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Abstract

In order to predict cell behavior in response to changes in its surroundings or to modifications of its genetic code, the dynamics of a cell
are modeled using equations of metabolism, transport, transcription and translation implemented in the Karyote software. Our methodology
accounts for the organelles of eukaryotes and the specialized zones in prokaryotes by dividing the volume of the cell into discrete compartments.
Each compartment exchanges mass with others either through membrane transport or with a time delay effect associated with molecular
migration. Metabolic and macromolecular reactions take place in user-specified compartments. Coupling among processes are accounted for
and multiple scale techniques allow for the computation of processes that occur on a wide range of time scales. Our model is implemented
to simulate the evolution of concentrations for a user-specifiable set of molecules and reactions that participate in cellular activity. The
underlying equations integrate metabolic, transcription and translation reaction networks and provide a framework for simulating whole cells
given a user-specified set of reactions. A rate equation formulation is used to simulate transcription from an input DNA sequence while the
resulting mRNA is used via ribosome-mediated polymerization kinetics to accomplish translation. Feedback associated with the creation of
species necessary for metabolism by the mRNA and protein synthesis modifies the rates of production of factors (e.g. nucleotides and amino
acids) that affect the dynamics of transcription and translation. The concentrations of predicted proteins are compared with time series or
steady state experiments. The expression and sequence of the predicted proteins are compared with experimental data via the construction of
synthetic tryptic digests and associated mass spectra. We present the mathematical model showing the coupling of transcription, translation
and metabolism in Karyote and illustrate some of its unique characteristics.
© 2003 Elsevier Ltd. All rights reserved.
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1. Introduction

A model for predicting the response of a cell to changes
in host medium (e.g. pH, salinity, and concentrations of oxy-
gen, nutrients and waste products) or to modifications of
its genetic code (e.g. gene deletion and mutation) is pre-
sented. While many individual cellular processes have been
investigated, the coupling among them must be accounted
for in order to understand the interplay among them and
the associated nonlinear dynamics. Nonlinear phenomena
including multiple steady states, periodic or chaotic tempo-
ral evolution and self-organization can be supported by the
dynamical cellular system since the rate laws are nonlin-
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ear in the descriptive variables and the system is maintained
far from equilibrium. A classic example of such behavior
is the metabolic temporal oscillation that arises through the
coupling of biochemical reactions (Field and Burger, 1985;
Goldbeter, 1996; Hess and Boiteux, 1973). In order to cap-
ture such phenomenon a cell model must be fully dynami-
cal (e.g. not limited to steady state behavior). The growing
availability of genomic, proteomic, biochemical and other
data have facilitated the progress in cell modeling.

In our approach, the cell is understood in terms of a phys-
ical chemical model that includes a wide range of processes.
Our model simulates the dynamics of a cell by dividing
its volume into discrete compartments representing the or-
ganelles in eukaryotes and specialized zones in prokaryotes.
Each compartment is assigned a set of geometric variables
to describe their connectivity, size and transport parameters
for the exchange of molecules between compartments and
with the host medium. Linear, nonlinear, passive and active

1476-9271/$ – see front matter © 2003 Elsevier Ltd. All rights reserved.
doi:10.1016/j.compbiolchem.2003.08.002



470 E.L. Weitzke, P.J. Ortoleva / Computational Biology and Chemistry 27 (2003) 469–480

processes can be used to describe the exchange of molecules
between compartments and with the surroundings. Within
each compartment, metabolic and macromolecular reactions
take place as defined by the user. This provides an integra-
tion of compartment localized and inter-compartmentalized
processes. All of the equations that underlie our model are
coupled through non-linearities that describe the creation,
annihilation, and exchange of species involved so as to cap-
ture key processes of a cell, notably transcription, transla-
tion and metabolic reactions. Our model accounts for the
wide separation of time scales common in cellular activ-
ity through multiple time scale techniques (Ortoleva, 1992;
Ortoleva and Ross, 1975). We allow for a user-specified set
of fast (equilibrated and steady state) and slow (finite rate) re-
action stoichiometries. The algebra of the elimination of the
fast reactions is automated, and mass balance discrepancies
encountered by the inconsistent application of steady state
or Michaelis–Menton rate laws is avoided (seeSection 2.1).
Due to the hierarchical structure of our implementation (i.e.
one may have compartment within compartment), Karyote
can also be used to simulate tissues and other multi-cellular
systems.

One of the unique features of our implementation is that
gene sequence data is used as input. Through the input gene
sequence, the dynamics of the pool of nucleotides and amino
acids is controlled by the rate of the specific sequential ad-
dition to the elongating mRNAs and proteins (Fig. 1). Thus
the rate of transcription and translation is controlled by the
kinetics of nucleotide and amino acid formation through
metabolic reactions. The reciprocal relation between tran-
scription and translation with nucleotide and amino acid pro-
duction and availability is accounted for. For convenience,
polypeptides resulting from translation are denoted proteins,
as post-translational modifications have not been accounted
for yet.

