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Abstract

One of the the current challenge for cell biology is understanding of the system
level cellular behavior from the knowledge of a network of the individual sub-cellular
agents. We address a question of how the model selection affects the predicted dynamic
behavior of a gene network. In particular, for a fixed network structure, we compare
protein-only models with models in which each transcriptional activation is represented
both by mRNA and protein concentrations. We compare linear behavior near equilibria
for both cyclic feedback systems and a general system. We show that, in general,
explicit inclusion of the mRNA in the model weakens the stability of equilibria. We
also study numerically dynamics of a particular gene network and show significant
differences in global dynamics between the two types of models.
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1 Introduction

As the first decade of the post-genomic era draws to a close, many potential benefits of
the human genome project for the medical field are yet to be realized. Knowledge of the
elementary building blocks (genes) is necessary, but not sufficient, for understanding the
function of cells. Additionally, it is necessary to integrate the qualitative knowledge of gene
interaction into a set of workable predictions of cell function. This is a complex task, and a
key role is being played by mathematical and computational modeling.



Experimental observations of gene regulation are often represented by a graph of interac-
tions that describe whether a particular transcription factor up- or down- regulates a target
gene. While this qualitative information is common, quantitative measurements of essen-
tial parameters like binding strengths, transcription and translation rates, and decay rates
are harder to come by. Unlike mathematical models in classical physics, where the models
express a particular physical law and the parameters have clear physical meaning and are
measurable, the models in biology are always an approximation of a more complex, hidden,
physical and chemical reality. Under these conditions, conclusions of any biological model
can be trusted only if the same conclusions can be drawn from multiple models that are
compatible with the available data.

In this situation, model selection is a crucial issue in constructing a model of a gene
regulation network. The first choice is the type of the model. Is it reasonable to consider
a stochastic model of some system behavior, or alternately a deterministic model, which
explicitly tracks chemical concentrations? Deterministic models may also include the spatial,
as well as temporal variation of concentrations. In this paper, we consider a deterministic
model without spatial dependence; particularly a system of ordinary differential equations
modeling the time evolution of chemical concentrations. We then investigate the next choice
facing a modeler: Which chemical species are to be included in the model?

In general, the network of relevant interactions includes both proteins and signaling
molecules. The interactions in the network may include protein-protein interactions, post-
translational modifications like phosphorylation and methylation, and transcriptional regu-
lation, in which a protein up-regulates production of the mRNA for another protein. We
consider networks in which transcriptional regulation is the dominant interaction. In such
a case, should we model both concentrations of protein and mRNA, or is it sufficient to
model the concentrations of the proteins? Both strategies are in use. For example, some
models of somitogenesis, where oscillation of gene expression plays a key role, use only pro-
tein concentration ([2]) and others use both protein and mRNA concentrations ([11], 16]). A
common argument for choosing only the protein concentrations is that mRNA decay rates
are typically an order of magnitude larger than those of the proteins and therefore the time
evolution of the mRNA may not be important. The goal of this paper is to critically examine
this argument in several contexts.

We first analyze loss of stability of an equilibrium via a Hopf bifurcation in negative cyclic
feedback systems, which are a class of systems that often arise in models of biochemical
oscillations ([9, [3]). We show that the addition of mRNA to such a protein network model
can destabilize the equilibrium.

Next we generalize this observation to equilibria of a more general protein network. We
consider a model with a single decay rate for all proteins, a single decay rate for all mRNAs,
and a single rate of protein production. The nonlinear functions that specify production of
mRNA, based on promoter dynamics, are arbitrary. We find that there is always a subset
of complex numbers with negative real part, such that if an eigenvalue of a protein-only
network lies in this area, a corresponding eigenvalue of the model, that also includes mRNA,
has positive real part. This shows that the inclusion of the mRNA may, in general, destabilize
an equilibrium. Interestingly, equilibria with real eigenvalues are more difficult to destabilize
than with eigenvalues with imaginary parts.

Additionally, if the protein production rate is smaller than the mRNA production rate,



there exists another, smaller, region of complex numbers with positive real part, such that
if an eigenvalue of the protein-only model lies here, the corresponding eigenvalues of the
mRNA model have negative real part. Under these unlikely conditions, adding mRNA may
have a stabilizing effect.

