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ABSTRACT
ERK2 is a kinase protein that belongs to a Ras/Raf/MEK/ERK signaling pathway, which is activated in response to a range of extracellular
signals. Malfunctioning of this cascade leads to a variety of serious diseases, including cancers. This is often caused by mutations in proteins
belonging to the cascade, frequently leading to abnormally high activity of the cascade even in the absence of an external signal. One such
“gain-of-function” mutation in the ERK2 protein, called a “sevenmaker” mutation (D319N), was discovered in 1994 in Drosophila. The muta-
tion leads to disruption of interactions of other proteins with the D-site of ERK2 and results, contrary to expectations, in an increase of its
activity in vivo. However, no molecular mechanism to explain this effect has been presented so far. The difficulty is that this mutation should
equally negatively affect interactions of ERK2 with all substrates, activators, and deactivators. In this paper, we present a semiquantitative
kinetic network model that gives a possible explanation of the increased activity of mutant ERK2 species. A simplified biochemical network
for ERK2, viewed as a system of coupled Michaelis-Menten processes, is presented. Its dynamic properties are calculated explicitly using the
method of first-passage processes. The effect of mutation is associated with changes in the strength of interaction energy between the enzyme
and the substrates. It is found that the dependence of kinetic properties of the protein on the interaction energy is nonmonotonic, suggesting
that some mutations might lead to more efficient catalytic properties, despite weakening intermolecular interactions. Our theoretical predic-
tions agree with experimental observations for the sevenmaker mutation in ERK2. It is also argued that the effect of mutations might depend
on the concentrations of substrates.
Published under license by AIP Publishing. https://doi.org/10.1063/1.5088647

I. INTRODUCTION

Mitogen-activated protein (MAP) kinase ERK2 (Extracellu-
lar Signal-Regulated Kinase 2) is an enzyme that plays an impor-
tant role in a variety of biochemical processes. It is activated in
response to several extracellular signals such as mitogens, inter-
leukins, growth factors, and cytokines,1,2 operating as a part of the
Ras/Raf/MEK/ERK signaling pathway, which is crucial for cell func-
tioning.3–5 ERK2 is a small 42 kDa protein, consisting of C-terminal
and N-terminal domains.6–8 It is an ATP-dependent enzyme and
its ATP-binding site, as well as the catalytic site, is located in the
region between the main domains. Unlike many enzymes, ERK2
does not bind its substrates in the immediate vicinity of the cat-
alytic site, but instead it utilizes the so-called recruiting (docking)
sites, which are located 15–20 Å away from the place where the

catalysis occurs. These binding sites are usually referred to as the
D-recruiting site (DRS) and the F-recruiting site (FRS), and they
are responsible for recognition of multiple substrates with different
structures.9–19

To become catalytically active, ERK2 requires phosphorylation
of two of its residues: Tyr185 and Thr183.20 Phosphorylation leads
to alteration of mutual orientation of domains and their dynam-
ics.7,21–25 Activation of ERK2 is normally done by MAP/ERK kinases
(MEK).26 Active ERK2, in its turn, can be deactivated by a number
of phosphatases.1,20 Combination of these two processes—activation
and deactivation—enables precise control of ERK2 activity, provid-
ing a robust and efficient method to respond to external signals.
Since ERK2 regulates many critically important processes, including
cell growth, cell differentiation, and cell proliferation, the alteration
of its normal enzymatic activity can lead to serious negative effects,
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such as uncontrollable tissue growth, which was shown to be linked
to a variety of diseases, including cancers.27–30

An interesting example of ERK2 malfunctioning is the exis-
tence of gain-of-function mutations inside the Ras/Raf/MEK/ERK
signaling pathway. Such mutations can alter the structure of one
of the kinases in a phosphorylation cascade, thus preventing the
activity of ERK2 from being regulated properly and eventually lead-
ing to diseases.3,30 The most known gain-of-function mutation in
ERK2 (D319N) is called “sevenmaker,” which was discovered in
Drosophila in 1994 as a result of genetic screenings for mutations
that activate the sev signaling pathway in the absence of signals.31–34

The mutation is located in the DRS (docking site) of ERK2 in the
common domain (CD) region.35