The development of cell models dates back to the 1950s
(Progogine and Lefever, 1968; Rashevsky, 1960; Turing,
1952). Recent developments in computational science and
the availability of mass quantities of experimental data have
triggered the development of many cell models, though we
only list a few (Arkin, 1998; Bartol et al., 1997, 2001; Hines,
1989; Hucka et al., 2003; Loew and Schaff, 2001;
Mannella et al., 2001; Mendes, 1993, 1997; Mendes and
Kell, 1998, 2001; Mendes et al., 2001; Sauro, 1993; Sauro
et al., 1994; Schaff and Loew, 1999; Schaff et al., 2000,
2001a,b; Slepchenko et al., 2002; Tomita, 2001; Tomita
et al., 1999, 2000; Wilson and Bower, 1991). A variety
of authors have investigated the influence of fluctuations
in biochemical dynamics (Frith and Bray, 2000; Gillespie,
1976, 1977; Larter and Ortoleva, 1981, 1982; LeNovere
and Shimizu, 2001; McAdams and Arkin, 1997; Shimizu
and Bray, 2001), an important issue in some phenomenon
wherein the number of molecules (e.g. certain enzymes) is
small so that macroscopic rate laws do not apply.

The parameters used in the model are calibrated using a
variety of types of experimental data. A representative sub-

Fig. 1. A brief schematic diagram of the processes implemented in Kary-
ote. Once the initial data are read in, the matrix equation (see meth-
ods section) is constructed. The metabolic and genetic subroutines solve
for concentrations of metabolites, transcription species (enzymes, DNA)
and translation species (mRNA, proteins, ribosomes). These two subrou-
tines are coupled in that the metabolism routine creates nucleotides/amino
acids, which are in turn used to construct mRNA/proteins. Also enzymes
are produced and assembled which are necessary for certain reactions in
metabolism. For each time step, all species concentrations are updated
which take into account their use or production in all subroutines. Once
proteins are made, we, for testing purposes, allow trypsin to act on the
nascent protein to produce a synthetic mass spectrum.

set of our input data is seen inTable 1. As the model ac-
counts for a broad range of reaction and transport processes,
Karyote can predict a full array of measurable parameters

Table 1
Representative subset of input data used to run Karyote

Input data

Each compartment’s volume, area and connectivity to other
compartments

Total number of species
Number of fast (majority/minority designations) and slow reactions
Sequence for each gene
Promotor/terminator sequences for each gene
Ribosome Binding Site (RBS)/termination sequence for each gene
Stoichiometric matrix for fast/slow reactions
Initial concentrations of all species
Composition of host medium
Membrane transport parameters
Rate constants for slow and fast reactions
Equilibrium constants (fast/slow)
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that can be used for calibration and testing. Advances in cell
modeling are facilitated through a methodology for calibrat-
ing the many physical and chemical rate and equilibrium
parameters and accessing the uncertainties in these values.
To do so requires an automated procedure such as that based
on information theory as discussed inSayyed-Ahmad et al.
(2003).

2. Methods

There are two general classes of processes accounted for
in our model. One class includes metabolic cycles and the
exchange of molecules between compartments and with the
cell’s surroundings. The other includes mRNA and protein
synthesis. These two classes are coupled through the pro-
duction of nucleotides and amino acids in metabolic cy-
cles (consumed through transcription and translation respec-
tively) and the control of metabolite flux by the enzymes
created from the products of translation.

2.1. Compartmentalized reaction-transport metabolic
model

In our model, the cell is divided intoNc compartments
labeledp = 1, 2,. . . Nc. In compartmentp there are molecu-
lar speciesj = 1, 2,. . . , N described by their concentrations
c
p
j (t). Conservation of mass implies

Vp
dc

p
j

dt
=

Nc∑

p′ �=p

Ap′pJ
p′p,m
j + VpR

p,slow
j

+ Vp

Nf∑

k = 1

νfast
jk

W
p,fast
k

ε
(1)

whereVp is the volume of compartmentp, c
p
j is the con-

centration of speciesj in compartmentp, Ap′p is the area of
membrane separating compartmentsp′ andp, J

p′p,m
j is the

net membrane flux of speciesj from compartmentp′ to p,
R

p,slow
j is the net reaction rate for slow reactions affecting

speciesj in compartmentp, νfast
jk is the stoichiometric coef-

ficient for fast reactionk affecting speciesj (assumed same
for all compartments),Wp,fast

k is the net rate of thekth fast
reaction in compartmentp, andε is the ratio of the short to
the long characteristic time.

