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One of the important goals of biology is to understand the rela-
tionship between DNA sequence information and nonlinear cellular
responses. This relationship is central to the ability to effectively
engineer cellular phenotypes, pathways, and characteristics. Expres-
sion arrays for monitoring total gene expression based on mRNA
can provide quantitative insight into which gene or genes are on or
off; but this information is insufficient to fully predict dynamic
biological phenomena. Using nonlinear stability analysis we show
that a combination of gene expression information at the message
level and at the protein level is required to describe even simple
models of gene networks. To help illustrate the need for such infor-
mation we consider a mechanistic model for circadian rhythmicity
which shows agreement with experimental observations when protein
and mRNA information are included and we propose a framework
for acquiring and analyzing experimental and mathematically
derived information about gene networks.  © 1999 Academic Press

Key Words : proteome; microarray; circadian rhythms; functional
genomics.

INTRODUCTION

A common challenge in the life sciences is to relate
genome sequence information to nonlinear cellular pheno-
types. The sequencing of complete genomes has enabled the
use of new technologies to simultaneously identify and
quantify the expression of every gene in the genome or sets
of genes by hybridization on a solid surface (Winzeler et al.,
1998; Lockhart et al., 1996; Schena et al., 1995). An impor-
tant motivation for the development of microarray technol-
ogy to quantify mRNA levels is the expectation that by
comparing complex quantitative gene expression patterns,
one will be able to decipher the regulatory wiring of the
genetic networks responsible for various observed pheno-
types including developmental stages and disease (Loomis
and Sternberg, 1995). Implicit in this assertion is that
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responses at the mRNA level reflect the response at the
protein level, i.e., that there is a one-to-one correspondence
of protein to mRNA. The enormous amount of data generated
from these studies requires mathematical treatment and
processing to cull important information and to draw
meaningful conclusions. For example, statistical analysis of
gene expression information is currently used to cluster
genes that share regulatory properties (Michaels et al.,
1998). However, the use of these methods to identify
“coregulated” genes does not lead directly to conclusions
about the regulatory wiring. Further, it does not make full
use of the laboriously derived information about the quan-
titative levels of the mRNA expression (Schena et al., 1995).

In this paper we test the proposition whether gene expres-
sion data (mRNA or protein) is sufficient to elucidate the
relationship between genome sequence, gene regulation and
cellular dynamics. Two different mathematical modeling
methods for genetic networks (Boolean and continuous) are
studied and compared for their ability to predict physiologi-
cal phenomena. In contrast to the continuous approach, the
Boolean approach (Kauffman, 1993) involves assumptions
that ignore observed biological processes such as different
rates of transcription of different genes and variability in
mRNA stability (Carrier and Keasling, 1997). Therefore, we
conclude that a continuous approach is more appropriate
for understanding how the genes of the genome interact.
Nonlinear stability analysis of continuous models proves
that gene expression information at both the message and
protein levels is required to understand gene networks.
Therefore, gene regulation studies based on expression
information obtained using either microarray technology
(for mRNA levels) or proteomics technology alone involves
incomplete information which can lead to incorrect conclu-
sions about which genes are important to a particular
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phenotype. However, the dynamic profiling of gene expres-
sion patterns is clearly critical to understanding a wide
variety of biological phenomenon such as stress responses,
pharmacologic responses, and metabolic shifts based on
growth on different substrates.

TWO MODELING APPROACHES: BOOLEAN
AND CONTINUOUS

Consider a simple genetic network consisting of two
genes, X and Y. We assume that the product of gene X (an
mRNA or a protein made in direct proportion to that
mRNA) induces the expression of gene Y, whose product
(mRNA or corresponding protein) represses the expression
of gene X (Fig.1A). Such a system has recently been
hypothesized to describe the induction/repression wiring of
two classes of genes as the genetic origin of circadian
rhythms (Crosthwaite et al, 1997; Somers et al., 1998;
Thresher et al., 1998). Boolean modeling of this type of
system suggests that the unique steady state of the system
will exhibit oscillatory behavior (Fig. 1B) which corre-
sponds to biologically relevant situations (e.g., circadian
rhythms). Moreover, such dynamic behavior is consistent
with the conceptual understanding of the system.

