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Modular systems biology: from the identification of key regulatory networks to drug discovery
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Systems Biology and the Molecular Circuits of

Cancer

Lilia Alberghina,* Ferdinando Chiaradonna, and Marco Vanoni®

Proliferative disorders are a major challenge for human health.
The understanding of the organization of cell-cycle events is of
the utmost importance to devise effective therapeutic strategies
for cancer. The awareness that cells and organisms are complex,
modular, hierarchical systems and the availability of genome-
wide gene expression and protein analyses, should make it feasi-
ble to elucidate human diseases in terms of dysfunctions of mo-
lecular systems. Here we review evidence in support of a systems
model of the cell cycle, in which two sequential growth-sensitive
thresholds control entry into S-phase. The putative molecular de-
terminants that set the threshold for entry into S-phase are con-

Introduction

Cell proliferation requires coordination and integration of dif-
ferent processes to modulate the activity of key cell-cycle regu-
lators. They are controlled by numerous mechanisms that re-
flect the diversity of the signals they integrate and the central
importance of their role in cell-cycle control. Proliferative disor-
ders are a major challenge for human health, uncontrolled cell
proliferation being the hallmark of cancer. In fact, in tumor
cells, the balance between intra- and extracellular signals and
the control of the cell cycle is lost. To understand how intracel-
lular and extracellular signals are transmitted to the cell-cycle
machinery and how the latter adjusts its frequencies accord-
ingly is one of the major challenges in molecular biomedicine.
For many years research into the molecular basis of diseases
focused on the products of individual genes. These were ex-
amined in parallel by different groups. Rarely were they stud-
ied in terms of the complete intracellular networks they are a
part of. Neither the proper tools nor the data for such a net-
work-based analysis were available. Indeed only recently has it
become possible to analyze the expression of all genes in a
pathway simultaneously. Furthermore, the genomics revolution
has opened the way to other similar global approaches, such
as proteomics and metabolomics. Considering the large
amount of data emerging from these high-throughput techni-
ques, only the development of new computer sciences and
modeling methodologies will enable us to select the relevant
from the irrelevant information and utilize it for health-care ap-
plications. In fact, molecular biology should begin to address
the organization of the large network of molecules that deter-
mine cellular functions and their disturbance. In other words,
molecular medicine has to be understood in terms of the func-
tioning of modular networks of molecules. The result of this in-
tegrative/interactive process is very relevant for two reasons.
First, it will make it possible to analyze and understand the
molecular basis of each disease. Thanks to the completeness
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sistently altered in cancer cells. Such a framework could be useful
in guiding both experimental investigation and data analysis by
allowing wiring to other relevant cell modules thereby highlight-
ing the differential responses, or lack of response of cancer cells
to intra- and extracellular factors. Pharmacological approaches
that take advantage of transformation-induced fragility to glu-
cose shortage are discussed. Extension of this hierarchical, modu-
lar approach to tumors as a whole holds promise for the devel-
opment of effective drug discovery approaches and more efficient
therapeutic protocols.

of the information (genomics, proteomics, and metabolomics),
all molecular determinants can in principle be identified, pro-
duced, and analyzed in terms of structure and manipulated to
elucidate their function. Second, most diseases are multifactori-
al in their pathology, if not in their origin. Accordingly, under-
standing disease and the design of personalized therapy re-
quires going beyond the product of a single gene, to all gene
products with which that gene interacts, if not to the function-
ing of the entire system of interacting molecules. Furthermore,
the interactive process of model construction and validation
will enable identification of the robustness and fragility of reg-
ulatory molecular circuits that are altered in a given pathologi-
cal state. Thereby a strategy for the rational selection of specif-
ic molecular targets for drug discovery and development can
be developed.

Systems Biology: Towards an Integrated
Understanding of Biology in the Post-Genomic
Era

Multicellular organisms’ functions are regulated through a lim-
ited number of interactions among a limited number of
organs, each formed by a restricted number of cell types.
These interactions are modulated by environmental, intra- and
intercellular signals. On the other hand each eukaryotic cell is
very complex since it is composed of an exceedingly large
number of differently active macromolecules that interact with
each other and with low molecular weight components to
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yield nonlinear behavior that has been fine tuned by natural
selection to achieve specific functional properties. Further-
more, cellular processes may be disassembled into basic “oper-
ating units” or “modules”, subsystems of interacting molecules
(protein, DNA, RNA and low molecular weight components)
that perform a given function (for instance signal transduction,
protein synthesis, cell-cycle regulation) in a way largely inde-
pendent from the context." Biological systems are therefore
complex, but modular and hierarchical and this awareness
opens new ways to biological understanding.

Genome-wide gene expression and protein analyses are es-
tablishing new powerful tools for the study of complex biolog-
ical phenomena.”® By the integration of modular and post-ge-
nomic analyses there is hope to elucidate human diseases in
terms of dysfunctions of molecular systems™* and therefore to
achieve more rational and specific treatments. To this end,
both bioinformatics and systems biology approaches are
needed. Bioinformatics can be defined as the computational
ability to extract information from raw data, for example the
ability to predict the 3D structure of a protein from its encod-
ing DNA sequence or to cluster large number of data, such as
those obtained by genome-wide transcriptional profiling. It
mostly yields information on the core components of a cell or
on their relative proportion, but it does not address the func-
tional interactions that yield a cell's regulatory network. Sys-
tems biology, on the other hand, aims to identify regulatory
circuits that underlie a given biological function (for example
metabolism, cell cycle, signal transduction, differentiation, etc.).
It requires both quantitative knowledge of the components of
the regulatory circuits and the map of their interactions. Math-
ematical models and computer simulations of the network
allow the prediction of the dynamics of the system following
genetic and/or environmental perturbations and studying
emergent new properties, such as homeostasis and robustness,
that cannot be derived directly from the reductionist character-
ization of individual components of the network.*™

In conclusion, bioinformatics mining of “-omics” yields statis-
tically relevant properties that are useful for systems biology
from which iterative rounds of model building, prediction, ex-
perimentation, model refinement and development®'” are ex-
pected to give new strength and focus to hypothesis-driven
research in the post-genomic era.

Systems biology may address biological processes the mo-
lecular components of which are well known (such as glycoly-
sis) or the functions of which require the activity of a large
number of components, many of which are not known, as is
the case for cell cycle. In this latter instance, a complex process
is conveniently disassembled into “modules”.” A module is
given, as outlined above, by any functional unit that performs
a given task in a way largely independent from other modules
within a cell. A module contains all interacting components re-
quired to perform a given function, acting as an insulated unit
that may perform the same function over and over. The defini-
tion of what constitutes a module may not always be obvious,
since in systems biology, a module not only has to be able to
perform a given function, but must be able to respond appro-
priately to perturbations. So, for instance, in order to allow
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faithful reproduction of the regulation of the glucose flux in
yeast cells, the glycolytic module has to be “extended” to ac-
commodate glucose transport, NADH reoxidation and branch-
es™ (www.siliconcell.net). A property of cellular modules that
is receiving increasing attention is robustness, a crucial proper-
ty of living systems, which allows the maintenance of homeo-
stasis. More formally, within a given module one or more key
properties of a biochemical network are said to be robust
when they are insensitive to the precise values of their bio-
chemical parameters. A well-documented example is bacterial
chemotaxis, where the precision of adaptation is robust and
does not vary by perturbing the concentration of the major
proteins of the network. In contrast, other properties of the
same network, such as steady-state behavior and adaptation
time, show strong variations in response to varying protein
concentrations.?

Each cell can thus be viewed as a multimodule system,
whose function depends on the ability to coordinately fine
tune the function of each module and on the appropriate con-
nections among modules. Each module interacts with other in-
tracellular modules through exchange of material (i.e., metabo-
lite(s)) and information (i.e., through intracellular messengers,
regulatory interactions, protein—protein interactions, etc.). The
properties of a module’s components and molecular connec-
tions between them are analogous to the circuit diagram of an
electrical device.

