the detailed form of the benefit function does not affect our
main conclusions (Sec. A and Fig. S3 in the Supplemental
Material [40]).
We define the cost function as the relative reduction of

growth rate, C ¼ 1 − λ=λ0, where λ0 is the hypo-
thetical growth rate without gene expression cost. We
propose that gene expression cost includes two sources.
The first is the production cost, which comes from
the global competition between genes for limited resources,
including adenosine triphosphate, ribosome, ribonucleic
acid (RNA) polymerase, etc. [1,74–81]. The expression
of a specific gene inevitably consumes these limited resour-
ces, thereby suppressing the expression of other genes and
ultimately decreasing the growth rate [2,3,12–15].
Experiments and theories reveal that the production cost
can be decomposed into a transcription cost (Ctx) and a
translation cost (Ctl), each proportional to the mRNA and
protein levels, respectively [Fig. 1(a)] [1,3,16,82–84]. One
should note that the production cost is universal and
independent of specific protein functions.
The other source of cost arises from the toxicity of

protein overexpression, denoted as Cd. We model Cd as

ðp=pdÞsd , which nicely captures the nonlinear effect
observed in experiments (Figs. S1 and S2). Here, pd is a
gene-specific constant which we denote as the toxicity
threshold, and sd is the sensitivity factor of cell fitness to
protein overexpression. We remark that proteins that
exhibit little toxicity upon overexpression have a large
toxicity threshold pd, which means a small Cd. Also, the
detailed form of the toxicity function does not affect our
main conclusions (Sec. A and Fig. S3 in the Supplemental
Material [40]).
To sum up, the total cost function is

C ¼ cmmþ cppþ
�
p
pd

�
sd
; ð2Þ

where cm is the cost per mRNA copy and cp is the cost per
protein copy due to resource competition [Fig. 1(a)]. Given
that the maximum relative growth rate reduction is 1 (at
growth arrest), C is assigned the minimum between 1 and
the value from Eq. (2). Given the cost and benefit, we
introduce the total fitness as

Fðm;pÞ ¼ BðpÞ × ½1 − Cðm;pÞ�; ð3Þ

which is a nonmonotonic function of protein abundance
[Fig. 1(b)], in agreement with previous experiments [19–22]
(Fig. S1). Since bothB andC are between 0 and 1, the fitness
is always non-negative.
Onemay expect that the smaller themRNA copy number,

the higher the fitness since itminimizes the transcription cost
[Eq. (2)]. However, a small mRNA copy number also leads
to a high protein noise, which can reduce the time-averaged
or population-averaged fitness [Fig. 1(b)]. In this Letter, we
use the following relationship between protein noise and
mRNA level [85,86]:

FIG. 1. The benefit and cost of gene expression determine the fitness. (a) The cost of gene expression includes the production cost and
the protein toxicity. The production cost lies in the transcription and translation processes, each proportional to mRNA and protein
levels, respectively. Besides, protein overexpression exacerbates the cost as excessive proteins can be toxic to cells. (b) A schematic of
the fitness as a function of protein level. The relative fitness increases from 1 − b, approaches 1, and then drops as the protein is
overexpressed. The inset shows a reduction in the average fitness due to protein noise. (c) The causal maps of how protein and mRNA
influence cell fitness. An insufficiency of mRNA gives rise to protein abundance fluctuation, which indirectly affects the benefit and cost
of protein expression.
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CV2 ¼ τm
τpm

þ 1

p
þ CV2

0; ð4Þ

whereCV is the coefficient of variation of protein level, τm is
the mRNA lifetime, τp is the protein lifetime, and CV0 is the
noise floor [7,85,87–89].We summarize the cost and benefit
of gene expression, where mRNA and protein affect the
fitness through coupled pathways [Fig. 1(c)].
Emerging mRNA-protein scaling—In the following, we

find the optimal values of m and p that maximize the
average fitness. The mRNA and protein levels are treated as
independent variables in the optimization problem. For a
given gene with its mRNA and protein, we generate 105

random protein numbers following a gamma distribution
with the mean p and a variance set by the mRNA copy
number m according to Eq. (4) [90] and calculate the
average fitness hFðm;pÞi. We sample a range of mRNA
and protein levels to find the m and p that maximize the
average fitness. We change the minimal protein level pb to
represent proteins with various cellular demands. For
simplicity, we keep other parameters constant, since the
protein level required for physiological functions accounts
for the major differences among genes or conditions.
Intriguingly, a power-law scaling between the optimal
mRNA and protein levels emerges [Fig. 2(a)]:

m ∼ pγ: ð5Þ

Surprisingly, the γ exponent decreases from a value near
sd=2 and approaches a lower bound 0.5 as the toxicity
threshold increases [Fig. 2(b)]. In the following, we denote
the model mentioned so far as the full model and seek to
understand the origin of the emerging scaling theoretically
by studying a simplified model.
Lower bound of the scaling exponent—We simplify the

full model by assuming a small protein noise and first find
the optimal p by maximizing the fitness Fðm;pÞ without
considering noise effects. We then approximate the reduc-
tion in the average fitness due to protein noise using the
local curvature of the fitness function:

ΔF ¼ −
1

2

���� ∂2F
∂p2

����p2CV2: ð6Þ

Here, the first-order derivative does not show up because p is
at the peak value of the fitness function. By further maxi-
mizing the fitness with respect tom (see the End Matter), we
find the optimal m value given the optimal p value as

m ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
α

�
1þ

�
p
pc

�
sd−1

�s
p

1
2: ð7Þ

Here, α is a constant, andpc ∝ psd=ðsd−1Þ
d is the critical protein

level (see their expressions in the End Matter). Intriguingly,

Eq. (7) shows that m ∼ p0.5 when the toxicity effect is
negligible, i.e., when p ≪ pc; it also predicts m ∼ psd=2

when the toxicity effect is significant, i.e., p ≫ pc, in
agreement with our numerical simulations [Fig. 2(b)]. The
predicted m-p relation also quantitatively matches the sim-
ulation results of the full model [Fig. 2(c)]. Intuitively, when
toxicity effects are significant, suppressing protein noise is
critical for the cell to survive; therefore, a higher mRNA level
is necessary to reduce the noise, leading to a higher scaling
exponent betweenm andp. Forp that is comparable topc, the
m vs p curve exhibits an apparent scaling exponent 0.5 <
γ < sd=2 [Fig. 2(c)].Wehighlight that them-p scaling is both
applicable to a groupofgenes under the same condition, aswe
show later, or a single gene under different conditions (Sec. B
and Figs. S4 and S5 in the Supplemental Material [40]).
We note that the lower bound of the γ exponent suggests

that transcriptional regulation plays a primary role in setting
protein levels. To see this, we consider the fold change in
the expression levels of two proteins under the same

FIG. 2. The emerging scaling between mRNA and protein
levels at optimal fitness. (a) The mRNA-protein scaling by
maximizing the average fitness function considering protein
noise, where results with different toxicity thresholds (pd) are
shown. A larger pd means lower toxicity. Here, mRNA and
protein levels are normalized by their mean values. In this figure,
we set τm=τp ¼ 0.1, CV2

0 ¼ 10−2, b ¼ 0.5, sb ¼ 2, sd ¼ 2,
cm ¼ 10−6, cp ¼ 10−8, and pb from 1 to 104 unless otherwise
specified. (b) The scaling exponent γ decreases with pd, ap-
proaching a lower bound 0.5, regardless of other parameters.
(c) The analytical predictions from Eq. (7) (solid lines) match the
numerical simulations of the full model perfectly. When p ≪ pc

(negligible toxicity), m ∼ p0.5, and when p ≫ pc (strong toxic-
ity), m ∼ psd=2. Here, for each pd, we scan pb from 1 to pd=3.

PHYSICAL REVIEW LETTERS 137, 048402 (2026)

048402-3



condition (or the fold change in the expression level of the
same protein under two conditions). Using the scaling
relation, m ∼ pγ, we find that

log

�
p2

p1

�
¼ log

�
m2

m1

�
þ 1 − γ

γ
log

�
m2

m1

�
: ð8Þ

Here, the first term on the right side of Eq. (8) represents the
fold change due to transcriptional regulation; the second
term represents the fold change due to translational
regulation. Because γ > 0.5 [i.e., ð1 − γÞ=γ < 1], the con-
tribution from transcriptional regulation in determining
protein levels is larger than that from translational
regulation.
We also extend our model to the case in which gene

interactions exist, such that a signaling protein regulates the
expression levels of other genes. We find that the mRNA-
protein scaling still holds across multiple genes under the
same conditions, and across different conditions for a single
gene. Importantly, our conclusion regarding the bound on
the scaling exponent between mRNA and protein levels
remains unchanged, even in the presence of strong corre-
lations in protein levels across genes (Sec. B and Figs. S4
and S5 in the Supplemental Material [40]).
In silico cells vs experiments—In the following, we