The fact that the sevenmaker mutation activates the enzyme is
rather surprising because it is expected that this mutation should
negatively influence interactions of ERK2 with all substrates, acti-
vators, and deactivators in a similar fashion. One would then sug-
gest that the mutation should lower the enzymatic activity. Indeed,
there are experimental observations35,36 suggesting that many sub-
strates, activators (including MEK), and deactivators use the DRS
site and, in particular, the CD domain to recognize the ERK2 pro-
tein. They interact using a so-called kinase interaction motif (KIM),
which consists of 2-3 positively charged Lys and/or Arg residues.19

Thus, the sevenmaker mutation should disrupt all ERK2-involving
processes in the similar way, and so it is surprising that it can lead to
an apparent increase of ERK2 activity in vivo.31,32 Despite the fun-
damental importance of ERK2, molecular mechanisms of its gain-
of-function mutations (and specifically, the sevenmaker mutation)
remain not well understood. One proposal to explain these observa-
tions is based on the fact that there are only two ERK2 activators,
MEK1 and MEK2, while there are many deactivators. It was sug-
gested that some deactivators might be less affected by the disrupted
interaction with the CD domain.35 To support this, there are exper-
imental data showing that the mutation D319N in the ERK2 is less
sensitive to dephosphorylation.32,37 However, that does not resolve
the problem entirely since the ability of ERK2 to phosphorylate sub-
strates should be also reduced by a comparable amount because
the same molecular interactions are involved in both catalytic
processes.35

In this paper, we propose a theoretical model that quantita-
tively explains the effect of the sevenmaker mutation. It is based on
the kinetic network description of the system with the additional
assumption that the mutation equally modifies interaction ener-
gies between ERK2 and all substrates, activators, and deactivators.

By analyzing a simplified regulation network of ERK2, built as a
system of several coupled Michaelis-Menten processes, the kinetic
properties of ERK2 proteins are evaluated explicitly via the first-
passage method. It is shown that the effective chemical kinetic prop-
erties in these systems might change nonmonotonically as a func-
tion of the interactions. This suggests that some mutations might
lead to more efficient catalytic properties of ERK2 protein variants,
despite the decrease of the interaction energies. It is argued that this
is a possible molecular mechanism of gain-of-function mutations in
ERK2, explaining the experimental observations on the sevenmaker
mutation.

II. THEORY
A. Kinetic network model

To clarify the molecular mechanisms of increased activity for
the sevenmaker mutation, one should analyze the kinetic proper-
ties of the biochemical regulation pathway of ERK2. Although it
is known that ERK2 functioning involves many biochemical states
and transitions, we consider a minimal simplified version of the reg-
ulation scheme as presented in Fig. 1. Our idea is to approximate
the regulation network as three coupled Michaelis-Menten processes
that correspond to main processes involving the enzyme: activation,
inactivation, and ERK2-mediated phosphorylation.1

In the state 0 (labeled as ERK2), the enzyme molecule is inactive
(not phosphorylated) and it can bind MEK enzyme with a rate con-
stant u to reach the state 1 (labeled as ERK2⋅M); see Fig. 1. ERK2
requires a phosphorylation of two residues, but in this work, we
model the phosphorylation as one step to simplify the calculations.
This simplification does not affect the main conclusions of our work.
From the state 1, ERK2 can return back to the state 0 with a rate w
by dissociating from the complex with MEK, or it can be phosphory-
lated to reach the state 2 (ppERK2) with a rate α. After that, ppERK2
can either be dephosphorylated through the formation of a complex
with a phosphatase (state 3, ERK2⋅D) with the rate constant u, or
it can remain active and phosphorylate its own substrates by form-
ing the substrate-enzyme complex with the rate constant u (state 4,
ppERK2⋅S), and producing the product (state 5, ppERK2+P) with
the rate α.

It is important to note that in this model, we consider a sin-
gle ERK2 enzyme molecule, because it is not consumed during the
chemical reactions, and fixed concentrations of other participants.
However, the results for arbitrary concentrations of ERK2 can be
easily generalized.