General design principles, derived from synthetic sciences
and engineering, govern the interactions and the function of
modaules, that is, switch, threshold control, positive and nega-
tive feedback, amplification, robustness, and error correc-
tion.">"¥ It is interesting to point out that for systems analysis
it is not necessary to know all the components of a module. In-
stead, the complete knowledge of a module’s components is
required if one wants to model the system following chemical
kinetics (see for instance ref.[9]) or graph theory." A given
process can then be described by its blueprint, that is a map
in which its basic modules and governing interactions are
identified. The availability of such a blueprint allows the devel-
opment of modeling programs in order to simulate how
changes in the module structure or interactions affect the be-
havior of the system. The predictions could then be validated
by comparison with experimental data. Once the modules and
their wiring have been defined in a preliminary way, analysis
moves to the identification of the molecular components of
each module by data mining and experimental testing, so as
to refine the blueprint down to the molecular level."?

Control of Cell Proliferation and Cancer

Most forms of cancer are multifactorial diseases. Stepwise mu-
tations of multiple (proto)oncogenes are required to develop a
transformed cell; fewer number of changes are required in
rodent than in human cells (reviewed in ref. [16,17]). Despite
the large number of molecular and morphological differences
between normal and cancer cells, the aberrant growth of
tumor cells is basically due to disruption of mechanisms that
regulate cell cycle and cell survival™ Drugs that are used
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against cancer mostly act nonspecifically also in normal cells
and their effectiveness is therefore reduced by their action on
important normal tissue as well as by processes of detoxifica-
tion, secretion, and repair by the tumor cells. Hence, the tumor
as a whole acquires a “robust” phenotype that allows it to
escape the host surveillance mechanisms and pharmacological
therapies."” There is therefore a clear need to pinpoint specific
molecular differences in basic control processes of proliferation
and survival to develop a new class of more effective antican-
cer drugs.

Cell proliferation requires coordination of different process-
es: mass accumulation, DNA replication and cell division. This
tight coordination allows the maintenance of cell size and
faithful partitioning of genetic material and is based on the
cell's ability to integrate external and metabolic signals with
the activity of key cell-cycle regulators. They are controlled by
numerous mechanisms reflecting the variety of signals that
they are able to integrate and their central importance in cell-
cycle control. In cancer cells the balance between intracellular
and extracellular signals and the control of the cell cycle is dis-
turbed.”®?" To understand how intracellular and extracellular
signals are received from the cell-cycle machinery and how it
adjusts its timing accordingly, is one of the major challenges in
molecular medicine.

Genome-wide approaches are focusing on the determina-
tion of gene expression by using DNA chips and related tech-
nologies.”?? Transcriptional profiles have identified molecular
signatures for different types of tumors and they are used as
diagnostic or prognostic tools to differentiate otherwise similar
tumors that may differ in prognostic index and hence in thera-
peutic approach. Genome-wide data are thus used as a refine-
ment of histological and immunohistological analyses that are
used today in clinical practice (see for instance ref. [23,24]). It
is likely that transcriptome or proteome data may tell us more
about transformed phenotype when analyzed with a systems
biology approach. In order to do so it would be useful to iden-
tify at least one meaningful cell-cycle control network and to
compare the post-genomic analysis of normal and transformed
cells with known control wiring.

As a first step in this effort the control network controlling
entrance into S-phase in a well known model organism, the
budding yeast Saccharomyce cerevisiae, has been investigated.
The consistent evolutionary conservation of many gene prod-
ucts engaged in the execution and control of the cell cycle
from yeast to mammalian cells®*? suggests that a similar con-
servation may be found for the core organization of the con-
trol circuits.

Cyclins, Cdks and Cki are the key components of the evolu-
tionary conserved molecular machine driving the cell cycle

Cyclin-dependent kinases (Cdks) play an essential regulatory
role in cell-cycle progression: it is in fact the sequential activa-
tion of Cdks by specific, unstable, regulatory subunits, named
cyclins, that first triggers the onset of DNA replication and
later initiates mitosis.?”?® Cdk activity is tightly regulated by
different molecular mechanisms®” that include regulatory
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phosphorylations, differential expression and/or localization,
and interaction with regulatory proteins, such as cyclin de-
pendent kinase inhibitors (Cki) which inhibit Cdk activity by
binding to Cyclin-Cdk complexes.

The evolutionary conservation of Cdks from yeast to mam-
malian cells is well established.”*?® In budding yeast a single
Cdk (Cdc28, now renamed Cdk1) is involved in the control of
the cell cycle, while five Cdks active in the control of the cell
cycle (out of a total of nine) have so far been identified in
mammals. Cdk4, Cdk6 and Cdk2 are active during G1, Cdk2
during S-phase, Cdk1 during G2 and M, while Cdk7 is active
during all cell-cycle phases. Recently the involvement of anoth-
er Cdk, Cdk3, in the GO-G1 transition®® has been reported.
Each cyclin associates with one or two Cdks, and most cyclin-
dependent kinases associate with one or two cyclins (reviewed
in ref. [28]).

In the cell cycle, there are cyclins associated with G1 (CIn3 in
budding yeast, cyclin D in mammals), S-phase (Clb5 and 6 in
yeast, cyclin E and A in mammals), and mitosis (Clb1 and 2 in
yeast, cyclin B and A in mammals). Both cyclins and Cdks have
a wide degree of redundancy and it is currently believed that
their specificity, which drives the cell cycle, is dependent more
on their temporal expression and subcellular localization than
on substrate specificity which is embedded in their molecular
structure (reviewed in ref. [28]).

As the name implies, Ckis, regulate cell cycle by inhibiting
Cdk activity. Nevertheless, in recent years it has become in-
creasingly clear that many Ckis are multifunctional proteins (re-
viewed in ref. [31]). In budding yeast the Cki, Far1, affects cell-
cycle progression and cytoskeletal organization as p27"°P'E'-34
does in mammals. Cip/Kip family members stably associate
with cyclin D1-Cdk4 to assemble them into higher order, enzy-
matically active complexes.®'¥ The Cip/Kip inhibitors p27"®'
and p21°"" share an homologous inhibitory domain.®® The
Kip/Cip proteins inhibit Cdk complexes containing cyclin D and
E. Interestingly, as previously observed for Cdks and cyclins,
also Cki function is evolutionarily conserved since a mammali-
an Cip/Kip protein can substitute for Sicl in yeast and, con-
versely, Sicl can inhibit cyclin A-Cdk2 complex in vitro.B?
Whether the yeast Sic1, Cki, has a scaffolding activity has not
been directly addressed so far.

In mammals, beside the Kip/Cip group described above, the
Ink4 proteins (p15, p16, p18, p14/p19) form a second Cki
family that does not have homologues in yeast. The Cki, p16™*
and p15™, may inhibit the formation of the cyclin D-Cdk4
complex which is required with cyclin E-Cdk2 in late G1 to ac-
tivate the transcriptional program that promotes passage to
the S-phase.’”* p19*™ has been shown to activate the p53
transcription factor.

A threshold cell sizer involving CIn3 and Far1 controls
entrance into S-phase in budding yeast

For many years it has been recognized that a critical cell size
(called Ps) is required in yeast to enter S-phase.*®*” This con-
trol is of utmost physiological relevance, since it allows the co-
ordination of cell growth with cycle progression and is respon-

1326

© 2004 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim www.chembiochem.org

L. Alberghina et al.

sible for cell size homeostasis.*"" Recent work from our labora-
tory has allowed the identification of the molecular basis of
the cell sizer in budding yeast. First of all, it has been recog-
nized that the G1 cyclin, CIn3, is modulated by cell growth, its
level being higher in fast than in slow growing cells.**** Since
the level of CIn3 is constant in G1 cells, its amount in the cell
is proportional to cell mass. Increasing the level of CIn3, by
over-expression or by a mutational stabilization of the protein,
decreases both cell size and Ps, while in cells where the cIn3
gene has been disrupted, cell size and Ps increase (reviewed in
ref. [44]). In cells undergoing a shift up from a poor to a rich
medium the level of CIn3 increases since the cells are unable
to enter S-phase.*

These data which are in apparent conflict can be settled if
CIn3 is not the only determinant of the cell sizer, but if it acts
together with an inhibitor of cyclin dependent kinase (Cki). A
threshold given by an activator, that interacts with an inhibitor
blocking its action (Figure 1A), is a very simple and effective
biochemical threshold mechanism."'*6%1 The threshold is set
by the level of the Cki (black line) received by new cells which
remains approximately constant in G1 cells. The threshold is
overcome when the activator cyclin subunit (blue line), the
synthesis of which proceeds proportionally to cell mass, ex-
ceeds that of Cki. The threshold can be made irreversible by
an ensuing Cki degradation. The response of the threshold is
shown in red. The threshold value and hence its dynamics can
be altered by changing the levels of the inhibitor (Figure 1B),
the activator (Figure 1C) or both (Figure 1D). Both an increase
in cyclin and a decrease in Cki can accelerate overcoming the
threshold. When both the cyclin activator and Cki inhibitor are
up-regulated, different dynamics can result depending on the
relative value assumed by each component. In the example re-
ported in Figure 1D, Cki increases more than the cyclin, so
that overcoming the threshold takes place at a larger size than
in the reference, “wild type” situation.