This simple example highlights the main advantage of
Boolean modeling. Boolean models are based on logical
rules and this framework is consistent with human conceptual
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FIG. 1. A genetic network consisting of two genes, X and Y. (A) The
molecular model where the product of gene X induces the expression of
gene Y, and the product of gene Y represses the expression of gene X. (B)
State-transition table for the Boolean model of the genetic network.
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modeling which is also based on logic (Popper, 1992).
Moreover, the low computational complexity of Boolean
models makes them attractive for large genetic networks.
For these reasons, the Boolean modeling approach is used
to describe a number of different phenomena including the
metazoan genome, the lactose operon, and predator—prey
systems (Thomas, 1979, pp. 30-60, 352-402, and 502-507).
A hybrid approach that is based on Boolean logic and
includes time delays has been developed for lambda phage
infection (McAdams and Shapiro, 1995).

Unfortunately, the Boolean modeling approach suffers
from a number of limitations. Information about gene
expression levels is not included when genes are modeled as
simply on or off. Thus, Boolean modeling fails to capture
the physics of the problem. For example, it does not
consider mRNA degradation; thus, phenomena such as
RNA stability are not included. Furthermore, the discrete,
equally spaced time-steps ignore differences in transcription
rates expected from differing gene sequence lengths or dif-
ferences in transcription efficiency. The availability of
a Boolean model for a genetic network does provide an
approximate in silico system for hypothesis testing, re-
designing genetic regulatory networks, knock-out studies,
and steady-state analyses. However, the lack of quantifica-
tion and of continuity in time does not permit the inter-
pretation of, and guidance for, effective studies on dynamic
systems including exogenously controlled gene expression,
drug dosage studies, and gene therapy strategies. Finally, it
has been shown that the application of reverse engineering
algorithms based on a Boolean modeling framework (Liang
et al, 1998) could potentially lead to the identification
of ambiguous multiple candidate regulatory structures
governing a genetic circuit. For example, the same gene
might be identified as an inducer in one structure and as a
repressor in another.

An alternate approach, that circumvents some of the
limitations inherent in Boolean modeling, is the formulation
of continuous models (Neidhart and Savageau, 1996).
Using the same physical description given in Fig. 1A, and
given that available information is typically in the form of
gene expression, a first attempt to formulate a continuous
model will include two dynamic mass balance equations—
one for each gene
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where ¢ is time and V, and V, indicate synthesis and

degradation rates, respectively, of the corresponding gene
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expression products (mRNA) indicated in the superscript.
We make three further assumptions:

(AI) the degradation rates are monotonically
increasing functions of the concentration of the corre-
sponding mRNAs (V3 (X)/0X>0, oV }Y(Y)/0Y>0) with
VE¥(X=0)=0and VY (Y=0)=0,

(AIT) the synthesis rate of X is a monotonically
decreasing function of Y(0V¥(Y)/0Y <0) with VX(Y)>0
for Y >0 due to repression, and

(AIIl) the synthesis rate of Y is a monotonically
increasing function of X(0VY(X)/0X>0) with V}Y(X=0)
=0 due to induction.

From the above assumptions and from null-cline analysis
(Murray, 1993), the system (Eq. (1)) possesses a unique
steady state. For the Jacobian matrix of system (1), the
trace (Tr=— (V3 (X)/0X)—(0V}Y(Y)/0Y)) will always
be negative and the determinant (Det= (V] (X)/0X)
(OVEI(Y)0Y)—(0VE(Y)aY) oV} (X)/0X)) will always be
positive. Therefore, from linear stability analysis (Wiggins,
1990), the unique steady state of the system will always be
a stable node or it will be a stable focus. Moreover, the
existence of a unique steady-state solution in the two-
dimensional domain of nonnegative values for X and Y
means, according to the Poincaré—Bendixson theorem
(Wiggins, 1990), that there will be no stable or unstable
limit cycle solution. The above mathematical considerations
imply that, under the assumptions (AI)-(AIIl), any steady-
state solution of system (1), independent of the rate expres-
sions, will always be asymptotically stable. Therefore, this
system cannot describe oscillatory behavior in contrast to
the corresponding Boolean model (Fig. IB) and to an
intuitive understanding of the system. Thus, this approach
appears to fail to describe real biological phenomena.