FIG. 1. A simplified biochemical regula-
tion scheme for ERK2 considered in this
work. First, ERK2 must be phosphory-
lated by MEK (denoted as M) to become
an active enzyme and to phosphorylate
its substrates (denoted as S). At the
same time, the phosphatase (denoted as
D) can dephosphorylate ERK2 to return
it to the inactive state. More details are
given in the text.
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To simplify calculations, in this model, we assume that the
corresponding rate constants in all Michaelis-Menten reactions for
different processes are equal to each other so that there are only
three kinetic parameters in the system: u, w, and α. This assump-
tion is based on the fact that all enzymatic processes are tak-
ing place at the same location and they involve chemical species
that have similar nature. This assumption is reasonable because
all activators, deactivators, and substrates use the same bind-
ing sites on ERK2, and mutations in ERK2 will most probably
cause similar (although clearly not entirely identical) changes to
their binding energies. However, it is also important to notice
that relaxing this condition (making all corresponding rates dif-
ferent) will not qualitatively change the main theoretical predic-
tions of this work, while it will make the mathematical calcula-
tions much more complicated. As an additional confirmation of
our arguments, in the supplementary material, we present results
from kinetic Monte Carlo simulations using variable sets of kinetic
rates (Figs. S6–S9), which fully agree with the qualitative trends
predicted by the simplest reduced model with identical transition
rates.

To evaluate catalytic properties of the system, we employ a
method of first-passage processes that was successfully utilized for
analyzing multiple processes in chemistry, physics, and biology.38,39

The idea is to introduce a first-passage probability density function
Fn(t), which is defined as a probability to complete the reaction (i.e.,
to reach the final state 5 for the first time, Fig. 1) at time t if at t = 0 the
system was in the state n. In another words, Fn(t) is related to a sur-
vival probability Sn(t), which describes a probability that a molecule
starting in the state n did not react up to time t. More specifically,
Fn(t) = ∂[1 − Sn(t)]/∂t. Determining these functions will provide a
full dynamic description of the catalytic process in this system. The
temporal evolution of first-passage probabilities is governed by a set
of the backward master equations,38,39 which are closely related to
standard chemical kinetics equations

dF0(t)
dt

= uMF1(t) − uMF0(t), (1)

dF1(t)
dt

= αF2(t) + wF0(t) − (w + α)F1(t), (2)

dF2(t)
dt

= uDF3(t) + uSF4(t) − (uD + uS)F2(t), (3)

dF3(t)
dt

= αF0(t) + wF2(t) − (w + α)F3(t), (4)

dF4(t)
dt

= αF5(t) + wF2(t) − (w + α)F4(t). (5)

Please note that these equations differ from standard forward master
equations that deal with probabilities to be found at the specific sites,
while in our case, we consider the probabilities to start at the spe-
cific site and to reach the final state. In these equations, we take into
account the fact that the association transition rates are proportional
to the concentrations of participants, i.e.,

uX = uX, (6)

where X = M, D, or S, which represent the concentration of activa-
tor, deactivator, and substrate, respectively. While in general con-
centrations of activator, deactivator, and substrate molecules will
vary in time, in this work, we assume that enzymatic reactions
that involve ERK2 are taking place faster than other processes
affecting various substrates, and for this reason the correspond-
ing concentrations are taken to be constant. In addition, the ini-
tial condition requires that F5(t) = δ(t), which means that if
the system starts in the state 5, the reaction is accomplished
immediately.

To calculate the first-passage probabilities, we utilize Laplace
transformations, ∫∞0 e−stFn(t)dt ≡ F̃n(s). After such transformation,
Eqs. (1)–(5) can be rewritten as simpler algebraic expressions

(s + uM)F̃0 = uM F̃1, (7)

(s + α + w)F̃1 = αF̃2 + wF̃0, (8)

(s + uS + uD)F̃2 = uDF̃3 + uSF̃4, (9)

(s + α + w)F̃3 = αF̃0 + wF̃2, (10)

(s + α + w)F̃4 = αF̃5 + wF̃2. (11)

The initial condition leads to F̃5(s) = 1. This system of equations can
be easily solved. Specifically, if we start the process in the state 0, we
obtain