We have put forward the hypothesis that Far1, the Cki long
known to inhibit the G1 to S transition in response to mating
pheromones,”® might also have a role in the mitotic cycle by
cooperating with CIn3 in a nutritionally modulated threshold,
which controls entry into the S-phase.*” A basic blueprint of
the cell cycle has been proposed based on a Cki—cyclin thresh-
old acting as a START function in which a cell-sizer controls en-
trance into S-phase by activating waves of cyclins that set the
timing for the onset of mitosis and cell division (Figure 2).
Growth in rich media delays entrance into S-phase and stimu-
lates the onset of mitosis.*? Execution of mitotic events is in-
hibited by stress conditions (including mitotic spindle check-
point, DNA damage,’ hyperactivation of cCAMP pathway in ni-
trogen poor media®”). Computer simulation analyses based on
an algorithm derived from the model in Figure 2 are able to
predict with accuracy the dynamics of growth and budding in
steady and transitory states.”

Direct molecular evidence giving strong support to the role
of Far1 during the mitotic cycle has been recently obtained.*
Overcoming the CIn3-Far1 threshold, is followed by a well
known second threshold that requires the Cki, Sic1, and Clb5
and 6, the cyclins that interact with the kinase Cdk1 to activate
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Figure 1. A biochemical threshold is a major regulatory element within a blueprint which describes cell-cycle progression in budding yeast. A schematic representa-
tion of the threshold mechanism controlling the G1/S transition in budding yeast and how it can be modulated by changing the level of one or both threshold

components is shown. See text for details.

DNA replication. Threshold execution is made irreversible by
degradation of Sic1, primed by a multiple phosphorylation de-
pendent on CIn1, 2-Cdk1.”" The newly described two-thresh-
old control of cell-cycle transition from G1 to S is able to rec-
oncile a wealth of literature data and its modeling and simula-
tion analysis correctly predict major features of the G1 to S dy-
namics.®?

We have also collected evidence which suggests that both
thresholds cooperate in glucose modulation of Ps, a hallmark
response of the cell cycle to changing growth conditions. It is
in fact well established that yeast cells growing in ethanol-
supplemented media have a critical Ps smaller than cells grow-
ing in glucose-supplemented media.***" Glucose-induced in-
crease of Ps is severely hampered, but not destroyed, when
cells are unable to monitor extracellular glucose while being
able to utilize it. However, when genes encoding components
of both thresholds are deleted, carbon source modulation of
Ps is completely lost. This finding suggests that Ps is set by
both intracellular and extracellular glucose. This implies that
the G1/S module is controlled by being wired to both a signal
transduction module that senses extracellular glucose and a
second module, most likely glucose metabolism itself, that is
dependent on intracellular glucose. While dysfunction of a
regulatory module only partially affects glucose-modulation
of Ps, disruption of components of both thresholds, that is,
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the actuator module, completely abolishes glucose control
over Ps.

Molecular Alterations of Proteins Involved in
Cell-Cycle Regulation in Transformed Mamma-
lian Cells: Focus on the Module Controlling G1
to S Transition

The experiments reported above have stressed the relevance
of two sequential Cki dependent thresholds, the first of which
is modulated by growth, as the key event for entry into S-
phase. We were prompted therefore to investigate how trans-
formation affects putative molecular determinants of the two
thresholds which control entry into the S-phase. The first one
involves Cdk4 and cyclin D and the second Cdk2 and cy-
Clin E_[27—29]

A large body of literature on the alteration of expression, lo-
calization, function, and interaction ability of Cdks, cyclins, and
Ckis in transformed cells has appeared in recent years. Without
any attempt to be exhaustive, these alterations include:

e Amplification, over-expression of Cdk4 (and Cdk6);®**¥ mu-
tations in cdk4- and cdk6-encoding genes that reduce the
ability of the proteins to be inhibited by Ckis.”** These
mutations lead to misregulation of Cdk4 and 6 kinase activ-
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tumor aggressiveness.® Besides, altered p27“P’
localization, from nucleus to cytoplasm, it has
been reported in carcinomas®*® and has been
shown to correlate with a more aggressive clinical
behavior and decreased survival. Cytoplasmic lo-
calization may result from phosphorylation of
p27""" by the oncogenically activated kinase Akt/
PKB®%® or by sequestration of p27 in the cyto-
plasm by cyclin D-Cdk4/6 complexes. Both Ras/
Raf/Mek and PI3K/Akt pathways can thus regulate

Master Control

Resetting

MITOSIS e,

@

p27X%" localization by their direct effect on cy-
E c, clin D levels. Point mutations, and deletions of
1 genes encoding Ink proteins as well increased Ink
Mo N G | § G, y|End1} End2 M | End3 protein degradation have also been report-
i l}' ! ! 9 e 160.69-72)
fast growth
GROWTH o
L hyperactivation The relevance of Cdks, cyclins and Ckis for transfor-

mation has been further supported by studies on
transgenic animal models.

e Targeted disruption of Cdk4 in mice delays cell-
cycle entry and has been associated with in-
creased binding of p27 to cyclin E-Cdk2 and di-
minished activation of Cdk2, accompanied by im-
paired Rb (retinoblastoma) phosphorylation.””
The same cdk4”~ mice were also significantly
smaller indicating that normal Cdk4 expression is

Figure 2. Modeling the sequential interconnections between the main modules of cell-cycle
progression. The cell-cycle blueprint is given by three functional units: a Start function that
allows the onset of the S-phase when a critical protein level has been achieved, that is,
when the Far1-CIn3 threshold is achieved, followed by a cascade of three cyclin subsystems
(indicated as C1, C2, C3) and an End function that comprises the events from the onset of
mitosis to cell division. & and © indicate that cyclin and Cki act as the positive and nega-
tive component of the threshold mechanism, respectively.
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ity, dramatically affecting the progression in the cell cycle
and the onset of malignant transformation, as confirmed
by studies with mouse models.**>"! Genetic or epigenetic
alterations of Cdk2 and Cdk1 have rarely been described in
human tumors.