The only conditions under which the continuous model
will always display oscillatory behavior are the ones that
assume an absence of degradation or that the degradation is
independent of the concentration of mRNAs. Under these
assumptions the trace of the Jacobian matrix of system (1)
is zero and the determinant is positive. Therefore the unique
steady state is unstable and, according to the Poincaré—
Bendixson theorem, a limit cycle (periodic solution) exists.
However, as discussed above, degradation is an important
biochemical phenomenon associated with mRNA stability
and cannot be ignored. The inactivation and degradation of
mRNAs are enzymatically catalyzed processes where mRINAs
act as substrates for exonucleases and endonucleases (Belasco
and Brawerman, 1993). Therefore, these processes depend
on the concentration of mRNAs. Moreover, the observation
that mRNA stability is inversely correlated with the RNA
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polymerase elongation rate further supports the assumption
of a monotonic decrease of degradation rate as mRNA
concentration increases (Chow and Dennis, 1994; Iost and
Dreyfus, 1995; Makarova et al., 1995).

The above considerations suggest that the Boolean model

predictions are inconsistent with the continuous model
predictions. On the other hand it has been shown (Tyson
and Othmer, 1978) for the continuous model of the network
of N species presented in Fig. 2A, where each species i
induces the formation of species i + 1 and species N represses
the formation of species 1, and where each species is degraded
with a rate that depends on its concentration, that there
exist kinetic parameters that can result in oscillatory
behavior only when N > 3. This proof is relevant because in
the simple genetic network depicted in Fig. 1A, we have
ignored the process of translation that is responsible for
gene product synthesis. The molecular model that includes
translation and is associated with the 2-gene system is
shown in Fig. 2B. The system is exactly the same as the one
in Fig. 2A with N =4. For this system there exist kinetic
parameters that can lead to oscillations without the need to
omit degradation processes. This observation suggests that
to study and analyze genetic networks using continuous
models, that information about both mRNA and protein
expression profiles is required.
The reason that the first continuous model (1) fails to
capture the potential oscillatory behavior of the system is
the silent assumption about the time scales governing
protein synthesis and transcription. Consider the dynamic
mass balances for the system depicted in Fig. 2B written as
follows

dX,

Ziz{NA = V;Y( Yprotein) - Vg(XmRNA)

dX o

%tem = U?,(XmRNA) - Ug(Xprotein)

dy, @)
ZijNA = Vz(Xprotein) - V;,( YmRNA)

dY o

%tem = U.{( YmRNA) - Ug( Yprotein)a

where the subscripts “s” and “d” denote synthesis and
degradation rates respectively, and ¥ and U denote rates
associated with mRNAs and proteins, respectively. All the
rate expressions are monotonically increasing functions of
the species indicated in the parentheses, except the synthesis
rate of X rna Which is monotonically decreasing function
Of Y protein Which acts as repressor. It has been shown that
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FIG. 2. (A) A network consisting of N chemical species where the ith
species is activating the synthesis of the (i+ 1)th species, and the Nth
species inhibits production of the first species. (B) A network consisting of
two mRNAs and their corresponding proteins with the same interactions
as in the system shown in (A).

a system with this type of stoichiometry and regulatory
structure yields oscillatory solutions (Tyson and Othmer,
1978).