Bio-chemical reactions proceed on a wide range of
time-scales. By definition, the time scales of the fast reac-
tions can be many orders of magnitude smaller than those of
the slow ones. Therefore, it is difficult to simulate the evo-
lution of a cell on the time scales of interest (e.g. those of
slow processes). Our multiple time scale approach is based
on modifyingEq. (1)to project the sets of fast reactions on
the slow manifold such that the differential equations can
be solved on the time scales of interest (Ortoleva, 1992,
1994). Thus, for practical and conceptual reasons we di-

vide reactions into a fast and a slow group. For example,
consider the reactions

E + S ⇔ ES Fast, (2)

ES→ P+ E Slow. (3)

where E denotes an enzyme, S a substrate, ES an
enzyme–substrate complex, and P the product. Fast reac-
tions are further divided into two groups; one that involves
only majority species (i.e. the species of high concentration),
and the other refers to minority species (notably enzymes)
of low concentration. The low concentration species play a
major role in the dynamics of majority species as they may
provide a kinetic bottleneck but which may also accelerate
a metabolic cycle due to associated large rate coefficients.
In our model, chemical reactions can be formulated with
general stoichiometry, for example, enzymes complexing
with user-specified stoichiometries of factors, substrates,
and products for each metabolic sub-network. The general
stoichiometry of the reaction network (as inEqs. (2) and
(3)) allows one to include reactions such as E+ X = EX for
any factor X, so that if EX is the active form, X is a pro-
moter or if EX is the inactive form, X is a repressor. This
generality allows for enzyme modification by metabolites
through inhibition or activation of the enzyme. This is but
one example of how our model allows for the control of
enzymes of other processes. We have accounted for the two
extreme cases (fast and slow reactions) explicitly. One may
simulate processes on intermediate time scales by identify-
ing them as slow (finite rate) reactions. The compromise is
that the faster these intermediate processes are, the smaller
the time step required and therefore the increase in cpu
time. Through the use of our slow manifold projection
methodology, the algebra is automated for equilibrated and
steady state fast processes with a wide range of complex-
ities. In this method, mass is conserved so that the total
amount of low concentration co-factors or other molecules
and their complexes with the enzyme are accounted
for.

The slow manifold method allows one to solveEq. (1)in
the limit ε→0. In this way, the system reaches equilibrium
and maintains complex steady state cycles (Fig. 2) on a

Fig. 2. (a) In a complex biochemical network an enzyme or other factors
(here a ribosome) can undergo a many-step repeating (cyclic) sequence
of interactions. (b) The kinetic loops can have a multi-lobed structure
depending on the order of substrate binding in the metabolic networks.
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time-scale that is short relative to those of interest. In this
limit, equilibrium conditions imply,

W
p,fm
k = 0, k = 1, 2, . . . , N̂f . (4)

whereW
p,fm
k is the net reaction rate for thekth fast majority

reaction in compartmentp, where the total number of fast
reactions,Nf is Nf = N̂f + N∗

f , whereN∗
f is the number

of minority fast reactions. This yieldsNcxN̂f of the NxNc

equations needed to determine the concentration of theNxNc

species (except for special cases where it is necessary to
account for redundant reactions (Ortoleva, 1992)). As ε→0,
equations for steady state cycles appear in our formulation

as linear combinations ofWp,f ∗
l ’s dictated by the structure

of the rectangular stoichiometric matrix for the fast reactions

yielding N∗
f equations, whereWp,f ∗

l is the net rate for the

lth fast minority reaction in compartmentp, andl = N̂f +
1, . . . , Nf . In order to eliminate the secularε−1 terms, and
thereby capture the slow behavior, we introduceσαj such
that:

N∑

j = 1

σαj · νfast
jk = 0 (5)

whereσα is one of theÑ row vectors, that is orthogonal
to the independent columns of the stoichiometric matrix for
fast processes. There areNcxÑ fast equilibrium or steady
state relations, so that the above formulation provides a suf-
ficient number of equations to determineNxNc unknowns.
Theσα row vectors are constructed using the singular value
decomposition method (Press et al., 1992). The NxNc − Ñ

equations needed to complete this description are found by
multiplying Eq. (1) recast in vector form by thẽNσα vec-
tors, to obtain

N∑

j = 1

σαj

dc
p
j

dt
=

Nc∑

p′ �=p

Ap′p

Vp

N∑

j = 1

σαjJ
p′p,m
j +

N∑

j = 1

σαjR
p,slow
j ,

(6)

where

N∑

j = 1

σαj

Nf∑

k = 1

νfast
jk

W
p,fast
k

ε
= 0. (7)

With this approach we solve these equations for the con-
centrations ofN species in each of theNc compartments
in our model. The differential equations are solved using
the adaptive time step Runge–Kutta–Fehlberg method (Press
et al., 1992), a method well suited for the present formula-
tion as the fast behavior has been projected out. The equi-
librium/steady state relations take the general formW = 0,
which we transform to differential equations with the form
dW/dc = 0, so that the entire problem is reduced to a set of
coupled nonlinear differential equations.