F̃0(s) =
α2u2MS

A + B + Γ + ∆
, (12)

where parameters in the denominator are defined as

A = α2
[usD + (uM + s)(s + uS)], (13)

B = s2
(uM + s + w)(uD + s + uS + w), (14)

Γ = αs[2u2MS + 2s(s + w)], (15)

∆ = u(2s + w)(M + S) + uD(2uM + 2s + w). (16)

The explicit expressions for the first-passage probability func-
tions provide a direct way of describing all dynamic properties
in the system. For example, the average time to reach the prod-
uct state 5 starting from the state 0, which is the same as the
mean time for the catalytic reaction (turnover time), is given
by38,39

T0 ≡ −
dF̃0

ds
(s = 0), (17)

from which using Eqs. (12)–(16), we get

T0 =
2uM(S + D) + (α + w)(D + M + S)

αuMS
. (18)

This result can be better understood if we rewrite it in the
Michaelis-Menten-like form with respect to the substrate S trans-
formation (T0 = 1/kcat + KM/kcat ∗ 1/S) as follows,
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T0 =
2uM + α + w

αuM
+

(M + D)(α + w) + 2uMD
αuM

1
S

, (19)

from which the overall effective Michaelis-Menten parameters for
the kinetic network are determined in terms of the microscopic
transition rates

KM =
(α + w)(M + D) + 2uMD

α + w + 2uM
, (20)

kcat =
αuM

α + w + 2uM
, (21)

and
kcat
KM

=
αuM

(α + w)(M + D) + 2uMD
. (22)

To quantitatively analyze the effect of mutations, we assume
that mutations change the strength of the interactions in the ERK2
complexes with activators, deactivators, or substrates, respectively.
We define a binding energy � as a measure of strength of such inter-
actions. The sign is chosen so that more negative values of � cor-
respond to stronger binding. Then, the detailed balance-like argu-
ments allow us to estimate the relations between the rate constants
and the binding energy

u
w

=
u0

w0
e−β�, (23)

α = α0eβ�. (24)

Here, the rates with superscript 0 correspond to transition rates for
the hypothetical situations when the interactions energies are equal
to zero. These equations can be understood in the following way.
The stronger the binding interactions, the faster the system will go
into the states with the complex formation (states 1, 3, and 4) and
the slower it will leave these states. Correspondingly, weaker inter-
actions stimulate the system to preferentially break these complexes
faster than to form them.

Determining enzymatic properties of the system requires
explicit expressions for rates that include the effect of the interac-
tions. To achieve that, we can rewrite the expressions for transition
rates as39

u = u0e−βθ�, (25)
and

w = w0eβ(1−θ)�, (26)

with β = 1/kBT. The parameter 0 ≤ θ ≤ 1 specifies how the inter-
action energy is distributed between forward and backward tran-
sitions to form or to break the complex state.39 For simplicity,
in the following expressions, we omit the subscript 0 so that u,
w, and α now replace u0, w0, and α0, respectively. With these
assumptions, our final equations for the kinetic parameters are given
by

KM =
(αeβ� + weβ(1−θ)�)(M + D) + 2ue−βθ�MD

αeβ� + weβ(1−θ)� + 2ue−βθ�M
, (27)

kcat =
αueβ(1−θ)�M

αeβ� + weβ(1−θ)� + 2ue−βθ�M
, (28)

kcat
KM

=
αueβ(1−θ)�M

(αeβ� + weβ(1−θ)�)(M + D) + 2ue−βθ�MD
. (29)

The main advantage of this theoretical approach is that now the
effect of mutations can be investigated quantitatively because in our
language, it corresponds to varying the interaction energy �.