Over-expression,”® gene amplification, polymorphism of
cyclin D1 and, with lesser frequency, cyclin D2 and D3.5%¢”
Interestingly also a polymorphic germ-line mutation of the
cyclin D1 gene, which is possibly involved in human carci-
nogenesis, has been reported. It gives rise to a cyclin D1
protein with a longer half-life, which possibly allows an
over accumulation of cyclin D1 in the cell, and in turn pro-
motes increased cell proliferation, and thereby elevated
risk of cancer development.*"®? Ampilification, over-expres-
sion or altered post-transcriptional regulation of cyclin E1
and 2, cyclin A1 and 2 and cyclin B1 and 2 have also been
reported. Notably over-expression of cyclin A2 is associated
with a poor prognosis in several types of cancer and cyclin
A1 is highly expressed in acute myeloid leukemia and tes-
ticular cancer.”®

p21°" has not been found to be mutated in human can-
cers: it is a direct target of p53, its function in tumors is
strictly correlated with p53 status, the most commonly mu-
tated gene in human cancers.® The homozygous loss or
silencing of the p27"*'-encoding locus is extremely rare,
but decreased p27“P' protein expression and/or enhanced
degradation has been reported for a number of human
tumors and has been correlated with poor prognosis and

58]

© 2004 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim www.chembiochem.org

critical for optimal growth of the organism.”¥ On

the contrary over-expression of Cdk4 in mice re-
sults in increased proliferation, hyperplasia, and hypertro-
phy.P%3”7 As seen in mice, coexpression of cyclin D and
Cdk4 coordinately increases rates of both cell growth and
cell-cycle progression, resulting in faster rates of cell divi-
sion.” In this scenario, deletion, inactivation and delocal-
ization of p27, resulting in a loss of its activity, induces a
major activation of cyclin D-Cdk4 complex and increased
growth and proliferation.
Transgenic mouse models in which the cyclins D1, E1 and
A1 were over-expressed, show increased proliferation and
tumor susceptibility.”’"? Cyclin D1-deficient mice are small-
er, as seen in cdk4™'~ mice, which also indicates prolifera-
tion and/or growth defects.
The involvement of the four members of the Ink4 family in
the regulation of the cell cycle in normal and cancer cells is
being elucidated by genetically modified mice.®” This gives
us a more clear representation of the role of these cell-
cycle regulators in normal and pathological processes. Mice
deficient for both p16™* and p19" are viable but highly
prone to tumors, and succumb to lymphomas and fibrosar-
comas early in life.®" This indicates that Ink4a encodes
growth inhibitory proteins that act upstream of the Rb and
p53 proteins. Genetically modified mice for the Kip/Cip
family have clarified the role of this family in the tumor
suppressor pathway, and in identifying p27 as a haploinsuf-
ficient tumor suppressor. Tumor suppression capacity of
p27 is critically dependent on the absolute level of p27 ex-
pression suggesting that p27 acts as a rheostat rather than
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as an on/off switch to control growth and neoplasia.®? An-
other important feature of p27 null mice is the appearance
of a gigantism phenotype, indicating involvement of p27
in tissue growth and proliferation.

When considered in the frame of the two thresholds model
of the cell cycle presented above, the great majority of the
molecular alterations discussed appear to converge to change
the setting of two thresholds controlling entry into the S-
phase and to facilitate overcoming it. Coordination between
growth and cell-cycle progression should then be altered with
a tendency to yield smaller cells. In fact either a reduction in
the level of the Cki (Figure 1B) or an increase in the level of
the cyclin activator subunit (Figure 1C) should result in the an-
ticipated execution of the threshold. This could event put a
significant selective constrain on the clonal evolution of mam-
malian cells.*"*”!

Signal Transduction Pathways Involved in Cell-
Size Control in Multicellular Organisms

The findings summarized above and the hypothesis that trans-
formation may alter coordination events that ensure cell size
homeostasis, make the brief summary of the general picture
emerging from the available data on the regulation of cell-
cycle control in cells of multicellular organisms relevant. As dis-
cussed in a previous paragraph, evidence collected in organ-
isms ranging from fission yeast to unicellular algae, from flies
to mammalian cells, indicate that entrance into S-phase (or
eventually into M-phase) requires the attainment of a critical
cell size.®*? Yeast and mammalian cells may share both nu-
trient and external signaling control over cell-cycle entry.*”
The relevance of these two classes of regulatory controls
might be widely different in different species and cell types,
up to a point, when one or the other mechanism may become
cryptic under laboratory conditions. Our recent findings that in
yeast, glucose affects the setting of the cell sizer mechanism
through a G protein-coupled receptor system, independently
of its energy-supplying role,*? point in this direction. An in-
creasing number of reports have shown a similar way to regu-
late cell growth and cell division in Drosophila. In fact genetic
studies have highlighted the role of the insulin pathway in reg-
ulating cell and tissue growth. Loss-of-function mutations as
positive regulators of this insulin pathway result in a reduction
in the cell size and slower cell-cycle progression. On the con-
trary, over-expression of these genes, or loss of function of in-
hibitors of this pathway (PTEN) induce increased cell size with-
out altering the duration of the cell cycle (under optimal con-
dition). These results have been explained by a shortening of
the G1-phase in parallel with an increase in the length of the S
and G2-phases. Detailed analysis of the insulin pathway indi-
cates that it is involved in two fundamental processes: regula-
tion of the translational capacity of the cell and therefore the
rate of mass accumulation on one side, and induction of cell-
cycle progression and therefore cell division on the other.
Recent results indicate that Akt, a downstream target of the in-
sulin pathway, has the ability to positively regulate the level of
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Cdk4 and cyclin D1, and negatively regulate that of p21 and
p27 inhibitors.® Studies of these proteins in different model
organisms, such as Drosophila and mice, have underlined the
capacity of these cell-cycle regulators to coordinate cell
growth and proliferation. These and other observations have
led to the idea that cyclinD and Cdk4 can act both as a
growth sensor and as a growth driver (reviewed in ref. [84]).

Ras-Transformed Cells Show Distinctive Altera-
tions in the Molecular Circuits Controlling
Entry into the S-Phase

The availability of an experimental system in which to investi-
gate specific transformation events affecting the control of
entry into S-phase could enable the pursuit of this line of
thought. Mutation of the ras gene is a critical event in the
onset of different malignant phenotypes. Ras proteins are in-
tracellular switches the activation states of which (i.e., their
binding to GDP and GTP) controls downstream pathways lead-
ing to cell growth and differentiation. Their activation state de-
pends on the competing action of GTPase activating proteins
(GAP) and guanine nucleotide exchange factors (GEF). Altering
this fine balance by deregulation of either GAP or GEF activity
might result in hypo- or hyper-activation of downstream path-
way(s), so that, for instance, over-expression of a GEF or inacti-
vation of a GAP coulld both result in cell transformation.®%!

Research performed in our laboratory indicates that a single
amino acid change within the catalytic domain of the mamma-
lian GEF, CDC25™™, turns the molecule into a dominant nega-
tive protein (GEF-DN).®”’ The mutant is able to efficiently dis-
place wild-type GEF from p21™ and to give rise to a stable
Ras—GEF binary complex, due to the reduced affinity of the nu-
cleotide-free Ras—-GEF complex for the incoming nucleotide.®”
This “Ras-sequestering property” can be utilized to attenuate
Ras signal transduction pathways in mouse fibroblasts trans-
formed with oncogenic ras. In fact over- expression of the
GEF-DN in k-ras transformed fibroblasts, derived by transfec-
tion of an activated k-ras gene into NIH/3T3 cells, strongly re-
duces intracellular Ras-GTP to a level similar to that observed
in untransformed fibroblasts. Accordingly, stable cell lines of k-
ras transformed fibroblasts expressing GEF-DN revert to wild-
type phenotype with respect to morphology, anchorage-inde-
pendent growth and stark reduction of tumor formation in
nude mice

The above described cell lines represent a useful model
system in which to study the Ras-dependent alteration of reg-
ulatory circuits that lead to cellular transformation in mouse fi-
broblasts. Studies are presently ongoing in our laboratory by
using a combination of transcriptional profiling, molecular
physiology and nutritional perturbations to reconstruct the
regulatory network controlling the G1 to S transition in normal
(NIH/3T3), transformed (NIH-ras), and reverted cell lines (NIH-
ras-DN). NIH-ras cells show enhanced proliferation possibly be-
cause of their sustained ability to divide at higher cell densi-
ties, conditions in which normal NIH/3T3 cells stop growing.
Expression of such an increased growth potential requires a
high initial glucose concentration (25 mm) in the medium,
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since the selective advantage of NIH-ras cells was lost upon
growth in suboptimal glucose concentrations (1 mm), as well
as a sustained Ras pathway activation since GEF-DN expression
dramatically reduces proliferation ability. Notably, the transcrip-
tional profile of NIH-ras-DN was similar, though not identical to
that of the parental cell line, indicating that NIH-ras-DN cells
are not simple molecular phenocopies of the parent cells, de-
spite sharing many similar phenotypic properties. NIH-ras cells
show alterations in the G1/S transition and control of cell size
compared to normal cells. In NIH-ras cells the up-regulation of
several components of the thresholds governing the G1/S tran-
sition combined with the activation of the Akt pathway may
indeed result in larger cells, as observed®(Figure 1D). Given
the dual role played by Cki in regulating Cdk activity (pro-
motes complex formation in the cytoplasm and inhibits kinase
activity in the nucleus), nonlinear and nonintuitive dynamics
are generated among the components of the threshold. Mea-
surements of the level of cyclins, Cdk and Cki, of the localiza-
tion, formation and activity of each Cdk complex, as well as
simulation of the dynamics of the network are currently under
way and will be used to clarify the differential regulation of
this important network in normal vs. transformed cells.