2.2. Prokaryotic macromolecular synthesis

The dynamics of transcription and translation are ac-
counted for by computing the temporal evolution of the
populations of DNA, RNA, proteins and their various
complexes within the cell. The model reads and transfers
nucleotide and amino acid sequences through a polymer-
ization kinetic model. The rapidly expanding genomic and
proteomic databases can thereby be utilized for model de-
velopment and calibration. We now illustrate how this is
accomplished by considering the kinetics of transcription
and translation in prokaryotes. Key aspects of the synthesis
of mRNA, proteins and other macromolecules are the role
of a template molecule (e.g. mRNA for proteins) and the
mediation by enzymes in controlling the polymerization.
Our chemical kinetic formalism is as follows.

A read/write/edit (RWE) complex associates with the tem-
plate strand and advances along it, reading its information in
search of an initiation sequence where upon theRWE forms
a closed complex.RWE incorporates RNA polymerase II
with transcription factors like regulatory proteins including
repressors and activators. Also, the specificity is built in to
account for multiple sigma factors that make up the whole
RNA polymerase II enzyme (Lewin, 1997). The different
sigma subunits allow for multiple affinities for the promoter
region on the DNA, thereby controlling the frequency of
transcription. This is accomplished by casting this process as
a chemical reactions and writing the associated mass action
rate laws. The individual regulatory proteins are apart of the
RWE complex and are controlled by the rate ofRWE binding
to the promoter region on the DNA. Below, a demonstration
is given for repressor and activator proteins and their role in
the overall transcription and translation network. Through
enzyme-induced isomerization, an open complex is formed
in order for the single strand of DNA to be read for tran-
scription (Lewin, 1997). Whereupon, polymerization occurs,
building the mRNA nucleotide sequence dictated by the tem-
plate DNA. Auxiliary molecules complex withRWE to mod-
ify its rules of reading the templating strand, wherein initia-
tion, elongation and termination can be altered. In this way,
the model captures the evolving synthesis and destruction
of proteins. The reactions below describe the coupled tran-
scription and translation process performed in a simulation
of a prokaryotic cell. All the following equations depend on
which gene is being transcribed and translated, although the
gene labeling has been omitted for simplicity here.

The multi-step transcription/translation typical of
prokaryotes is as follows (Niedhardt et al., 1996). TheRWE
joins the DNA strand for a given gene at the initiation site,
labeledj0, creating a closed complex:

RWE + DNA ⇔ (RWE · DNA)closed
j0

. (8)

Through enzyme-induced isomerization, an open conforma-
tion is adopted (Lewin, 1997):

(RWE · DNA)closed
j0

⇔ (RWE · DNA)
open
j0

. (9)
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A short mRNA strand of length� is transcribed (in most
species 7≤ � ≤ 12): the addition ofntp (j0), the appropriate
transcript for sitej0 on the DNA, is written

(RWE · DNA)
open
j0

+ ntp(j0)

⇔ (RWE · DNA · mRNA)j0+1 , (10)

while the last�th monomer addition for this short transcript
takes the form

(RWE · DNA · mRNA)j0+�−1 + ntp(j0 + � − 1)

⇔ (RWE · DNA · mRNA)j0+� . (11)

Next either an abortive mRNA of length� is released or the
σ-subunit ofRWE is shed; the latter is written

(RWE · DNA · mRNA)j0+� + ntp(j0 + �)

→ (
RWE∗ · DNA · mRNA

)
j0+�+1 + σ, (12)

whereRWE∗ is RWE devoid ofσ and ready for efficient fur-
ther polymerization through nonspecific binding. Polymer-
ization proceeds via monomer addition:
(
RWE∗ · DNA · mRNA

)
j
+ ntp(j)

⇔ (
RWE∗ · DNA · mRNA

)
j+1 , (13)

where j indicates the position ofRWE∗ along the DNA.
Process (13)proceeds untilRWE∗ reaches its termination
sitejf . The species on the RHS involves an mRNA of length
(jf − jo + 1), with addition ofntp(jf ).