Finally, we numerically analyze the global dynamics of a recent model by Yang et.al. [25].
This model has been used to analyze correspondence between a cyclic feedback oscillator (the
repressilator) and a relaxation type oscillator. Yang’s model considers only concentrations
of proteins and a signaling molecule. We compare it to an equivalent model that includes
mRNA concentrations as well. We show that the bifurcation diagram for the protein only
network is qualitatively different from the bifurcation diagram for for the model including
mRNA, and the amplitude profile of oscillations is quantitatively different. Using singular
perturbation theory we study this system in two limits; when protein turnover is much faster
that that of mRNA and when the mRNA turnover is much faster than that of protein. In
both cases there is a slow manifold in the combined model with its slow dynamics mimicking
the dynamics of the protein only network. However, when the mRNA turnover is about
ten times faster than the protein turnover, which is the biologically realistic ratio, there are
significant differences in both local and global dynamics between the protein only model and
the model that also includes mRNA. These results illustrate the main message in this paper;
that conclusions drawn from a network model should be used with caution, and with an
understanding that reasonable changes in the model may lead to different conclusions.

Our work only starts an exploration of the effect of model selection on model-based
predictions of the dynamics of gene regulation systems. We hope our results will contribute to
a more complete theory that can guide modelers in this fast developing area of mathematical
biology.

2 Basic model

We will ask the general question whether, and to what extent, the dynamics of a gene
regulatory network model considering only protein concentrations are the same as those of
an extended model including both mRNA and protein concentrations. For simplicity we
assume that the production of the proteins from mRNA follows a linear ODE [3] 4], and all
the interactions between proteins are mediated through interaction on the gene promoters.
In particular, we want to compare the dynamics of

T = f1($1, cee Jn) —dyzq

T, = f(x1,...,2,) — dpxy (1)



with the dynamics of a more complicated model

T = cay —dizy

v = f1($1;~--7$n) — by

Tn = Cnyn_dnxn

Un = f(@1,... 20) = by

The variables x; represent concentration of the i-th protein and y; the concentrations of the
i-th mRNA. The nonlinearities f; are typically Hill type rational functions, and may be the
result of a more complex model of promoter occupancy ([21] [7, [§]).

We first note that the equilibria of satisfy

filz1,...,x,) = d;x; for all i

while equilibria of satisfy

bi :
filz1, ..., x,) = —d;x; for all 4. (3)
Ci
Since the functions f; are typically sigmoidal, even this small change can lead to different
numbers of equilibria in the system. However, we note that

Lemma 2.1 1. Ifb; = ¢; for all i then (xq,...,2,) is an equilibrium of if, and only
if, (1,21, T2, Ta, . . ., Ty, Tpy) is an equilibrium of the system (9).

2. If (0,0,...,0) is an equilibrium of then it is also an equilibrium of (@, for any
values of b; and c;.

In particular, an assumption of a much faster turnover of mRNA, modeled by assuming
¢; = d; = €, does not automatically lead to comparable equilibria in and .

We will show that even when the equilibria are comparable, their stability can change
dramatically when the model changes from to .

3 Results

3.1 A simple feedback loop

As a first example we study a class of models called cyclic feedback systems. An early syn-
thetic biology construct that produces oscillations in live cells, known as the repressilator [3],
can be modeled as a negative cyclic feedback system. In the repressilator construct, three
transcriptional regulators A;B and C each repress expression of a the next regulator: A re-
presses B, B represses C and C represses A. Ellowitz and Leibler [3] and later Garcia-Ojalvo
et. al. [4] chose to model the repressilator using both the concentrations of proteins (A,B,C)
and the concentrations of the corresponding mRNAs (a,b,c). A model that considers only
protein concentrations is also possible, of course ([25]).
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A cyclic feedback system has the form

o = dayfi(x,) — dizy, (4)
i = aifi(ri) —diw, i=2,....n
where d; > 0,a; > 0 for all ©+ = 1,...,n. In biological models where the variables denote

non-negative concentrations, the functions f; usually include constant terms, which model
background expression of the given protein. Thus the system admits a non-negative equi-
librium. To simplify our discussion we shift the variables in such a way that one of this
equilibria is at the origin. In the new coordinates we assume that the functions f; satisfy
either

df;

dx;_

(x;—1) > 0 for all z; 4 (5)

or a weaker condition

le;lfi(l’z;l) > 0 for all Ti—1 7£ 0. (6)

In the second case we call the system a cyclic feedback system; in the first case a monotone

cyclic feedback system. We can also assume without loss that d;jfil (0) = 1, since a; are

arbitrary.