Toward a New Strategy for the Discovery of
Anticancer Drugs

The understanding of regulatory circuits that control complex
phenomena, such as cell growth and division, differentiation,
signal transduction pathways and their flexible yet robust
coping with ever changing environmental stimuli, appears rele-
vant in developing a new generation of selective and effective
drugs, that are much needed to combat major multifactorial
diseases such as cancer. A chief merit of the systems biology
approach in the study and control of physiopathological sys-
tems lies in shifting attention from individual molecules to net-
works of molecules. Such networks, and the properties inher-
ent in the networks, but not present in their individual compo-
nents, may thus be putative targets for drug discovery and
therapeutic intervention. The systems biology approach will
then be effective at different levels. It can:

o Contribute to target identification by highlighting the top-
ology of regulatory networks and suggesting “fragile” com-
ponents to be used as targets."” For instance making use
of detailed models of signal transduction pathways (see for
instance ref. [90]) to identify possible novel attack points
that can be used as drug targets. The concept of modular-
ization is here very important. Appropriate wiring of a
signal transduction pathway within a larger regulatory net-
work, that is, when the pathway becomes a module within
a larger system, could allow the failure of a therapeutic ap-
proach that might otherwise be nonintuitive when ana-
lyzed out of the appropriate cellular or tissue context to be
rationalized.

@ Make use of biological modeling to integrate diverse sets
of data to support the drug discovery process through the
exploration of hypotheses, in silico. For instance, hypothe-
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sis-driven approach to drug discovery could address selec-
tion of preclinical programs by exploring parameter space
of experimental variables, allow direct comparisons, and
predict outcomes while at the same time reduce expensive
“wet-lab” experiments.®"

® Make use of in vivo high throughput (systems level) meta-
bolic profiling to model the metabolic response of differ-
ent, specialized cells to changes in the environment, espe-
cially with respect to the interaction between metabolism
of endogenous and exogenous compounds.®”

e Contribute to the development of personalized therapy by
rationalizing the optimal choice of drugs as well as optimal
dosage and scheduling by using knowledge of cellular and
intercellular dynamics, based on the identification of specif-
ic targets for each individual patient."

Figure 3 shows selected signal transduction, regulatory cas-
cades and metabolic modules involved in tumor formation
and a low resolution, partial wiring among them. The cell-cycle
module is represented within the nucleus. The two thresholds
governing the G1/S transition as well as Cdks and cyclins
acting as their inputs are shown. Direct (positive and negative)
regulatory links from growth factor and signaling pathways to
Cdk and cyclin accumulation are illustrated. One of the major
pathways mediating growth factor action, the Ras pathway, is
indicated. For clarity, explicit Cki and cyclin input is shown only
for the first threshold. Metabolism is directly related to nutrient
supply as well as being regulated by growth factors and hor-
mones. Energy metabolism in turn affects, through still largely
unknown mechanisms, cell-cycle execution. A possible direct
link from nutrient and energy supply to the cell cycle as well
as a putative feedback of cell cycle on energy metabolism is
shown by dotted lines. Energy metabolism provides ATP to
cells, while mitochondrial malfunctioning may increase apopto-
sis and hence decrease replicative lifespan. Uncontrolled cell
proliferation results from the inability of a cell to respond to
negative growth signals and/or to become independent of
positive growth signals. Tumor growth results from the com-
bined uncontrolled proliferation potential and escape from
apoptosis, increased angiogenesis and cell motility (see
refs. [13,14,17] for more details).

The acquired ability of ras-transformed fibroblasts to prolif-
erate even under conditions of growth factor shortage and/or
high density® is a robust property of transformed cells that
maintain proliferation ability regardless of perturbations such
as growth factor withdrawal or high cell density (red boxes). At
the same time, this acquired robustness comes at the price of
an acquired fragility, that is, the exquisite sensitivity of NIH-ras
fibroblasts to shortage in nutrient and energy supply (i.e.,
growth in low initial glucose concentration, white box). Normal
NIH/3T3 cells cope with nutrient shortage most likely by gain-
ing a larger fraction of their energy budget by oxidative
means. NIH-ras cells, on the contrary, loose sustained ability to
enter S-phase and die by apoptosis.

Such an acquired fragility could make tumor cells more vul-
nerable to an appropriate dosage of a drug limiting glucose
uptake or utilization, such as 2-deoxy-b-glucose (2-DG) and 3-
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shown to be able to enhance

Replicative lifespan

the effect of radiation therapy.'*
Other examples of combined
therapy which use 2-DG in vivo

were reported with chemothera-
peutic agents such as paclitaxel

Mutrient and
energy supply

f

{Tumor) &M

and adryamicin, which work as
antiangiogenic and or antiHIFa
agents. This combination was
found to increase the hypoxic
state of these tumors, which lead
to enhanced efficacy of 2-DG
and reduced tumor mass, with
direct influence on proliferation
of tumor cells."®*' Another im-
portant application related to a
modified form of 2-DG is the di-
agnosis, staging and therapy
monitoring of tumors by using

growth

Uncontrolled cell
proliferation

Tumor

Chemokines,
uPA/uPAR

fluorine-18  fluorodeoxyglucose
combined with positron emission

Cell motility. tissue
invasion, melastasis

Figure 3. Low-resolution, partial blueprint of the cell-cycle module—represented within the cell nucleus—with differ-
ent modules affecting tumor growth. Uncontrolled cell proliferation results from the inability of a cell to respond to
negative growth signal and/or to become independent of positive growth signals. Tumor growth results from the
combined uncontrolled proliferation potential and escape from apoptosis, increased angiogenesis and cell motility.

bromo-pyruvic acid, than normal cells. Since NIH-ras cells dye
by apoptosis, the apoptosis module could be a valuable target
for a combined therapy, as indeed suggested by recent reports
on cancer cells grown in vitro.”**¥ On the contrary, no at-
tempts should be made to combine a drug which limits glu-
cose uptake or utilization, with inhibition of the Ras pathway.
In fact down-regulation of the Ras pathway eliminates tumor-
induced fragility towards low glucose regimens. This effectively
eliminates the network that is the target of the first drug,
which would thus become ineffective.

The rationale behind the pharmacological use of 2-DG in
pharmacological approaches have been largely based on the
Warburg hypothesis®®” that cancer cells are inherently glycolyt-
ic. While this is still the object of debate (see ref.[98] for a
recent review), it should be stressed that what has to be tar-
geted is not glycolysis per se, rather the transformation-de-
pendent fragility of the interconnections among the metabolic,
cell cycle, and apoptosis modules (highlighted in yellow in
Figure 3). Such fragility appears to be quite diffuse among
cancer cells. Several recent reports have in fact shown that glu-
cose deprivation of human cancer cells cause cytotoxicity, as
well as activation of multiple signal transduction and gene ex-
pression pathways involved in maintenance of phenotypic
characteristics associated with malignancy, including angiogen-
esis and expression of cellular homologues of onco-
genes_[93,99—101]

Consistently, combined treatment of tumors in vivo, mouse
xenograft models and human trials, have indicated that inhibi-
tors of glycolysis could have widespread application within
combined therapies for a variety of tumor types. 2-DG was
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tomography (PET) imaging. This
technique provides a noninva-
sive way to asses tumor metabo-
lism and gives significant infor-
mation on the effects of com-
bined cancer therapy."®™'""

It is well known that the development of a malignant tumor
requires “cooperation” by other, nontumor tissues, for instance
the formation of new blood vessels that allow appropriate nu-
trient and oxygen supply to the developing tumor (Figure 3).
When the same hierarchical, modular approach described
above at the single cell level is extended from the transformed
cell to the tumor as a whole, appropriate wiring of input and
output from different cells and tissues and the study of the re-
sulting dynamics, becomes of even greater importance and
holds promise for the development of effective drug discovery
approaches and more efficient therapeutic protocols.”
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The Systems Biology of Glycosylation

Michael P. Murrell, Kevin J. Yarema,* and Andre Levchenko*!