It is a complication of the prokaryote genome that tran-
scription and translation can take place simultaneously. Dur-
ing polymerization, nascent mRNA is exposed, enabling ri-
bosomes to attach at the ribosome-binding site (labeledko)
(
RWE∗ · DNA · mRNA

)
j
+ 30s + 50s

⇔ (
RWE∗ · DNA · mRNA · Rib

)
j,ko

. (14)

The species on the RHS consists ofRWE∗ · DNA · mRNA
complexed with a ribosome at the ribosome-binding site on
the mRNA; thus the two subscripts on this complex indicate
the location ofRWE∗ and the ribosomes on the DNA and
mRNA, respectively. A further complication is that multi-
ple ribosomes can attach simultaneously, a process not made
explicit here for simplicity. Another complexity is seen if
the RBS on the mRNA is not present, meaning transcription
needs to proceed further to expose the RBS, or if the ribo-
some just never attaches, hence only transcription occurs.

The general transcription step for the single ribosome
complex is written
(
RWE∗ · DNA · mRNA · Rib · protein

)
j,k

+ ntp(j)

⇔ (
RWE∗ · DNA · mRNA · Rib · protein

)
j+1,k

, (15)

wherej indicates the position ofRWE∗ along the DNA while
k indicates the position of the ribosome along the mRNA.

In the simplest process wherein no ribosome attaches, only
transcription occurs and the mRNA is length (jf − jo + 1).
Polymerization of proteins proceeds via
(
RWE∗ · DNA · mRNA · Rib · protein

)
j,k

+ aa(k) · tRNA(aa(k))

⇔ (
RWE∗ · DNA · mRNA · Rib · protein

)
j,k+3

+ tRNA(aa(k)), (16)

for k = ko, ko + 3, . . . , kf − 3. Hereaa(k) is the amino
acid scheduled for addition when the codon (e.g. mRNA
nucleotides at positionsk, k + 1, k + 2) is read by the
ribosome. The specific tRNA appropriate for the transfer of
aa(k) is denoted tRNA (aa(k)). At this stage, the protein is of
length (k−ko)/3. The process described byEq. (16)proceeds
until one codon before the ribosome resides at the final codon(
kf − 2, kf − 1, kf

)
. Similarly, transcription proceeds for

RWE∗ on the DNA sequence at sites fromj = jo to j =
jf , the latter being the point at which mRNA is released
upon addition of the finalntp (seeEq. (18)).

The ribosome could reach its termination sequence before
the DNA is fully transcribed whereupon it dissociates to add
to (RWE∗ · DNA · mRNA)j:
(
RWE∗ · DNA · mRNA · Rib · protein

)
j,kf

+ aa(kf ) · tRNA(aa(kf ))

→ (
RWE∗ · DNA · mRNA

)
j
+ 30s + 50s

+ protein + tRNA(aa(kf )). (17)

RWE∗ may reach its terminationj = jf and release the fully
transcribed mRNA, while the ribosome is still attached and
building proteins via the free-floating mRNA according to
(
RWE∗ · DNA · mRNA · Rib · protein

)
jf ,k

+ ntp(jf )

→ (mRNA · Rib · protein)k + RWE∗ + DNA. (18)

In order thatRWE∗ revert toRWE to complete the cycle,
it must add aσ unit:

RWE∗ + σ ⇔ RWE. (19)

Although(mRNA · Rib · protein)k is free-floating, the ribo-
some is still reading the template mRNA and protein build-
ing continues:

(mRNA · Rib · protein)k + aa(k) · tRNA(aa(k))

⇔ (mRNA · Rib · protein)k+3 , (20)

where k = ko until kf in steps of 3. Once the ribosome
reaches its termination codon (kf − 2, kf − 1, kf ), the
final amino acid is added and then, the mRNA and protein
are liberated and the ribosome breaks up into its subunits
(30s, 50s):

(mRNA · Rib · protein)kf
+ aa(kf ) · tRNA(aa(kf ))

→ 30s + 50s + mRNA + protein. (21)
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Complete mRNA can be released without an attached ri-
bosome either before a ribosome has attached or after having
been released:
(
RWE∗ · DNA · mRNA

)
jf

+ ntp(jf )

→ DNA + RWE∗ + mRNA. (22)

This completes the prokaryote co-evolving transcrip-
tion/translation dynamic for a single gene. Our model allows
for a user-specified set of genes; it is being generalized to
allow for multiple simultaneously translating ribosomes on
each gene and multiple control factors onRWE and the
ribosomes (a preliminary result is seen inFig. 7).

The above complex transcription and translation network
is simulated using chemical kinetic rate laws. The result is
a set of ordinary differential equations for the evolution of
the populations ofRWE, RWE∗, proteins, mRNA and other
species and their complexes appearing inEqs. (8)–(22).
These equations of mRNA and protein synthesis are coupled
to the metabolic equations via consumptions of nucleotides
and amino acids.