The constant 6 = 41 determines whether the system is positive or a negative cyclic
feedback system. We note that a more general system where in each equation we can chose
a sign of the interaction 9;, can be put into the form by a simple change of variables [12]
5]. Then the overall feedback sign 6 = 01d2...6, is a product of the individual signs.
In particular, the repressilator is a negative feedback system since the overall feedback is a
product of 3 negative feedbacks A — b, B — c and C' — a, representing regulation of mRNA;
and 3 positive feedbacks a — A,b — B and ¢ — C, representing protein production from
mRNA. Observe that if we chose to model only protein concentrations in the repressilators,
there would be 3 negative feedbacks A — B,B — C and C — A, again resulting in a
negative feedback. Note that the origin is a unique equilibrium in the negative monotone
cyclic feedback system [5].

The variables x; in (4)) describe concentrations of proteins. We now introduce the enlarged
system where for each species we also consider the concentration of mRNA.

= —biyr +dayfi(zn)

T = —dixy + oy (7)
Ui = —biyi+ a;ifi(vi_1) t=2,...,n

T, = —dix; + ¢y, 1=2,...,m.

We see that the basic cyclic structure of the feedback system has not changed and, as in the
repressilator example, the sign of the feedback remains the same.

The dynamics of cyclic feedback systems are known in great detail [13] [5], [6, 14]. Here
we discuss a Hopf bifurcation, which is relevant to emergence of oscillations in biological
systems. The linearization of the system has the form

t=(A—D)x
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where D = diag(dy,...,d,) and A is a matrix where the entries a;,i = 2,...,n lie in the
matrix position (7,7 — 1), and a; in the position (1,7n). The linearization of the system
is a linear system

=W -Q)z

where z = (21, Y1, - . ., Tn, Yn) is a combination of vectors x and y, Q = diag(by, dy,be, ds, ..., by, dy)
and non-zero entries ¢;, a; lie in the same off-diagonal pattern in matrix W, as the pattern
formed by entries a; in the matrix A.

A following sufficient condition for stability of equilibria was proved in [24, 23], see also
(I, 1, 22).

Theorem 3.1 All eigenvalues of the matrix A — D have negative real part, if

aiag . ..,ay 1

didy .. .d, < cos(m/n)" (8)

This condition is necessary, when di = dy = ... d,.

Corollary 3.2 Assume ﬁ > 1. Then if the equilibrium (0,...,0) is stable in @), then

it is stable in . The opposite implication is not true.

Proof.  The condition equivalent to for the larger system reads

aias ...,0nC1 ... Cp 1

didy .. .dp, by, ... by < cos(m/2n)%n

If H > 1 then we have an estimate

aias ..., Gy 14y ..., GpCL ... Cp 1 1

didy...d, ~ didy...dp,by,... by = cos(m/2n)%n = cos(m/n)"’

which verifies the secant condition for (4). The second part of the proof follows from the
fact that the condition is sharp, when the diagonal matrix is a multiple of the identity.
O

Therefore the equilibrium stability condition for the larger system is more restrictive
than the stability condition for the simpler system . Note that the assumption of the
corollary is satisfied, for the negative cyclic feedback system, if the protein production rate
¢; is greater or equal to the mRNA decay rate b;. We conclude that in this case the addition
of mRNA into the model makes the equilibrium less stable.

3.2 Stability of equilibria in a general system

In this section we address the relationship between the stability of equilibria in the more
general systems and . Linearization of at an equilibrium E has the form

&= Ax — Dx (9)



where D = diag(dy,...,d,) and
df
A=—
dz'”®
is the linearization of f at an equilibrium £. Changing system to the larger system ([2)
changes, in general, the equilibrium E to a different equilibrium E. The linearization of (2)
at F is

(10)

t = Cy—Dx
where B = diag(by,...,b,),C = diag(cy,...,c,) and
_ df
A=—|z.
dx

The relationship between E and E, and therefore A and A, depends on the details of the
system. However, under conditions specified in Lemma we have A = A and we can
compare stability of the corresponding equilibria in and . To do so we relate each
eigenvalue z of the problem @ to a pair of eigenvalues A* of the problem (11]).

Theorem 3.3 Consider linear systems (@ and with A = A. Assume that d; = d >
0,0, =b>0 and ¢; = c > 0 for alli. Then there is an open unbounded region U of complex
numbers with negative real part, such that if an eigenvalue z of @ lies in U, then there is a
corresponding pair of eigenvalues of AT such that A= has negative and \* has a positive
real part (see Figure . In addition,

1. When { > 1, the set U meets the real axis in a non-empty set
b
Unte={z+iy| e (- 1)d0).y=0).
c

2. if { =1, then
c(U) N ke = {0}.