B. Michaelis-Menten model
To understand better the mechanisms of the ERK2 regulation

that couple together several enzymatic processes, we will be com-
paring them with the simplest situation that involves only a single
enzymatic process. For this purpose, we present here a brief deriva-
tion of catalytic properties for a classical Michaelis-Menten kinetic
scheme

E + S
u
Ð⇀↽Ð
w

ES α
Ð→ E + P. (30)

The derivation follows exactly the same steps as described for the
model in Fig. 1, so we only present main steps here. We assume that
E + S corresponds to the state 0, ES describes the state 1, and E +
P is the final state 2. The temporal evolution of the corresponding
first-passage probability functions follows from

dF0(t)
dt

= uSF1(t) − uSF0(t) (31)

and
dF1(t)
dt

= αF2(t) + wF0(t) − (w + α)F1(t). (32)

After the Laplace transformation, these equations can be rewritten
as follows:

(s + uS)F̃0 = uSF̃1, (33)

(s + α + w)F̃1 = αF̃2 + wF̃0. (34)

Solving this system of equations yields the following expression for
the turnover time T0:

T0 =
1
α

+
w + α
uα

1
S

. (35)

Finally, the Michaelis-Menten parameters are given by

KM =
α + w

u
, (36)

kcat = α, (37)

and
kcat
KM

=
αu
α + w

, (38)

where u, w, and α depend on the substrate binding energy exactly as
described [see Eqs. (24)–(26)]. This derivation also explicitly shows
that all chemical kinetic results for enzymatic systems can be derived
using the first-passage method.

Unless stated otherwise, the following parameters are uti-
lized for calculations in Sec. III: θ = 0.5, α = w = 100 s−1,
k = 10 000 s−1 M−1, and D = M = S = 0.001M. These parameters
are chosen just to illustrate our theoretical method. However, differ-
ent sets of kinetic rates are explored in Monte Carlo simulations and
the results are presented in the supplementary material.
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C. Numerical simulations
To test the validity of our theoretical calculations, we per-

formed extensive Kinetic Monte Carlo simulations using the Gille-
spie Algorithm for the chemical network that describes the sys-
tem. Details of the algorithm and the results can be found in the
supplementary material.

III. RESULTS AND DISCUSSION
Our main idea is that mutations of ERK2 modify the interac-

tion energy between the enzyme and the substrate molecules, and
this leads to changes in the chemical kinetic properties of the system.
Using explicit expressions derived in Sec. II C, we can analyze how
the enzymatic parameters for ERK2 and simple Michaelis-Menten
(MM) schemes vary with the binding energy �. The results are pre-
sented in Figs. 2 and 3. One can see that the enzymatic properties
of ERK2 regulation network differ significantly from the classical
MM scheme. Lowering the strength of binding interactions (mak-
ing � more positive) strongly increases the catalytic rate kcat in the
MM system, while the dependence of kcat on � is nonmonotonic for
the ERK2 system (see Fig. 2). It can be shown also that in this case,
the highest value of kcat is achieved for

�max

kBT
= −

ln[ α⋅θ
2⋅uM ]

(1 + θ)
. (39)

Varying the interaction energy also leads to different curves for
the Michaelis constant for the simple MM and for the ERK2 regula-
tion network (Fig. 3). KM monotonically increases with � in the MM
case, while for the ERK2 system, KM is slowly changing between two
limiting behaviors. For very strong attractive interactions (�→ −∞),
we have KM ≃ D, while for strong repulsive interactions, (� → +∞)
KM ≃ D + M.

To better quantify enzymatic efficiency of ERK2 protein, it
is more useful to consider a ratio kcat/KM , which is known as a
specificity constant. The larger this parameter, the more efficient
is the enzymatic process. Figure 4 presents specificity constants as

FIG. 2. Catalytic constants as functions of the binding energies for Michaelis-
Menten (MM, blue) and ERK2 schemes. Lines are theoretical predictions, and
symbols correspond to kinetic Monte Carlo simulations. Error bars show standard
deviations. Negative energies correspond to stronger binding. For the MM scheme,
a monotonic behavior is observed: the stronger the interaction, the lower kcat ; while
for the ERK2 scheme, the dependence is nonmonotonic: there is an optimal value
of binding energy that produces the highest kcat .