3. Implementation and discussion

Our program predicts the time evolution of user-specified
species and reactions that participate in the metabolics, tran-
scription and translation networks. Karyote is written in
FORTRAN77 and runs on UNIX, LINUX and Windows op-
erating systems. Typical cpu requirements for our method
using a Dell Optiplex GX240 with 2.0 GHz Pentium pro-
cessor and 1.0 GB SDRAM is as follows. A simulation
of multi-compartmentalizedTrypanasoma brucei glycolysis
(Navid and Ortoleva, 2003) involving 59 species, 11 slow
reactions, 28 fast reactions in three compartments for 3600 s
of biological time takes 16 min and 13 s cpu time. A simu-
lation of coupled transcription and translation for two genes
from Caulobacter cresentus (cc1750 with 1953 nucleotides
and cc1461 with 822 nucleotides) involves over 2 million
species; when run for a biological time of 2500 s, the simu-
lation took approximately 15 h. An example simulation re-
sult is seen inFig. 9 depicted as a mass spectrum of the
translated protein cc1750 (at which steady state has been
achieved). In ongoing work, we are implementing an opti-
mization scheme decreasing memory size and cpu time by
more than 1000. In the following subsections, examples are
discussed to illustrate some of Karyote’s features.

3.1. Transcription and translation

Consider the case where only transcription is operating.
This models the experimental result wherein only DNA, en-
zyme and nucleotides are involved. The system studied, in
vitro, was bacteriophage T7 RNA polymerase in conjunc-
tion with an E. coli gene fragment (Weston et al., 1997).
The T7 family of DNA-dependent RNA polymerases repre-

Fig. 3. Simulation using Karyote for transcription performed by bacterio-
phage T7 RNA polymerase system in conjunction with a gene fragment
from E. coli. The simulated concentration evolution agrees with that ob-
served, seeTable 2.

sents a simple model system for the study of fundamental
aspects of transcription, because T7 RNA polymerases do
not require any helper proteins and exist as single subunits.
These single-subunit RNA polymerases are highly specific
for an approximately 20 base pair, nonsymmetric promoter
sequence. The mutation feature of our model is illustrated
as follows; there is one major transcript mRNA sequence,
GGGAA, and five error copies, which arise from misinitia-
tion or premature termination and were used to calibrate the
rates of error copies generated from our simulation (Fig. 3).
The agreement seen illustrates the validity of our formula-
tion (Table 2).

3.2. Coupled transcription and translation in prokaryotes

Consider an example that illustrates the more complete
transcription and translation coupled dynamics for prokary-
otes. InFigs. 4–6, the evolving concentrations of several
representative species are shown to illustrate the coupled dy-
namics seen in our model, using the DNA sequenceTACTTT-
TAGGGG and initial data as described inFig. 4.

It is seen that mRNA and protein synthesis depletes
nucleotide and amino acid concentrations, illustrating the

Table 2
Comparison between predicted and experimental data from an in vitro
RNA synthesis shows the sequence and concentration (�M) after 10 min
of evolution (experimental data fromWeston et al., 1997)

Sequence Predicted
concentration (�M)

Experimental
concentration (�M)

GGGAA 17.1 17.0
GGAA 2.49 2.6
GGGA 0.869 0.9
GGG 0.478 0.5
GGA 0.388 0.4
GG 5.8 6.7
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Fig. 4. Karyote dependence of predicted nucleotide concentration on time during transcription is shown for the transcribed geneTACTTTTAGGGG. As
nucleotides are depleted, mRNA synthesis slows down, illustrating an important feature of coupled cellular dynamics since nucleotides are createdthrough
metabolic pathways. The system initially contained: 9.2563× 10−12 M of gene, enzyme, ribosome; 1.11075× 10−3 M of tRNA; and 1.11075× 10−5M
of each nucleotide and amino acid, all other species were initially set to zero.

Fig. 5. The dependence of concentration of all the second class of intermediates created during coupled transcription/translation for the same simulation
as described inFig. 4. Each curve represents the different complexes involved in adding a nucleotide for transcription and an amino acid for translation.
The intermediates represent complexes composed of enzyme, DNA, mRNA, ribosome and protein.
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Fig. 6. The time evolution of the DNA, RNA polymerase, all of the first class of intermediates involved in transcription/translation and the mRNA and
protein created from gene with sequenceTACTTTTAGGGG. The intermediates include complexes of enzyme, DNA and mRNA.

coupling of mRNA and protein synthesis through the evo-
lution of precursor metabolites. As nucleotides or amino
acids are depleted, mRNA or protein synthesis slows down,
illustrating one of the many feed back loops captured by our
method. In Karyote, all nucleotides and amino acids used
in transcription and translation have been tracked during
the simulation. As seen inFig. 4, transcription of the DNA
sequenceTACTTTTAGGGG results in an mRNA product of
AUGAAAAUCCCC, which is reflected by consumption of
nucleotides with a decreasing rate at approximately 20 s.
Nucleotide concentration evolves to a transient steady state
(Fig. 4), during which the enzyme is re-complexing at the
initiation site (Fig. 6). Just before the transient steady state
begins, the total mRNA concentration rises corresponding
to the liberation of the complete mRNA (Fig. 6). Similar
behavior is seen for the liberated protein with respect to the
transient steady state and notably amino acid synthesis, an
important element of the overall coupling of transcription
and translation with metabolic pathways.