3. If § < 1 then there is another, bounded region V' of complex numbers with positive real
part, such that if an eigenvalue z of (@ lies in V', then both corresponding eigenvalues
of At have negative real parts. Furtermore,

b
Vﬂ%’%e:{x—l—z’y]xe(0,(2—1)d),y=0}.

The existence of the set U generalizes the result from the cyclic feedback system in
Corollary 3.2} the addition of mRNA can destabilize equilibria in the model. We note that
in the case when b = ¢ only non-real eigenvalues z lie in U. This means that when b = ¢
and an equilibrium has only real eigenvalues, its stability in @ and is the same. This
clearly does not imply that the number of eigenvalues with positive or negative real part are
the same, since the models have different dimensionality.

When ¢ < b there is an additional small region V' in the positive half of the complex
plane, such that when an eigenvalue z of @ lies in this region, then the addition of mRNA
has a stabilizing effect.



Figure 1: (a) Region U for b = ¢ =1 and d = 4 (dark). If an eigenvalue of the problem (9)
is in U, then one of the corresponding eigenvalues A™ of the problem has a positive real
part. Region V' is empty. (B) Region U (grey) and a region V (red) for b = 2, ¢ = 1 and
d = 4. The region V is bounded and intersects the real axis, while the region U is unbounded
and does not.

3.2.1 Singular limit

In this section we consider a singular limit where the protein turnover is much slower than
that of the mRNA. Note that this assumption implies that both the production and the decay
of proteins is slower than production and decay of mRNA. Since the lifetime of mRNA’s is
on the order of minutes and and the lifetime of proteins can be on the order of hours, the
assumption that the decay rate of proteins is much lower that that of mRNA is justified.
However the rates of production of mRNA and proteins are much closer together, since they
are linked by the process of translation.

The usual way that the faster turnover of mRNA is modeled is to introduce a small
parameter € that multiplies both the protein production and decay terms.

t = €(Cy— Dx)
= Az — DBy. (12)

We replace ¢ — ec and d — ed in the analysis above. In particular we see that the
boundary of the region W; = Wj(e) is formed by the line ed and thus it converges to the
imaginary axis as € — 0. The bound on the set Y = Y (¢) takes the form

(b+ ed)?
(14 cosd)

while the set is X (¢) = Y (¢) — (ed—b)2. Note that the set X (€) does have a limiting parabolic
shape X (0) = Y(0) — b* which has an apex at (0,0) and Y (0) is given by u > 2%.
However, since Re'® € X if, and only if, 4cere’® € W, the lower bound that defines W, goes

to co along any ray, § = const. This not only shows that in the limit ¢ — 0 we recover the
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stability of the system @D, but also that for each fixed € # 0 there is an unbounded region
U(e) in the complex plane where the stability under @D does not agree with stability under
@).

Finally, when b # ¢ as in , the linearization @ of the problem occurs at a
potentially different equilibrium than the linearization of the problem . Our analysis
in the previous paragraph does not address this issue.

3.3 Analysis of a genetic oscillator

In the previous sections we concentrated on the stability of the equilibria and a Hopf bifur-
cation. In this section we will consider the global oscillatory dynamics of a gene network.

In a recent paper [25] the authors analyze a simple network of three molecular species.
Their model is motivated by the desire to study two mechanisms that were identified pre-
viously in conjunction with models of periodic behavior. The negative cyclic feedback we
considered in the section 3.1 can generate oscillations in live cells [3]. An apparently differ-
ent mechanism is driving the cell cycle in early embrios [17, [I8] 19, 20]. This mechanism is
characterized by abrupt transitions, and includes processes occurring on multiple timescales,
reminiscent of a relaxation oscillator. Although these mechanisms are not mutually exclu-
sive, several articles ([4], 10, [15]) have attempted to characterize phenomena as being modeled
by one or the other limit, and have drawn contrasts between them in terms of their response
to noise, and the synchronization behavior of groups of them. In [25] the authors studied a
three species model that is capable of simulating the behavior of both a repressilator and a
relaxation oscillator at different parameter values, and can also show intermediate behaviors.
Their system is described by:

. Qaq
T, = -z
1 1+$g 1
. (03] (6}
Tog = + —x 13
? 1+ay 1427 7 (13)
i (2 )
X = € — X
3 1+ a7 3

When oy << 1 and € = O(1) the system models the cyclic feedback system (repressilator),
while when as = O(1) and € << 1, the system exhibits relaxation oscillations.