FIG. 3. Michaelis constants as functions of the binding energies for the Michaelis-
Menten (MM) scheme (blue) and the ERK2 scheme (black). Lines are theoretical
predictions, and symbols correspond to kinetic Monte Carlo simulations. Error bars
show standard deviations. Negative energies correspond to stronger binding. For
the MM scheme, the dependence is monotonic, and the stronger the binding,
the lower the Michaelis constant. For the ERK2 scheme, the dependence is also
monotonic, but Km changes between two limits.

functions of the binding energies for both schemes, and again the
classical MM behavior is strikingly different from the predictions
for the ERK2 regulation system. The specificity constant for the MM
process decreases monotonically with the interaction energy, while
the nonmonotonic dependence is observed for the ERK2 case. The
position of the maximum here is

�max

kBT
= −

ln[ (D+M)α⋅θ
2⋅k⋅D⋅M ]

(1 + θ)
. (40)

This result has a very important consequence for explaining the
appearance of gain-of-function mutations in the ERK2 system. If
one assumes that the binding energy in the WT enzyme (�WT) is
negative and it does not correspond to �max (�WT < �max), then muta-
tions that change the interaction energies to the range between �WT
and �max will increase the activity of enzyme: the region between two
vertical lines in Fig. 4. In this situation, the mutation that weakens
the interactions with the substrate will effectively make the ERK2

FIG. 4. Specificity constants (kcat /Km) as functions of the binding energy for the
Michaelis-Menten scheme (MM, blue) and for the ERK2 scheme (ERK2, black).
Lines are theoretical predictions, and symbols correspond to kinetic Monte Carlo
simulations. Error bars show standard deviations. Negative energies correspond
to stronger binding. In the region between two vertical lines for the ERK2 scheme,
the decrease of strength of interactions will lead to higher values of specificity.
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regulation network more efficient in comparison with the wild type
case. This might be a possible molecular mechanism of how the
sevenmaker mutation operates in the ERK2 system. It is also impor-
tant to note that since ERK2 is a regulatory enzyme, it is likely to
operate in vivo at low concentrations in the regime where the speci-
ficity constant is the main property that determines the catalytic
efficacy.

The effect of gain-of-function mutations can be also explained
using the fluxes along the different branches of the regulation
scheme presented in Fig. 1. The overall chemical process of mak-
ing the product molecules with the help of ERK2 enzymes can be
viewed as a molecular current along the enzymatic network. The flux
that starts in the state 0 reaches the state 2 via the activation branch
(Ja), where it divides into the flux that goes to the final product via
the phosphorylation branch (Jp) and the flux that returns back to the
state 0 via the deactivation branch (Jd). In the stationary state, the
flux balance requires that

Ja = Jd + Jp. (41)

The overall enzymatic activity can be correlated with the product
formation flux Jp. The higher is the molecular current to reach the
final product, the larger is the enzymatic activity of the system. Then
our theoretical picture suggests that the sevenmaker mutation lowers
both Ja and Jd fluxes, but it decreases the deactivation flux more so
that the product formation flux Jp in the case of mutation is larger in
comparison with the WT ERK2 molecule, i.e., Jp(mutant) > Jp(WT).
The results presented in Fig. 5, where the effect of varying the deac-
tivation flux is investigated, support these arguments. Lowering the
concentration of deactivator (D) decreases the possibility for the sys-
tem to go into the deactivation branch. For low D, the enzymatic
properties of the ERK2 regulation pathway, as expected, approach
the simple MM scheme, and the nonmonotonic behavior as well
as the ability to increase the enzyme’s activity by mutation disap-
pear. Only when there are significant fluxes via the deactivation path,
the gain-of-function mutations might appear in such systems. Thus,
the gain-of-function mutation in the ERK2 regulation network is
the result of coupling of several enzymatic processes that work in
opposite directions.

FIG. 5. The specificity constant as the function of the interaction energy for varying
concentrations of deactivator. Lines are theoretical predictions, and symbols cor-
respond to kinetic Monte Carlo simulations. Error bars show standard deviations.
Numbers in the legend show the concentrations of the deactivator D in units of
moles per liter. Dashed line shows the position of the maximum of the specificity
constant.

Theoretical calculations presented in Fig. 5 also lead to a sur-
prising prediction that the sign of the mutation effect (positive gain-
of-function, or negative loss-of-function) can be reversed by chang-
ing the concentration of one of the network components, namely,
the deactivators. For example, if one assumes that the sevenmaker
mutation operates in the range of interaction strengths as given
in Fig. 4 (between two vertical lines), then for very low concen-
trations of the deactivator molecules (less than 10−5M), this muta-
tion (increasing ε from −4 to −1 kBT) will no longer be increas-
ing the enzymatic activity. We speculate that this ability of the
network to selectively affect the efficiency of enzymatic processes
might be an additional level of regulation that can benefit cellular
functioning.