If we assume that the time scale for the protein net-
synthesis rate (including translocation and post-transla-
tional modifications) is much smaller than the time scale for
the mRNA net-synthesis rate, the protein concentrations
are monotonically increasing functions of their correspond-
ing mRNA concentrations at any time. Mathematically,

dX rotein
27;: U,s((XmRNA) - U?{,(Xprotein) = O =
Xprotein = (p(XmRNA)
3)
dY rotein (
27; = U‘Y( YmRNA) - Uj'j( Yprotein) = 0 =

Yprotcin = ‘//( YmRNA)ﬂ

where ¢ and iy are monotonically increasing functions due
to the monotonicity assumed for the corresponding rates.
These assumptions leads to the following dynamic model
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dX,
%NA = Vi(( Yprotcin) - V;Y(XmRNA) =
dax.,
= VI Y wrna)) = Vi (Xmia)
4)
dy,
% = V,YY(Xprotein) - Vzli/( YmRNA) =

day,,
T:NA: V.vy((p(XmRNA)) - V;( Yirna)

which is exactly equivalent to system (1). Therefore, system
(4) cannot predict oscillatory behavior, contrary to system
(2). Thus one cannot assume that the net rate for protein
synthesis is much smaller than that for mRNA translation.
In E. coli for example, transcription occurs at 45 nt/s and
translation occurs at 16 codons per second (48 nt/s) (Bremer
and Dennis, 1987) which means that the rates are of the
same order of magnitude. Therefore, genome-wide models
that attempt to study the dynamic responses of genetic
networks must include the description of the translation
processes.

MODELS FOR CIRCADIAN RHYTHMICITY

Consider the proposed basis for circadian rhythms
(reviewed in Dunlap, 1998). Experimental evidence suggests
that circadian rhythmicity is based in the action of two types
of genes and gene products (Antoch et al., 1997; Barinaga,
1997; Crosthwaite et al., 1997; So and Rosbash, 1997; Suri
et al, 1999). The first type of gene (proposed examples
include WC-2 in Neurospora and CLOCK in Drosophila) is
an activator which is able to “turn on” genes that make
proteins required for proper rhythmic function. The second
type of gene (examples include FRQ in Neurospora and
period and timeless in Drosophila) acts as a negative feed-
back step. These interactions fit the mechanistic depiction
given in Fig. 2B (see, Dunlap, 1998) where the X species is
the positive regulator and the Y species is the negative
regulator. The relative roles of the molecules have been
elucidated primarily based on genetic screens, mRNA data
or qualitative protein expression information. It is well-
accepted that the amount of mRNA (Y, .xna) and protein
(Y protein)» corresponding to the negative-regulating compo-
nent, oscillates in time such that the level of mRNA peaks
well before the level of expressed protein (So and Rosbash,
1997). Experimental observations in Drosophila also suggest
light acts to reset the clock and shorten the period by
destabilizing PER (Dunlap, 1998). Other studies (Hardin et
al. 1992) have shown that per mRNA fluctuations parallel
per gene transcription and that the stabilization of per
mRNA levels (in addition to transcriptional control) is an
important contributor to observed fluctuations in per mRNA
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levels (Suri et al., 1999). Indeed, peak values of per mRNA
are significantly lower in mutant per strains than in wild-
type strains (So and Rosbash, 1997).

A mathematical description corresponding to Fig. 2B has
been developed using standard kinetics to describe the
circadian oscillator of Drosophila (Hill et al., 1999). Param-
eter values were obtained which result in oscillations for the
above system. The timing of transcription and translation
are consistent with the experimentally observed circadian
events—we observe a peak in Y rna prior to a peak in
Y protein €ONcentration (So and Rosbash, 1997). The time
distribution of the various events, the mRNA and protein
levels, and the period of the oscillations can be adjusted by
appropriate changes of the parameters. This is one of the
features of a continuous model which is not available in
Boolean models.