Glycosylation can have a profound influence on the function of a
variety of eukaryotic cells. In particular, it can affect signal trans-
duction and cell-cell communication properties and thus shape
critical cell decisions, including the regulation of differentiation
and apoptosis. Regulation of glycosylation has multiple layers of
complexity, both structural and functional, which make its experi-

Introduction

The surface of virtually every living cell is decorated with a
layer of complex carbohydrates. In mammals, these sugars play
important structural and signaling roles that are indispensable
for the development and maintenance of the multicellular or-
ganism. The complexity of the glycosylation pathways that
manufacture and constantly remodel surface sugars is truly as-
tounding; this metabolic system utilizes many hundreds of
components that connect metabolism, biosynthesis, and cell-
signaling and -regulation events. We now increasingly accept
that reductionist approaches, where components of complex
systems such as glycosylation are studied alone, are often in-
sufficient for understanding the inherent complexity in biologi-
cal systems. More integrative methods have been termed sys-
tems analysis and emphasize global properties of robustness,
regulation, and control. Glycosylation provides a perfect oppor-
tunity to employ a systems approach on an important biologi-
cal system whose properties resist full definition when study
remains limited to a reductionist approach.

The advent of high-throughput technology and the genera-
tion of annotated genome sequences have facilitated great
strides in the reconstruction and quantitative treatment of bio-
chemical metabolic networks of systems as complex as entire
cells." A tight integration of modeling and experimental
studies enables the analysis of cells and organisms at the
genome level by complementing the narrowly focused charac-
terization of individual components. Metabolic systems, such
as the glycosylation pathways responsible for the biosynthesis
of cell-surface carbohydrates, are ideal for analysis by a sys-
tems approach as many computational and modeling tools
have been developed for their study. These developments in-
clude the availability of the corresponding annotated genome
sequences specifying glycosylation enzymes across different
organisms, an increasing knowledge of the various regulatory
mechanisms that these metabolic enzymes are subject to, and
the characterization of the highly diverse metabolic products.
The enzymes involved in glycosylation can be “promiscuous”
in their specificity or redundant, thereby complicating the anal-
ysis of metabolic synthesis and conversion.” In terms of regu-
lation, the activity of glycosylation enzymes can be controlled
by gene activation, repression, and direct protein-protein in-

ChemBioChem 2004, 5, 1334- 1347 DOI: 10.1002/cbic.200400143 © 2004 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim

mental and theoretical analysis difficult to perform and interpret.
Novel research methodologies provided by systems biology can
help to address many outstanding issues and integrate glycosyla-
tion with other metabolic and cell regulation processes. Here we
review the toolbox available for biochemical systems analysis of
glycosylation.

teractions that are often “fine-tuned” by the spatial localization
of these proteins. Furthermore, glycosylation is amenable to
experimental validation, as defects in enzyme regulation often
result in observable phenotypes. Thus, we propose that, by ap-
plying an integrative conceptual framework in studying global
glycosylation properties, advantage can be taken of the con-
siderable expertise that has been devoted to the systems
study of metabolism. At the same time, however, glycosylation
presents new challenges to the systems biologist/computa-
tional modeler; for instance, the incredible diversity of the
metabolic products of the glycosylation pathways, namely, the
collective complement of cell-surface carbohydrates, compli-
cates analysis. Furthermore, glycosylation often lies at the in-
terface between metabolism and cell signaling, thereby
making analysis even more demanding.

Complexity in Glycosylation

Glycosylation is a complex process that requires a major com-
mitment of cellular resources; it employs an estimated 2-3%
of the genes in humans and many high-energy intermediates.
The first step in glycosylation is the import of dietary sugars,
such as glucose, into a cell (Scheme 1, Step A). This is followed
by a series of phosphorylation, epimerization, and acetylation
reactions that diversify these sugars and convert them into
high-energy nucleotide sugar donors (Scheme 1, Step B, and
Scheme 2). These compounds serve as the “building blocks”
for the assembly of complex carbohydrates in the endoplasmic
reticulum (ER) and Golgi apparatus (Scheme 1, Step C, and
Scheme 3). The newly synthesized carbohydrates, which are
generally attached to proteins or lipids, are then transported
to the cell surface where they contribute to the interaction be-

[a] M. P. Murrell, Prof. K. J. Yarema, Prof. A. Levchenko
Department of Biomedical Engineering, Johns Hopkins University
3400 N. Charles Street, Baltimore, MD 21218 (USA)
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tween a cell and its environment by playing important struc-
tural and signaling roles.®®

A signature of glycosylation reactions is the immense multi-
plicity of chemical structures they produce. In combination
with the cellular machinery involved in the synthesis and mod-
ification of these complex carbohydrates, glycosylation pro-
cesses are very rich in products, even on the metabolic-system
scale. Carbohydrates exhibit greater structural diversity than
other cellular macromolecules, such as nucleic acids and pro-
teins, because each sugar residue has three or four different
hydroxy groups that can provide a point of attachment to an-
other monosaccharide unit, thereby allowing oligosaccharide
structures to form branches, as opposed to other macromole-
cules which typically form linear chains. As a result, in theory,
the nine common monosaccharides found in humans could be
assembled into more than 15 million possible tetrasaccharides,
all of which would be considered relatively simple glycans.”
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degree in biomedical engineering from
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The complexity of glycosylated molecules is increased still fur-
ther because many glycoproteins have multiple (sometimes
dozens) sites for the attachment of the sugar and each site
can host many different oligosaccharides. The prion protein
(Prp), for example, can be decorated with over 50 different
sugar structures at either of two different attachment sites.”
Interestingly, glycosylation variants of the diseased form of the
prion protein (PrPsc) influence the development of spongiform
encephalopathies, thereby providing just one of many exam-
ples where diversity in cell-surface carbohydrate architecture is
coupled with the development of disease-state phenotypes.
Uncovering the underlying connections between structure and
function is a daunting task considering that the heterogeneity
of the cell-surface carbohydrates makes characterizing even a
single glycoprotein a formidable challenge.

The complexity of carbohydrate structure is matched by the
intricacy of the intracellular mechanisms that produce glycans.

Andre Levchenko was born in Kishinev,
USSR, in 1970 and grew up in Siberia. He
received his BS and MS degrees in biologi-
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Scheme 1. An overview of mammalian glycosylation (Steps A-C) and a sampling of the metabolic and signaling connections formed by the “glycosylation machi-
nery” of a cell (Steps D-G). Please see the text for a detailed discussion and the tables for the full names of the monosaccharide intermediates, transporters, and en-

zymes involved in these processes (as well as those in Schemes 2-4.

Recent evidence contradicts the previously held central dogma
of glycobiology, that is, the “one-enzyme, one-linkage” rule
that was thought to govern glycosyltransferase activity.”) More
specifically, as progress continues in fully elucidating the con-
stituent components of the “glycosylation machinery”, more
than 250 enzymes devoted to oligosaccharide biosynthesis (in-
cluding glycosyltransferases) have been described and it has
been discovered that multiple enzymes are capable of catalyz-
ing exactly the same reaction. In other cases, a single enzyme
can catalyze the synthesis of more than one linkage. These
findings complicate attempts to connect a carbohydrate struc-
ture with a unique sequence of enzyme actions. Further com-
plicating the biosynthetic process is the fact that, unlike pro-
teins whose amino acid sequence is specified by a DNA tem-
plate, carbohydrate synthesis is not template based. Instead,
oligosaccharide biosynthesis results from a series of step-by-
step enzymatic conversions occurring in the ER and Golgi ap-
paratus and the final carbohydrate structures produced are
thought to depend largely on factors such as the transport of
nucleotide sugar donor “building blocks” into these organelles
and the spatial orientation of the biosynthetic enzymes.