Yang et.al [25] provide a detailed bifurcation analysis of this oscillator as a function of
parameters ap and €, when n = 3, ; = 5. In Figure [2la we show the region in this parameter
space where the system exhibits stable oscillations. The upper and lower boundaries
are curves of Hopf bifurcations, while the vertical part of the boundary is a saddle-node
bifurcation on a periodic orbit (SNIC). The two dashed lines on the right are saddle node
bifurcations of equilibria. The model exhibits three equilibria between these lines and one
equllibrium outside of these lines. The boundary piece connecting the upper Hopf curve to
the SNIC curve is a locus of homoclinic bifurcations. For more details on the analysis the
reader is referred to the original paper.

In the model of Yang et.al [25] the first two equations represent protein concentrations
while the third represents a soluble small molecule. With this in mind we would like to
compare the dynamics of to a system where we replace each of the first two equations
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with a pair of equations that model both mRNA and protein concentrations. Our model has
the form:

. an

o= 1T 5 b1y

T = oy —dir

o =7 —(ilxg 3 izxgl ~ et (14)
Ty = ColYs — daz

. aq

3 = e(1+x? — 3).

The variables y; and s represent concentrations of mRNA, and x, o concentrations of
the same proteins as in . Since we would like to compare this model to , we would
like to ensure that it has the “same” equilibria, in the sense of Lemma [2.1. Therefore we
choose the mRNA decay rates by = by = 1, and set all the protein production rates ¢; equal
to the decay rates d;. Additionally, we select n = 3, a3 = 5, to match choices in [25].

A principal argument against needing to explicitly model mRNA dynamics in this way
is the different characteristic time scale of mRNA compared to protien processes. Conse-
quently, we are interested in investigating the effects of using different timescales for these
components. To facilitate this investigation, we add rate parameters R, R,,, which scale the
rates of protein, and mRNA processes respectively. This, combined with the constraints on
the constants b, ¢, d, n, aq, results in the model:

5

n = Ruly—=—u)

1+ a3
T = Rp(yl - xl)
. 5 Q9

= R, — 15

Ty = Rp(y2 — x2)
. 5
S 6(1 + a3 ~ @)

This choice of parameters is somewhat redundant, since we would only need a single
rate scaling parameter to change the relative rates of mRNA and protein processes, but the
use of an extra parameter simplifies the model conceptually. We note that the parameter e
changes the system dynamics by changing the ratio of large molecule rates (i, #2) to the the
small molecule rate 3. When we model the large molecule processes with separate mRNA
and protein steps, the overall rate of this component is determined by the slower of these
two processes. Consequently, when we vary R, and R, the effect of € on system dynamics
is scaled by min(R,, R,,). Using two explicit parameters, as we do here, allows us to vary
the relative rates of protein and mRNA steps, while maintaining a constant rate of the
whole large molecule component, by constraining min(R,, R,,) = 1. This constraint renders
absolute values of € comparable between different tested conditions. This also applies to
comparisons that depend on absolute time, such as oscillation frequency.
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Beginning with the case where protein and mRNA components have similar rates, R, =
R,, = 1, we compare a bifurcation diagram in parameters oy and e of model to the
same diagram for (15). The results are shown in Figure .a and b respectively. While the
boundaries of the diagrams in Figures[2la and [2|b have some similarities, there are important
quantitative and qualitative differences. The most striking qualitative difference is that the
oscillatory region is bounded in € for small s in the protein only model (Figure [2]a), but
seems to be unbounded in model (Figure 2lc). We have observed oscillations all the
way to € = 1000 (data shown only to ¢ = 3). The main quantitative differences notable
in Figure and b are the position of the lower Hopf bifurcation curve (much lower in
Figure b) and lower position of the cusp on the right. Additionally, even where both models
show stable oscillations, the amplitudes of these oscillations sometimes differ substantially
(see Figure a and b, and the description of this figure in the following section).

3.3.1 Fast protein dynamics

We now analyze the situation when R,, =1 and R, >> 1 in model , which corresponds
to protein turnover that is much faster than that of mRNA. Although this case is not
biologically realistic, we consider it because as R, — oo, there is a detailed and well defined
correspondence between the global dynamics of and . As is clear from the argument
below, similar result holds for the more general model . Indeed, writing ( = 1/R, << 1
(and fixing R, = 1) the system becomes

-
B = 1 +$% A1
(1 = Y1 — 11
— > N Q
R S
(Ty = Yo — @
p (—> )
= € — x3).
3 1+£C? 3

Setting ¢ = 0 we obtain a 3-dimensional invariant slow manifold in R given by

M := {(y17$1,y2,$2,$3) | =21, Y= 902}

on which the dynamics is given precisely by the system ((13)).