simulate the mRNA-protein relationship across the genome
for an in silico cell using biologically relevant parameters of
S. cerevisiae (see details in Sec. C of the Supplemental
Material [40]). In particular, we estimate sb, pb, b, sd, and
pd by fitting the experimental measured fitness function vs
protein abundance [19]. We also estimate the cost coef-
ficients cm and cp based on resource competition [84],
supported by experimental measurements [3]. For each
gene, we randomly sample parameters for the in silico cell
from distributions that make good approximations of the
experimental data (Table S1, Fig. S6, and Sec. C of the
Supplemental Material [40]), and compute the optimal
mRNA and protein copy numbers, and also the CV2 of the
protein copy numbers.
We notice that toxicity effects due to protein over-

expression are generally mild in S. cerevisiae (Fig. S1),
suggesting that p ≪ pc for most genes; therefore, we
expect the scaling exponent between m and p to be close
to 0.5. Indeed, the optimal mRNA and protein levels exhibit
a scaling around m ∼ p0.61 [Fig. 3(a)]. The CV2 of the
protein number also scales as CV2 ∼ p−γ as predicted by
Eq. (4), where the upstream noise dominates the protein
noise due to a limited mRNA level [Fig. 3(b)].
Surprisingly, the experimental data match our theoretical

predictions for both the scaling exponent and the absolute
values [Figs. 3(c) and 3(d)], strongly supporting the validity
of our model given that the simulation parameters are
estimated from independent experiments. The in silico
simulations also demonstrate that our model is robust to
genetic heterogeneity, since the genes have different

parameters. We note that another independent dataset also
matches our predictions reasonably well [Fig. S7(d)],
further validating our model.
mRNA-protein scaling across different organisms—We

further analyze the genomewide data of multiple organ-
isms, including E. coli [30,86,91], S. cerevisiae [29,92],
Schizosaccharomyces pombe (fission yeast) [31], Mus
musculus (mouse) [32,93], and Homo sapiens (human)
[32,94]. Intriguingly, all the measured exponents between
m and p are above 0.5 [Figs. 4(a)–4(d) and Fig. S7), in
perfect agreement with our model predictions. We remark
that the lower bound of the γ exponent is a consequence of
fitness optimization, and no biochemical constraints require
that γ has to be larger than 0.5. Meanwhile, in all the
eukaryotic organisms we analyze, their γ’s are still smaller
than 1 (Figs. 3 and 4). According to Eq. (8), this indicates
that translational regulation also significantly contributes to
protein levels by amplifying the effect of differential
mRNA levels.

FIG. 3. Comparison between the model predictions and ex-
perimental data of S. cerevisiae. (a),(b) The mRNA level and the
CV2 of protein level vs the protein level for the in silico cell under
the conditions of maximized averaged fitness. The numerical
methods are the same as Fig. 2. (c),(d) Experimental m vs p [29]
and CV2 vs p [9], respectively. The color of the dots, yellow to
blue for (a), yellow to red for (b), represents the local density from
high to low. The dashed lines (a)–(d) are power-law fittings. ρ2 is
the fraction of total variance explained by the power-law scaling
m ∼ pγ , and N is the number of genes detected or simulated. To
clearly show the scaling of CV2 vs p, we remove the noise floor
term CV2

0 ¼ 10−2 in the plots. The γ exponent is calculated by the
total-least-squares method (Table S2, Fig. S8, and Sec. D in the
Supplemental Material [40]), which is also used in other relevant
figures unless otherwise mentioned.
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We note that the γ exponent can be different for the same
organism [Fig. 4(e)]. The different exponents may be due to
different strains and conditions across experiments
(Table S3), leading to distinct fitness functions and evolu-
tionary outcomes. Other possible sources include different
techniques and genomic coverages.
Discussion—We observe two scenarios of gene regula-

tion. In Scenario 1, such as S. cerevisiae, the protein
toxicity of most proteins is mild, so the scaling exponent is
close to—but still higher than—the predicted lower bound,
0.5. In this scenario, transcriptional regulation is primary,
but translational regulation still plays a significant

role [29,32,37–39,95,96]. Consistently, Eichhorn et al.
found that mRNA destabilization is the primary mechanism
for miRNA-mediated regulation in multiple eukaryotic
cells, and translational repression has a minor but non-
negligible contribution [32].
In Scenario 2, notably E. coli, the γ exponent is close