ChemBioChem 2004, 5, 1334-1347 www.chembiochem.org
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Glycosylation Is Tied to Other Cellular
Processes

The complex glycosylation pathways of a cell do not exist in
isolation; instead they are intimately connected and inter-
twined with other critical metabolic and regulatory networks
of a cell (Scheme 1). For instance, the major dietary sugar glu-
cose is not used exclusively for biosynthesis of larger carbohy-
drates, but rather the majority of it enters the “hexosamine
pathway” (Scheme 1, Step D)'” where it is converted into Fru-
6P, which is in turn used for energy production through glycol-
ysis. Interestingly, Fru-6P can also be converted into GIcNAc,
which is used as a building block for glycosylation. Also, phos-
phoenol pyruvate (PEP), a product obtained from Fru-6P
through glycolysis and the Krebs cycle, is a required cosub-
strate in the sialic acid biosynthetic pathway. Diversion of met-
abolic flux from the hexosamine pathway for these purposes is
expected to alter the formation of UDP-GIcNACc (itself used for
glycosylation), a compound whose concentration largely deter-
mines the extent of O-GIcNAc protein modification within a
cell (Scheme 1, Step E). O-GIcNAc protein modification is a
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after they are transported into the ER or Golgi compartments (dashed lines).

posttranslational addition of a single GIcNAc to hundreds of
different cytosolic proteins; this modification influences the ac-
tivity of the host protein and is emerging as a major intracellu-
lar regulatory/signaling mechanism that affects many cellular
behaviors (Scheme 1, Step F).l"*™

Apoptosis provides an illustrative example of how intracellu-
lar glycosylation processes and cell-surface carbohydrates
engage in a complex interplay to modulate important biologi-
cal events. First, in intracellular events, the above-mentioned
O-GIcNAc protein modification reaction is connected to the
regulation of apoptosis. Overall levels of O-GIcNAc proteins are
up-regulated in cells undergoing stress; this increase functions
as a prosurvival mechanism for the affected cell. Upon exceed-
ing a certain stress threshold, however, O-GlcNAc protein levels
rapidly decline and the apoptotic program is allowed to pro-
ceed."? Another intracellular connection between apoptosis
and glycosylation is emerging wherein the rate of metabolic
flux through the sialic acid pathway appears to play a role in
modulating apoptosis (Scheme 1, Step G)."® The surface-dis-
played products of the intracellular pathways are also involved
in apoptosis. For example, a reduction in sialic acid presented
on specific cell-surface markers, such as Fas, sensitizes a cell to
apoptosis;™™ similarly, overall cellular levels of sialic acid de-
cline during apoptosis. By contrast, an increase in sialic acid on
another cell-surface protein, CD43, occurs during early onset of
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apoptosis.'® The challenge is to define how different individual
forms of surface sialic acid are simultaneously up- (CD43) or
down- (Fas) regulated during apoptotic cell death when the
only known regulator of sialic acid biosynthesis, the GNE
gene,"” lies far upstream of these two metabolic products and
should affect the production of each sialoglycoprotein equally,
according to current understanding.

Considerations in Modeling Glycosylation

The process outlined above where cellular energy utilization,
O-GIcNAc protein  modification, and surface carbohydrates
engage in a complex interplay to govern a crucial biological re-
sponse such as apoptosis provides only one of many possible
examples that could be used to illustrate how glycosylation in-
volves a level of complexity that can ultimately only be under-
stood by employing an integrated systems approach. To fully
understand how this complex system works in healthy cells, as
well as to discover how glycosylation-modulated behaviors
contribute to the progression of disease states, we propose
that it is necessary to identify the systems properties of glyco-
sylation, to determine the mechanisms of control and regula-
tion, and to elucidate the critical elements that determine the
fragility and robustness of the underlying biochemical process-
es to various perturbations. Applying a systems-level analysis

ChemBioChem 2004, 5, 1334-1347
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tial and realized metabolic connections that need to be considered when building a rigorous model. For instance, both exogenously supplied ManNAc and Neu5Ac
can gain access to the pathway although no specific transporters have been identified. Also, the renin-binding protein (RENBP), although not expressed in all cells,
provides an alternative means of ManNAc being supplied into the pathway (or flux being diverted away from the pathway). Upon production of the CMP-Neu5Ac
“building blocks”, these compounds contribute a sialic acid residue during the assembly of sialoglycoconjugates. The final biosynthetic step is catalyzed by a suite
of sialyltransferases (SIATnx)that work in parallel to provide .2,3-, 0.2,6-, or a.2,8-linked sialoglycoconjugates, as discussed in more detail in the text.

to glycosylation, however, presents unique challenges to the
researcher and efforts to model this system have lagged
behind other well-studied networks such as the MAP kinase'®
or NF-kappaB"? pathways. Briefly stated, a systems study of
glycosylation requires the simultaneous incorporation of three
lines of investigation, up to now typically addressed separately
but with limited success, into one coherent modeling effort.
These aspects are a) integrating the catalytic and spatial as-
pects of carbohydrate biosynthesis, b) studying the role of gly-
cosylation at the intersection of metabolism, cell adhesion, and
signaling, and ¢) accounting for how metabolic products can
be “fine-tuned” in myriad ways. Each of these factors will be
discussed briefly, with the intention not to provide a definitive
guide to how glycosylation should (or must) be modeled but
rather to motivate the investigation of the underlying systems
properties in glycosylation and spark interest in the develop-
ment of new approaches to its study.
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Carbohydrate Biosynthesis Involves Both
Catalytic and Spatial Considerations

As mentioned above, the application of a computational ap-
proach to study the systems properties of glycosylation in-
volves unique and novel challenges. Consequently, it is benefi-
cial to briefly consider the basic subsystems and elements that
need to be included in initial efforts to model glycosylation. In
the past, attempts to apply computational approaches to gly-
cosylation were performed with the assumption that consider-
ation of the metabolic processes that occur in the ER and
Golgi, where the glycans are actually assembled and diversi-
fied, was sufficient. For example, Monica and co-workers as-
sumed that CMP-Neu5Ac, the building block for sialic acid bio-
synthesis in human cells, was maintained at saturating concen-
trations in the Golgi and competition between the various sia-
lyltransferases that produce a2,3-linked, a2,6-linked, or a2,8-
linked sialosides was the primary factor to consider in model
production (Scheme 3).2% It is now known that this approach
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was over-simplified and at least two additional factors must be
considered: the availability of nucleotide sugar donors in the
ER or Golgi and the expression and spatial localization of the
biosynthetic enzymes. Each issue will be discussed briefly in
the following paragraphs.