Our numerical simulations confirm this conclusion. With R, = 2000 protein turnover is
three orders of magnitude faster than that of mRNA, and protein concentrations are strongly
slaved to the mRNA dynamics. In this limit, our model yields the bifurcation diagram shown
in Figure .c, which is essentially identical to the bifurcation diagram of model , shown in
Figure .a. Additionally, the amplitude profile of oscillations in model with R, = 2000
(shown in Figure .a) is visually identical to the corresponding profile of model (this
image is not shown). We note that there is a relatively smooth transition from the behavior
shown in Figure .b to that seen in Figure c as R, scales from 1 to 2000. Significant
differences in the bifurcation structures remain evident for values of R, up to about 400, and
perceptible differences remain up to R, ~ 1500 (data not shown).
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In Figurevve show the oscillatory regions of , including both the bifurcation diagram
(asin Figure and also the amplitudes of oscillations within the oscillatory region, measured
as described in Section This gives a more complete picture of quantitative changes in
system behavior. Figure Bla shows the case R, = 2000, and has visually identical behavior
to the protein-only model ([13|) (we omit the identical plot generated by the simple model,
to conserve space). Figure b shows the case of model with R, = R, = 1. We see
that in addition to changes in the region of stable oscillations, even in areas of the parameter
space where both models show stable oscillation, the quantitative nature of these oscillations
may be quite different. Particularly, for ay < 1,¢ < .5, there are several regions where both
models oscillate, but the oscillation in the protein-only model has much smaller amplitude
than observed in the model that includes mRNA. This region of the parameter space is
potentially quite important to biologically realistic relaxation-type oscillators, and thus this
quantitative difference may be at least as important to real systems as the changes in the
bifurcation structure.

Figure 2: Shaded region in the parameter space exhibits stable oscillations. (a) three dimen-
sional protein only network of Yang et.al [25]; (b) Protein and mRNA system (15)), with
similar protein and mRNA process rates (R, = R,, = 1); (c¢) protein and mRNA system

(15) with very fast protein rates (R, = 2000).

3.3.2 Fast mRNA dynamics

We now consider the more biologically realistic situation when mRNA has faster production
and decay rates than the protein. In this case, we fix R, = 1, and increase R,,. To investigate
the correspondence between the dynamics of and for large R,,, we set 6 = 1/R,,
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and then let 6 = 0. The system then takes the form

5!
0 = 1+x§_y1
T = Y1— 1
5 (0]
0 = 1+x§+1+xi’_y2
Ty = Yo — Tz
. 5
o= 6(1+x§’ ~73),

The slow manifold, parameterized by (z1,zs,x3), is a three dimensional manifold in a five
dimensional space, given by
5 5 Q

= 1+ 23 2= 1+x§+1—|—$§"

(16)

Substituting into the second, fourth and fifth equations yields slow dynamics which
are identical to . The dynamics of the full system (15) with R, = 1 and R,, >> 1 show
a rapid relaxation towards this slow manifold.

We conclude that in both limits of fast protein turnover (R, >> 1 and R,, = 1) and
fast mRNA turnover (R, = 1 and R,, >> 1), the dynamics on the slow manifold are the
dynamics of . However, we now show that for a realistic ratio of protein to mRNA
turnover the dynamics differ significantly from those of .

Figure [3lc and d show the bifurcation structure and oscillation amplitudes for two cases
where R, = 1,R,, > 1. Figure .c is the most biologically realistic case, with R, =
10, mRNA dynamics one order of magnitude faster than protein dynamics. Comparing to
Figure .a (R, = 2000, behavior equivalent to the protein only model), we see significant
differences in the position of the upper Hopf curve, which bounds the oscillatory region
in the direction of increasing e. There are also substantial quantitative differences in the
amplitudes of oscillations at many parameter values within the oscillatory region. Figure[3ld
shows the case of mRNA 2000 times faster than proteins. This is a much higher ratio of
mRNA to protein rate than is found in most real systems. Here, the differences in the shape
of the oscillatory region compared to the simplified model are substantially reduced. Since
the boundaries of this region are mostly determined by Hopf bifurcation curves, which are
computed from linearization at the set of equilibria, it is not surprising that the outlines of
the oscillatory region in Figure[3|d resemble the region in Figure [2la. Even for this very high
ratio of mRNA to protein rates, however, quantitative differences in the oscillation amplitude
profile remain, in contrast to the case R, = 2000.