In our model, there are two classes of macromolecular
complexes that mediate the production of mRNA and pro-
tein. The first class (seen inFig. 6) includes complexes of
all the intermediates from the initiation of transcription to
the loss of the sigma subunit from RNA polymerase seen in
the mechanisms ofEqs. (8)–(12).

The second class of intermediates, inFig. 5, includes all
complexes after the sigma subunit is released from the en-
zyme until the liberation of the products mRNA and protein
(seen in the mechanisms ofEqs. (13)–(22)). Each concentra-
tion profile shows a wave-like behavior. As one intermediate

increases, its predecessor decreases. This wave-like behav-
ior, arising from the polymerization dynamics, presented in
our model captures the evolution of the intermediates and
the release of the final mRNAs and proteins.

Other key genomic species that are simulated by our
model are DNA and RNA polymerase II (seeFig. 6). As
expected, the simulation shows the time-independent state
of the system at long times due to the depletion of the nu-
cleotides and amino acids in this closed system. As seen in
Fig. 6, the enzyme concentration initially decreases, signify-
ing the binding of enzyme to DNA. After some time, there is
an increase in enzyme concentration that represents its liber-
ation as the full mRNA is released. The free enzyme concen-
tration ultimately reaches a steady state in this closed system.

The products of transcription and translation are seen in
Fig. 6. The liberation of mRNA is coordinated with that of
free enzyme as they are created simultaneously.

3.3. Control of gene expression

Another feature built into Karyote is gene control through
protein activation or repression. This process is formulated
as kinetic equations built into the transcription (RWE fac-
tor) and translation model. To demonstrate this feature, we
choose a model where protein one activates gene two, which
through transcription and translation creates protein two.
Protein two represses gene one through binding, thereby lim-
iting the expression of gene one (seeFig. 7). Fig. 7 shows
a transient period terminating in a steady state balance of
repression and activation.



E.L. Weitzke, P.J. Ortoleva / Computational Biology and Chemistry 27 (2003) 469–480 477

Fig. 7. Concentration profiles of protein one and two during gene controlled coupled transcription and translation. Gene one is active producing protein
one, whereby protein one activates gene two producing protein two, which, in turn, inactivates gene one, decreasing production of protein one.

3.4. Tryptic fragment/mass spectra of Karyote predicted
proteins

In this section, we illustrate how predicted amino acid
sequences are analyzed using a synthetic tryptic digest, re-
sulting in a computed qualitative mass spectrum. The lat-

Fig. 8. Observed mass spectrum of the tryptically digested protein cc1750 fromC. cresentus (Karty et al., 2002).

ter can then be compared with the observed mass spec-
tra for identification purposes. Synthetic tryptic digestion
was accomplished using the rules as in (http://us.expasy.org/
tools/peptidecutter/peptidecutterenzymes.html) andBarrett
et al. (1998). Since trypsin does not cleave with 100% ef-
ficiency, these rules are often reformulated as probabilities.

http://us.expasy.org/tools/peptidecutter/peptidecutter_enzymes.html
http://us.expasy.org/tools/peptidecutter/peptidecutter_enzymes.html
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Fig. 9. Mass spectrum generated from Karyote for the tryptically digested protein cc1750 fromC. cresentus. Comparison withFig. 8 shows that the
predicted spectrum does not necessarily agree with that observed due to the inefficiency of trypsin digestion, uncertainty in the fragments complexing
with cations (Na+, K+, etc.), and inherent inefficiencies of the MALDI technique.

However, in the present study, 100% efficiency is assumed
for demonstration purposes.