Our theoretical views can be further supported by analyzing
the turnover times as a function of the interaction energies, as
illustrated in Fig. 6. One can see that the effective overall catalytic
rate (inverse turnover times) shows the nonmonotonic behavior for
both the simple MM and the ERK2 regulation pathways. But there
is a range of interaction energies where the increase in the bind-
ing energy lowers the rate of the MM process, while the process
in the ERK2 regulation network can go faster. This is an addi-
tional argument to explain the existence of the gain-of-function
mutations and specifically the effect of the sevenmaker mutation
in ERK2. Even if the mutation lowers the rate along each enzy-
matic pathway (considered separately), it might effectively increase
the overall rate in the complex ERK2 scheme that combines all of
them.

It is also worth mentioning that all our theoretical and
simulation results correspond to the stationary state conditions.
Figures S1–S4 show the results of additional computer simu-
lations starting from the phosphorylated ERK2. As seen from
Fig. S4, the predicted turnover time does not depend on the start-
ing state (ERK2 or ppERK2), as expected for the steady-state
situations.

Because our theoretical approach makes semiquantitative pre-
dictions, it is important to compare them with experimental obser-
vations. However, experimental data on sevenmaker mutations are

FIG. 6. Inverse catalytic turnover times, or the effective overall reaction rates for the
product formation, as a function of the interaction energy for the Michaelis-Menten
scheme (MM, blue) and for the ERK2 scheme (black). Lines are theoretical predic-
tions, and symbols correspond to kinetic Monte Carlo simulations. Error bars show
standard deviations. Concentration of the substrate is S = 10−5M. In the region
between two vertical lines, decrease of interaction energies leads to decrease of
the reaction rate for the simple MM scheme, but for the ERK2 network, it leads to
the increased turnover rate.
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pretty scarce, mostly qualitative, and obtained using very different
techniques and under different experimental conditions. This pre-
vents us from explicitly including them into our analysis. But we
notice that Camps et al.40 found that about one order of magni-
tude higher concentrations of MKP-3 are needed in order to deacti-
vate the mutated ERK2D319N protein variant as compared with the
wild type ERK2. In addition, the decrease of deactivation activity
by other phosphatases (PAC1, MKP-1, and MKP-2, approximately
from 3 to 7 times lower) for mutated ERK2 species was reported
by Chu et al.37 All these observations are consistent with our the-
oretical flux arguments. We suggest that the sevenmaker mutation
lowers the flux through the deactivation branch and this makes the
flux to reach the final product larger, leading to the overall increase
in the enzymatic activity of mutated ERK2 species. Furthermore,
experimental data by Tanoue et al.35 show that the activation of
ERK2 by MEK1 is less sensitive to the sevenmaker mutation: MEK1-
facilitated activation activity of mutated ERK2 is only 0.88 of that for
WT ERK2. However, phosphorylation activity of ERK2 toward sub-
strate MNK1 is strongly affected by the mutation: phosphorylation
activity of mutant ERK2 is estimated of being 0.11 of that of the WT
enzyme. This suggests that all the processes involving ERK2 can be
negatively affected by the sevenmaker mutation to a different degree.
It also means that the overall balance of these effects in vivo is dif-
ficult to explicitly estimate since there are many known activators,
deactivators, and substrates of ERK2,35 and likely many more will be
discovered in the future.

IV. CONCLUSIONS
We developed a kinetic network model to explain the obser-

vations of the increased enzymatic activity in the enzymes with
the sevenmaker mutation and for other similar gain-of-function
mutations in the ERK2 enzymes. Our approach presents a compre-
hensive “semiquantitative” description of the enzymatic properties
of the wild-type and mutated ERK2 regulation systems. First, we
constructed a simplified regulation network for ERK2 by arguing
that it can be viewed as three coupled Michaelis-Menten processes
that describe three main enzymatic processes: activation, deacti-
vation, and phosphorylation. The corresponding kinetic scheme
is then analyzed explicitly using the method of first-passage pro-
cesses to evaluate the enzymatic properties of the system in terms
of the individual transition rates and the binding energy between
the enzyme and the substrates. The obtained analytical results are
also compared with the predictions for the simple Michaelis-Menten
scheme.