We want to emphasize that in the case of R,, = 10, which represents a biologically
reasonable assumption that the mRNA turnover is 10 times faster than that of proteins,
there are significant changes in the global dynamics of system ({15 compared to system ({13]).
The argument that the faster turnover of mRNA validates modeling only protein dynamics
is not justified in this case. In the limit of extremely fast mRNA processes, the mRNA and
protein only models are still not equivalent, but might be argued to be sufficiently similar to
justify the approximation. Biologically realistic separation of protein and mRNA timescales
is not nearly sufficient to approach this limit for system ((14)).
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Figure 3: Amplitude of stable oscillations as a function of the parameters. The warmer colors
correspond to larger oscillations. The color scale is the same in all figures: the same color
corresponds to the same amplitude. (a) system with R, = 2000 recapitulates dynamics
of the model of Yang et. al. [25]; (b) system (15)) with R, = R,,, = 1 shows significant
differences in oscillation stability and amplitude (c) system ([15)) with biologically plausible
ratio of mRNA to protein turnover rate R,, = 10 shows significant differences in dynamics
compared to (a) as well; (d) system with very fast mRNA turnover R,,, = 2000 shows a
similar region of stable oscillation to (a), but retains differences in oscillation amplitude, in
spite of the fact that the linear approximations at equilibria are similar to those of .

We conclude that model selection can significantly change both qualitative and quantita-
tive behavior of gene network models and different, reasonable, choices of models can result
in substantially different predictions of behavior. Additionally, in this system we find that
even if the timescale of mRNA processes is ten times faster than that of protein processes,
including mRNA in the model still changes the model’s dynamics, both qualitatively and
quantitatively.
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4 Discussion

As the use of mathematical models of gene regulation becomes more common, the question of
reliability of model predictions is becoming more central. Since many modeling approaches
can be realistically used in any situation, the question of how model prediction depends on
this choice needs to be addressed.

In this work we analyze one such choice. The structure of the gene networks we con-
sider can be represented in the form of a directed signed graph, where connections represent
either up-or down-regulation of the gene corresponding to the target node by the gene corre-
sponding to the source node. This specification leaves many modeling choices still open. In
particular, it does not specify if for each gene both protein and mRNA abundances should
be modeled, or if only protein abundances would suffice. Both of these model types are
routinely used. Leaving aside a (very interesting) question of correspondence between dy-
namics of a deterministic or a stochastic model, we compare dynamics of two ODE systems,
which are both constrained by the same gene network interaction graph with n nodes. The
n-dimensional system that uses one variable per vertex of the graph represents a choice of
modeling protein abundances, while a 2n-dimensional system which uses two variables per
vertex represents a choice to model both mRNA and protein abundances.

We compare the dynamics of these models in three different settings. First we show that,
in cyclic feedback systems, the addition of mRNA can only destabilize an equilibrium. Cyclic
feedback systems are a class of systems that often arise in models of biochemical oscillations
(19, 3])

We then generalize our analysis to equilibria of a more general protein network. We
assume a single decay rate for all proteins, a single decay rate for all mRNAs, and a single
rate of protein production, but allow the nonlinear functions that specify production of
mRNA, based on promoter dynamics to be arbitrary. We find that there is always a subset
of complex numbers with negative real part, such that if an eigenvalue of a protein-only
network lies in this area, a corresponding eigenvalue of the model, that also includes mRNA,
has positive real part. This shows that the inclusion of the mRNA may, in general, destabilize
an equilibrium. In some special circumstances, inclusion of mRNA may also stabilize the
equilibrium, but these cases are not biologically plausible.

Finally, we numerically analyze the global dynamics of a recent gene regulation model by
Yang et.al. [25], which has been used to investigate correspondence between a cyclic feedback
oscillator (the repressilator) and a relaxation type oscillator. Yang’s model considers only
concentrations of proteins and a signaling molecule. We compare it to an equivalent model
that includes mRNA concentrations as well. We show that the bifurcation diagram for the
protein only network is qualitatively different from the bifurcation diagram for for the model
including mRNA, and the amplitude profile of oscillations is quantitatively different.

We conclude that, in general, the addition of mRNA concentrations as separate state
variables can result in qualitative changes to the dynamics of gene network models. In
the specific case of the model from [25], we find significantly altered behavior with the
explicit modeling of mRNA. A common argument for simplifying gene regulation models by
not explicitly tracking mRNA is that mRNA dynamics are often much faster than protein
dynamics. We find that, although in the limit of a very large separation of timescales between
the protein and mRNA processes, this is a valid argument, for biologically probable values
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of this separation, significant differences remain. Effective models of biological processes will
need to include some simplification, given the very large number of possible components to
track in a real biological system. We find, however, that a reasonable choice of simplification
can result in a model with different behaviors. We thus suggest that caution will be needed
when choosing how a model should be simplified.