The prediction of mass spectra is difficult because many
factors influence the spectral profile of the matrix-assisted
laser desorption ionization (MALDI) technique. These in-
clude inherent inefficiencies in the MALDI technique, pH
dependent ion charges, uncertainty in ionization of the
fragments, complexation of cations or the matrix to the
analyte and the propensity of certain amino acids to oxi-

Table 3
Comparison between the observed and synthetic mass spectra of the tryptically digested protein cc1750 fromC. cresentusa

Observed mass (Daltons) Observed intensity Synthetic mass (Daltons) Mass difference

705.29 2788 683.18514 22.10486
705.25 2541 683.18514 22.06486
705.33 2537 683.18514 22.14486
705.21 2521 683.18514 22.02486
705.37 2337 683.18514 22.18486
705.17 2325 683.18514 21.98486
705.41 2149 683.18514 22.22486
705.44 2128 683.18514 22.25486

1303.73 1971 1287.16314 16.56686
705.48 1945 683.18514 22.29486
705.52 1903 683.18514 22.33486

1309.75 1884 1287.16314 22.58686
1303.68 1862 1287.16314 16.51686
1309.7 1801 1287.16314 22.53686
1303.78 1754 1287.16314 16.61686
705.56 1545 683.18514 22.37486
644.1 1490 645.08217 0.98217
706.23 1477 669.15068 37.07932
705.13 1468 683.18514 21.94486
705.13 1468 666.15687 38.97313

a This result shows that the predicted spectrum agrees with that observed taking into account the possibility of the fragments complexing with cations
(Na+, K+, etc.) as well as the possible oxidation of certain amino acids.

dize. Another difficulty lies in predicting the integrated line
intensity, as it is not directly correlated with concentration,
but would be in a simulation. Therefore, only qualitative
information on line-integrated intensity is sought through a
simulation for identification purposes, and not for quantita-
tive information. The integrated line intensity will change
with concentration of a given protein, giving us qualita-
tive information about cell state through protein extract
analysis.
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In Fig. 8, the experimentally determined mass spectrum of
proteincc1750 from C. cresentus is given (Karty et al., 2002;
gene sequence found onhttp://www.ncbi.nlm.nih.gov/).
Fig. 9 represents the predicted mass spectrum generated
from a simulation for the same protein. The gene with 1953
nucleotides, which encodes for proteincc1750, was used as
input; through Karyote transcription and translation kinet-
ics the protein is translated and then digested with trypsin
mathematically and these fragments populations were plot-
ted assuming a charge of+ 1 (M + H+ , as observed in the
experiments).Table 3shows the comparison between the
experimental and synthetic mass spectra. There are 111 co-
incidences between the observed and synthetic spectra (with
610 data points) and the 20 most intense peaks in the ob-
served spectrum were matches (Table 3). This result shows
that the predicted spectrum agrees with that observed taking
into account the small mass differences due to fragments
complexing with cations (Na+, K+, etc.) as well as the pos-
sible oxidation of certain amino acids. In the comparison
between the experimental and predicted mass spectra, there
were 38% hits involving the 75% highest peak intensities.
Our number of coincidences is low in relation to what is
usually assumed to be required for an experimentally deter-
mined identification of a protein sequence. However, this
serves as a suggestive, be it preliminary, result.

This demonstrates the potential predictive utility of our
model/predicted mass spectra. Given the sequence for the ac-
tive genes, the protein mass spectrum can be generated. This
will allow for help in identification of proteins expressed
at a given stage of the cell cycle and the genes generating
them. While the demonstration was for one gene, in a mul-
tiple gene case where a time series measurement is taken,
the spectrum will change due to the changing relative pop-
ulations of the expressed proteins. Difficulties with our ap-
proach may arise due to inefficiencies of trypsin digestion,
uncertainty in the fragments complexing with cations (Na+,
K+, etc.), inefficiency of ionization and inherent error in the
MALDI technique. Improvements in the predictive power
of our approach are underdevelopment by accounting for a
wider spectrum of complexing ions and a new approach for
the rules of trypsin digestion to aid us in acquiring more
accuratem/z ratios.

4. Conclusion

Advanced cellular modeling holds great promise for use
in medical sciences and bio-technical applications. With fur-
ther development, our approach may be used to identify the
vulnerabilities in abnormal versus normal cells, predict pos-
sible pathways by which a cell targeted by a drug molecule
can thwart its effect, and identify metabolic signatures of
abnormal cells for medical diagnostics. We have shown how
one may embed nucleotide and amino acid polymerization
kinetics in a compartmentalized metabolic model by formu-
lating the entire problem in a chemical kinetic framework.

Our model accounts for the wide separation of time
scales common in cellular activity through our multiple
scale technique, which is fully automated in our implemen-
tation. Our implementation of our slow manifold projection
methodology automates the underlying algebra for equi-
librated and steady state (complex cycles) fast processes.
Mass is conserved so that the total amount of low concen-
tration co-factors or other molecules and their complexes
with enzymes are accounted for.

Gene sequence data is used as input and resulting mRNAs
and proteins are produced mathematically while mass con-
servation of the nucleotides and amino acids is maintained
through the coupling of DNA, mRNA, protein and metabo-
lite dynamics. As our model accounts for a broad range of
reaction and transport processes, it can predict a full array of
measurable parameters that can be used to calibrate and test
it based on information theory (Sayyed-Ahmad et al., 2003).
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