It is argued that mutations modify the interaction energies,
and this leads to changes in the enzymatic features of the mutant
ERK2 molecules. Our calculations show that the catalytic proper-
ties of ERK2 differ significantly from the results for the simplest
Michaelis-Menten process. We found a nonmonotonic dependence
of the specificity constant, which is a quantitative measure of the
enzymatic efficiency, as a function of the interaction energy. This
suggests that some mutations might increase the activity of the
enzyme by changing the interaction energies to the values closer
to the observed maximum. The proposed mechanism is also dis-
cussed in terms of the fluxes via different branches of the regula-
tion network, and theoretical calculations generally support it. Thus,
our main conclusion is that the sevenmaker mutation modifies the

binding interaction energy in such way that the deactivation pro-
cess is affected less than the activation processes, leading to the
effective increase in the overall catalytic activity. While the muta-
tion lowers the rate for each enzymatic branch for some interac-
tions’ energies, the overall turnover time might at the same time
decrease, making them catalytically more active. These theoretical
predictions agree with known experimental observations. In addi-
tion, it was suggested that the effect of mutation (positive or nega-
tive) might be affected by the concentration of activator, deactiva-
tor, and substrate molecules that participate in the ERK2 regulation
network.

Our theoretical model provides a consistent chemical descrip-
tion of the possible mechanisms for the gain-of-function muta-
tions in ERK2, giving a fully quantitative measure of mutations,
which can be in principle experimentally measured. However, it
is important to discuss the limitations of the proposed theoreti-
cal method. A weak side of our approach is that a very complex
biochemical network with multiple states and transitions, which
controls the activities of ERK2 enzymes, is simplified into a net-
work with only three coupled Michaelis-Menten processes. It is
also assumed that the reaction constants for activation, deactivation,
and phosphorylation are the same while they might differ signifi-
cantly. In addition, current experiments give only very qualitative
measurements of the increase of enzymatic activities of the mutant
ERK2 molecules. But our hope is that the presented semiquantitative
model will stimulate experimental and theoretical studies that will
test our ideas, thus advancing our understanding on the mechanisms
of functioning of the ERK2 as well as other regulating enzymatic
systems.

SUPPLEMENTARY MATERIAL

See supplementary material for results of additional Monte
Carlo simulations with relaxed parameters of the model as well
as simulations starting from phosphorylated state of ERK2 to
show that results presented here correspond to the stationary
state.
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APPENDIX A: DERIVATION OF BACKWARD MASTER
EQUATIONS

Backward Master Equations (BMEs) are closely related to ordi-
nary chemical kinetic equations and are derived in a similar manner.
We define Fi ,N(t) as a probability for the random walker to reach
the state N for the first time if at t = 0 it started from the state i.
To understand how BMEs are obtained, we consider all first-passage
trajectories that start from the state i and finish in the state N. If
from the state i, the system can go to the states i − 1 and i + 1,
then all trajectories can be divided into 2 groups. The correspond-
ing first-passage probability Fi ,N(t) is related to two first-passage
probabilities, Fi−1,N(t) and Fi+1,N(t). BME for the state i reflects this
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relation by considering the temporal evolution of these probabilities.
In addition, the final state in our system is always State 5, so we omit
N and write just Fi(t) to simplify the notations.

To illustrate, let us take as an example State 0 (Fig. 1 in the main
paper); then, there is only one reaction leading from this state with
the rate constant u to State 1. So the BME for this state is written as

dF0(t)
dt

= uMF1(t) − uMF0(t). (A1)

From the State 1, there are two outgoing reactions with rate con-
stants w and α leading to states 0 and 2, respectively, and so the BME
for this state is given by

dF1(t)
dt

= αF2(t) + wF0(t) − (w + α)F1(t). (A2)

Similar arguments are applied for derivation of BME for all other
states.
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