Our work is only a first step in what we hope will be an important line of research
that aims to rigorously compare dynamics of different models, all of which are compatible
with a given structural constraint. In our case the structural constraint is the signed graph
of interaction between genes or, more generally, species. An obvious next steps would be
to include the effect of a transcriptional and translational delay into an ODE model and
investigate the dynamics of an ODE model and an ODE model with delays, or compare
stochastic and deterministic dynamics with the same structure. While partial results exist
in both of these areas, a number of questions remain open.

5 Appendix

5.1 Proof of Theorem (3.3

We start by comparing the roots of the characteristic polynomial of @
det(A—D — X)) =11, (A — 2) (17)

with the characteristic polynomial of

detQ::det[_D_)\I ¢ ]

A —B -\
If we multiply the n+{ column of Q by % and add it to the {th column of Q for [ =1,...,n
then the determinant in does not change and we get

(19)

detQ:det{ U ¢ }

A= (B+A)CHD+N) —B— A

Now we multiply the [ row of the above matrix by % and add it to the n + [th row for
l=1,...,n. After this operation

0 C
det Q = det [ A= (B+A)C-YD+AT) 0 }
By exchanging the first n and second n rows we finally get

det O = (—1)" det [ A—(B+ANC YD+ ) 0 }

0 C
= (=1)"det C det (A — (B+ \)C~(D + \)). (20)

Up to this point our argument is general and allows arbitrary diagonal matrices B,
and D. To make further progress we assume that each of the diagonal matrices is constant.
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That is, we assume D = dI, B = bl and C = cI, where [ is the identity matrix. We denote
the eigenvalues of matrix A by pui,...,u,. Then the eigenvalues zi,..., 2z, of the smaller

problem are related to the pu; by

pi =z +d

It follows from the equation that the eigenvalues of @ satisfy det(A — ul) = 0 where
the constant

o db+ (d+D)A+ N
- :

u

Therefore the eigenvalues come in pairs )\f, where for each 7 they are related to eigenvalues
W1y pn of A by

db+ (d+ D)+ N

c

Hi

or

The solutions are

A= %(—(d+ b) + /(d =5 + djuc).

We note that the sets U and V described in the Theorem [3.3] can be obtained from the
following two sets:

a. Wy :={u € C| the real part of z = u — d is negative},

b. W, := {u € C| the real part of at least one of A* = L(—(d+b)++/(d — b)? + 4uc) is positive. }

Let W := W, N W, and Z := Int (W, N W), where the bar denotes the complement of
a set in the complex plane, and Int is the interior of a set. It follows that the set Z is the
set of those p where the real part of z = 1 — d is positive and the real parts of both A* are
negative. With these definitions the sets

U=W—d, andV=2-d

are translations of the sets W and Z respectively.
The set W, has a very simple shape - it is a half-plane in a complex plane of the form
Re(p) < d. We now investigate the set W,. We first observe that

%e(%(—(d +0) + /A= b + djuc)) > 0

is equivalent to

d+b < +Re(\/(d — b)? + 4uc). (21)

We write .
= re'? (22)
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and set A '
ue = (d — b)® + dep = (d — b)* + 4ere™. (23)

Then the square root on the right hand side has two solutions
wy = Vue®?  and  wy = Jue??t.

Taking the real part on the right hand side of the equation (21)) we see that the inequality
is equivalent to

d+b<+ucosf/2 or d+b<+/ucos(0/2+m). (24)

If we define the angle 6 in to be —m < 0 < 7, then for /2 we have —7/2 < 0/2 < 7 /2.
This implies that cos#/2 > 0 and cos(6/24 ) < 0 and the second inequality in is never
satisfied.

Therefore the region Y is bounded by the curve

b+d
Vi> —t

7r 7r
— h ——=<#0/2< —. 2
cos(6/2)’ where mo = b/2 < 2 (25)

We now express this inequality in terms of v and 6, rather than y/u and 6/2. Since cos /2 > 0
in the range of possible /2, the inequality is equivalent to cos?(6/2) > Crd® e

u

multiply by 2, subtract 1 from both sides and use the double angle formula to get

2
cosf > 2M -1,
u
which yields
b+ d)?
u>2