The development of this mechanistic model permits the
identification of which parameter changes simulate experi-
mentally observed phenomena. Accordingly, we have
simulated light-induction of the mechanism by decreasing
the transcriptional efficiency of gene X (X, ,rna) by a factor
of two (Fig.3B). This change results in a decrease in
circadian period (as measured by peaks in Y, in) from
31.9 to 19.5—a decrease of 64%. These observations are
consistent with experimentally observed phenomenon
(Dunlap, 1998). Furthermore, we show that a decrease in
X.rna transcription results in a decrease in peak levels of
Xorna, also consistent with experimentally observed
phenomena (So and Rosbash, 1997).

The predictions of this simple model also agree with an
earlier model for circadian rhythmicity proposed by Scheper
et al. (1999). The earlier model predicts a decrease in period
as the X, ,rna degradation rate is increased or as the X, gna
transcription rate is increased. In contrast to the earlier
model, we do not include “time delays” to achieve observa-
tions consistent with experimental observations. The main
difference between these models, and the reason time delays
are not needed to observe oscillations in this work, is our
use of a four component system that includes information
on mRNA and protein for both gene products (the activator
and the negative regulator). Building on this work, we can
include quantitative and dynamic information on both
mRNA and protein expression levels. Information about
transcriptional control, mRNA stability and protein—
protein interactions have proven to be critical in the proper
functioning of the circadian rhythm generator (Antoch et
al., 1997; Crosthwaite et al., 1997; Dunlap, 1998). Indeed, it
has been suggested (Suri et al., 1999) that part of the under-
lying biochemical mechanism may even involve control
over the rate of Y, zna degradation rate; therefore, dynami-
cal analysis of mRNA profiles would provide necessary
information for complete elucidation of this gene network.
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FIG. 3. (A) Oscillations in relative concentrations of components
from the mechanism in Fig. 2B for circadian rhythms. (B) Oscillations in
relative concentrations where the transcriptional efficiency X,,nra has been
doubled relative to (A). Other values were kept the same.

DISCUSSION

The statistical analysis of mRNA profiles and protein
profiles provides information for tentative clustering of
related genes and gene products via database mining techni-
ques. DNA sequence information promotes further ordering
of genes according to similar upstream regulatory sequen-
ces. It should be noted that the ability to efficiently process
information from existing databases already poses limita-
tions on the throughput for analyses and new algorithms
and technologies are required for full genome-scale analysis.
The formulation and qualitative analysis of Boolean net-
works can suggest multiple candidate gene network structures
based on possible steady-states; however, thermodynamic
and kinetic data together with quantitative mRNA and
protein information is required to constract nonlinear
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mechanistic kinetic models of gene and protein networks
(Hatzimanikatis et al, 1999). Despite the onslaught of
basic biological information, a foreboding problem is the
lack of detailed experimental information which can be
caused by: limited system knowledge (e.g., what are all of
the relevant components?), limiting technology (e.g.,
inability to access information about insoluble protein
fractions), poor experimental design, or human error. Thus,
a detailed analysis of gene networks and emergent bio-
logical properties of such networks (Bhalla and Iyengar,
1999) awaits complete information about mRNA and
protein information.

The implications of these results are critical to the
ongoing transformation of biology from a qualitative
descriptive science into a quantitative mechanistic science
(Koshland, 1998; Maddox, 1994). These results prove in a
rigorous way, that a paradigm shift (from qualitative to
quantitative) is not only a possibility, but a requirement for
biology to evolve. Efforts to develop mathematical descrip-
tions which investigate the regulation of genetic circuits
based on quantitative mRNA expression levels alone
(DeRisi et al., 1997), neglect critical information. The
combination of data from mRNA expression levels and
their protein counterparts for the study of gene expression
are required to develop continuous mathematical descrip-
tion of gene networks and to apply these descriptions
toward the identification of the regulatory wiring and the
understanding of biological phenomena. The need for such
a combination is highlighted by observations with yeast, in
particular, where the quantitative expression level of many
genes as measured by mRNA analysis is significantly
different than that measured with a proteomics strategy
(Gygi et al, 1999). Thus, a greater emphasis should be
placed on developing quantitative proteome analytical
technology consistent with ongoing efforts in microarray
technology.
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