to 1, and transcriptional regulation appears dominant.
According to our theory, the toxicity effects are likely to
happen near the expression levels of wild-type cells, which
can be tested by systematically measuring fitness as a
function of protein level across multiple genes, particularly
when the proteins are overexpressed. Regarding the tran-
scriptional dominance in E. coli, Balakrishnan et al. have
suggested that the protein concentration is essentially set by
the promoter strength in E. coli, given that mRNA
degradation rates and translational characteristics are sim-
ilar across most mRNAs [30], and that mRNA synthesis
relies on the ability of promoter to recruit limiting RNA
polymerases [77,79,97]. We note that translational regula-
tion may be significant for E. coli in some conditions
[Figs. S7(b) and S7(c)] [91,98]. Intriguingly, our Letter
unifies two scenarios of gene expression regulation from an
evolutionary perspective. In all organisms we analyze, the
exponents are above the predicted lower bound of 0.5. Our
theory does not exclude the possibility of a γ exponent
larger than 1.
The method of optimizing fitness with respect to the

mRNA level has been applied to determine an upper bound
on transcription rates [98]. In Ref. [5], the authors built a
mathematical model to explore the trade-off between
metabolic load and growth robustness and found that
optimal protein expression levels for many genes are vastly
overabundant and predicted a linear relationship between
the translation efficiency and mRNA copy number, align-
ing with our model’s m ∼ p0.5 scaling. We remark that our
evolutionary minimal model predicts the optimal correla-
tion between m and p, while the microscopic mechanism
that generates this correlation can be various, which is not
the focus of our minimal model. Essentially, the fitness-
driven scaling law does not contradict the constraints
imposed by gene regulatory networks. Rather, it reveals
the optimized target mRNA and protein levels that govern
the evolution of the regulatory networks.
In our Letter, we do not consider the cost of other types

of RNA (e.g., miRNA) because they are neither explicitly
included nor under optimization in our minimal model.
Our minimal model can be adapted to other fitness
measures, such as survival ability under stress. Our main
conclusions should remain the same for alternative defi-
nitions of fitness.
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E. coli S. pombe

M. musculus H. sapiens

E. coli S. pombe M. musculus H. sapiensS. cerevisiae
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(e)

FIG. 4. The m-p scaling across multiple organisms. (a)–
(d) Experimental data on m vs p across multiple organisms.
Data resources are as follows: E. coli [30], S. pombe [31], M.
musculus (NIH 3T3 cell) [93] (the bias in protein measurement
corrected by [33]), and H. sapiens (HeLa cell) [32]. The color of
the dots (yellow to blue) represents the local density (high to
low). ρ2 is the fraction of total variance explained by the power-
law scaling m ∼ pγ , and N is the number of genes detected.
(e) The scaling exponents in different organisms are all higher
than 0.5. Each bar represents one dataset, where the original m-p
relations are shown in (a)–(d) and Fig. S7. The error bars
represent the standard deviation from bootstrapping (see more
statistical details in Sec. D of the Supplemental Material [40]).
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End Matter

Analytical derivation—We first find the optimal p that
maximizes the total fitness before considering the noise
effects, where

F ¼
�
1 − b

psb
b

psb þ psb
b

��
1 − cmm − cpp −

�
p
pd

�
sd
�

≈ 1 − b

�
p
pb

�
−sb

− cmm − cpp −
�
p
pd

�
sd
: ðA1Þ

Here, we use the approximation that the reduction in the
benefit function relative to its maximum value 1 due to
protein deficiency and the cost are both small around the
optimal p; therefore, higher-order terms are neglected,
and the optimal p value should be much larger
than the minimal protein level pb [5]. We compute
∂Fðm;pÞ=∂p ¼ 0 and find that

bsb

�
pb

p

�
sb
− sd

�
p
pd

�
sd
− cpp ¼ 0: ðA2Þ

We further calculate the second derivative of the fitness
function at the optimal p value,

∂
2F
∂p2

¼ −
cpðsb þ 1Þ

p

�
1þ ðsb þ sdÞsd

ðsb þ 1Þcpp
�
p
pd

�
sd
�
: ðA3Þ

We next find the optimal m value by computing
∂hFðm;pÞi=∂m ¼ 0, where

hFðm;pÞi ¼ Fðm;pÞ þ ΔF: ðA4Þ

Combining the above equation with Eqs. (4), (6), and
(A3), we find that

m ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
τmj∂2F=∂p2j

2τpcm

s
p ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
α

�
1þ

�
p
pc

�
sd−1

�s
p

1
2: ðA5Þ

Here, α ¼ ½cpτmðsb þ 1Þ=2cmτp�, and pc ¼ f½ðsb þ 1Þcp=
ðsb þ sdÞsd�psd

d g
1

sd−1. The agreement between the
theoretical predictions and the numerical calculations
of the full model supports the validity of the above
approximations.
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