In-depth analysis of the mechanisms responsible for glycosy-
lation indicates that the supply of nucleotide sugar donors
into the Golgi or ER can play a defining role in determining
the finer details of cell-surface architecture. In one study, cer-
tain galactose-containing products are made normally (heparin
sulfate, chondroitin 4-sulfate) while others are severely reduced
(glycoproteins, glycolipids, keratin sulfate) when UDP-Gal is
limited.”" An altered supply of nucleotide sugar donors in the
ER or Golgi can result from two different metabolic abnormali-
ties. The first type of abnormality is illustrated by the congeni-
tal disease leukocyte adhesion deficiency Il (LADII), which
occurs when defective GDP-Fuc transport into the Golgi results
in a decrease in the availability of this nucleotide sugar donor
to the glycosyltransferases that collectively assemble oligosac-
charides displayed on the cell surface.?® This transport
defect results in decreased N-linked glycosylation but little
change in O-linked glycosylation.”” Thus, while the bulk levels
of fucosylation have not changed significantly, the altered pat-
tern of glycosylation, where certain crucial epitopes such as
blood group antigens or selectin ligands are defective, leads to
clinical manifestation of the disease. The second type of meta-
bolic abnormality is the up- or down-regulation of nucleotide
sugar production in the cytosol. The sialic acid biosynthetic
pathway (Scheme 3), which produces CMP-Neu5Ac for trans-
port into the Golgi, provides an example of both regulation
abnormalities. When the key regulatory enzyme, GNE, suffers
one type of single amino acid mutation, feedback inhibition is
lost and sialic acid production increases by several hundred
times, thereby resulting in the disease sialuria.?*>3” A second
set of single amino acid mutations reduce the activity of this
enzyme and result in a different human disease, hereditary in-
clusion body myopathy (HIBM).B'-33

Sialic acid metabolism provides an intriguing system to
begin a detailed computational modeling study of glycosyla-
tion. This subsystem of glycosylation is considerably more
complex than shown in Scheme 2 or in many reviews of sialic
acid metabolism.****! Indeed, the core “pathway”, designated
in gray shading, is amplified in Scheme 3 to show that the
metabolic machinery involved in the positioning of just one of
the nine monosaccharides incorporated in human glycans is
highly complex. Moreover, two important considerations
remain for the elements shown in Scheme 3. The first is the
regulation of the expression of both the Golgi-localized sialyl-
transferase and the pre-Golgi “pathway” enzymes. This consid-
eration is important because, in the past, attempts to model
metabolic flux without considering the regulation of the en-
zymes involved have led to the construction of models with
poor predictive abilities in general®® and for sialic acid in
particular.”® Accordingly, another factor to consider when pro-
ducing a computational model of glycosylation is the effect of
metabolic flux on the constituent biosynthetic enzymes. The
second important consideration is the spatial localization of
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the sialyltransferases that install sialic acid residues onto the
nascent oligosaccharide under synthesis. As indicated in
Scheme 3, overlapping sets of these enzymes produce 02,3-,
02,6-, and a2,8-glycosidic linkages on either protein- or lipid-
hosted carbohydrate structures. Current understanding is that
the exact placement of each type of linkage is largely deter-
mined by the exact spatial localization of each glycosyltransfer-
ase in the ER or Golgi;®**” these results suggest that emerging
efforts to incorporate spatial features into modeling studies
will be crucial to successful computational approaches to un-
derstanding glycosylation.

Glycosylation Lies at the Intersection of
Metabolism, Adhesion, and Cell Signaling

Typically, systems level approaches to modeling in metabolism
have focused on the output of secreted molecules or on the
optimization of factors such as energy production, cell growth,
or increase in bulk levels of biomass but not on persistent
changes such as those seen in cell-surface carbohydrate archi-
tecture and the intracellular processes that produce them. The
example of apoptosis discussed above provides one situation
where surface-displayed sugars remain intricately connected
to, and continue to regulate, both the metabolic pathways
that synthesize them and other aspects of cellular function;
many other equally important examples are known, including
the interaction of growth-factor receptors with intrinsic tyro-
sine kinases,*"*? modulation of integrin function,***! and acti-
vation of cytoplasmic signal transducers, such as Src family ki-
nases and small G proteins.®%** The complexity of events
mediated at the cell surface can be seen by considering the
“glycosynapses”, which are microdomains characterized by dis-
tinctive clustering of glycolipids or glycoproteins. Three types
of glycosynapses are now known, each having the ability to si-
multaneously interact with key sets of transmembrane recep-
tors or signal transducers and modulate cell adhesion and mo-
tility.” Tying all these complex systems together based on
their common connections to glycosylation will require an in-
tense level of investigation for the foreseeable future.

Carbohydrate Biosynthesis Produces
“Fine-Tuned” Products that Remain Subject
to Dynamic Modification

Perhaps paradoxically, the many large-scale influences of glyco-
sylation in cellular processes are often determined by very
slight or subtle chemical changes to carbohydrate structure.
Furthermore, such molecular-level “fine-tuning” is often tran-
sient and reversible, thereby allowing dynamic modulation of
signal transduction and cell adhesion. Once again, sialic acid
can be used to provide an illustrative example. As shown in
Scheme 4A, multiple posttranslational modifications control
the activity of the sialyl Lewis X (sLe¥) tetrasaccharide in the
leukocyte homing process. sLe* has been shown to function as
a ligand for all three (E-, L-, and P-) selectins when studied by
in vitro assays but in vivo specificity is more highly stringent
and is determined by several factors. First, the identity of the
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Scheme 4. Postsynthetic modifications fine-tune the activity of cell surface carbohydrates. Subtle postsynthetic chemical modifications to cell-surface carbohydrate
epitopes influence important cellular behaviors including leukocyte homing (panel A) and function as a switch between proliferation and apoptosis (panel B). Each
of these examples is discussed in more detail in the text. The * and # symbols are visual aids to direct attention to the chemical changes taking place.

host molecule plays a role in specificity; sLe* is a ligand for P-
selectin when attached to PSGL-1, but it is a ligand for L-selec-
tin when presented on CD34 or Glycam-1 and a ligand for E-
selectin when it is hosted by a ganglioside.”® Further discrimi-
nation is achieved by sulfation of position 6 of the GIcNAc
and/or galactose residues (Step 1); this modification is required
for binding to L-selectin under physiological conditions.”*>"
Further modification of the sialic acid residue of sLe* by step-
wise de-N-acetylation of position 5 (Step 2) followed by cycliza-
tion of the sialic acid residue (Step 3) inhibits binding to L-se-
lectin. It has been proposed that these two posttranslational
modifications of sLe* allow the immune system to control the
recruitment of leukocytes at different rates during routine
homing and inflammation. The negative feedback sialic acid
cyclase system allows routine homing of leukocytes at a “slow
and steady” rate, whereas massive accumulation of lympho-
cytes to sites of inflammatory lesions is mediated mainly by
the interaction of nonsulfated sLe* with P-selectin.”"*?

A second example of the role of sialic acid in modulating
key cellular events is given in Scheme 4B where the subtle
changes in sialic acid structure dramatically affect cellular deci-
sion processes by acting as a switch for proliferation and apop-
tosis modes. More specifically, when the glycolipid lactosylcera-
mide (LacCer) is converted into the Gy; ganglioside by addi-
tion of a single 0.2,3-linked sialic acid residue (Step 1), this met-
abolic product is weakly or moderately proapoptotic in many
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cell types®®® but stimulates cell proliferation when it is further
converted into the de-N-acetyl form (Step 2).*"* In an alterna-
tive modification of Gy, the addition of an a2,8-linked sialic
acid residue produces the Gp; ganglioside (Step 3), which is a
potent inducer of apoptosis; interestingly, 9-O- or 7-O-acetyla-
tion of the terminal sialic acid residue of Gp; (Step 4) produces
AcGps, a molecule with antiapoptotic properties.”*>*¥ The abili-
ty of cells to rapidly modify their cell-surface expression of oli-
gosaccharides in response to internal signals or extracellular
stress in these subtle manners illustrates how minor local
changes can have global, whole-cell repercussions that poten-
tially involve numerous cell-regulation pathways. The resultant
implications for cell-wide behavior are that command of cell-
wide fragility can occur on the molecular scale and the effects
of local changes to carbohydrate structure resonate to various
global processes. Careful attention to detail in modeling efforts
will be required to ensure that minor local glycosylation
changes are not overlooked amid much larger system-wide
changes.

Methods of Systems Analysis

As discussed above, a systems-level analysis of glycosylation
must relate the large-scale interactions that contribute to car-
bohydrate synthesis and cell-surface presentation with single
molecule-level processes that fine-tune product conversion in
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individual reactions. One of the important aspects of systems
analysis is the identification of key regulation mechanisms that
occur across both levels, from the molecular feedback inhibi-
tion of allosteric enzyme binding, such as the GNE enzyme in
the sialic acid network, that affects an entire biosynthetic path-
way (Scheme 3) to the impact of an event such as conversion
of Gy; into Gp; (Scheme 4B). This latter event, while only in-
volving one of over a dozen or more sialyltransferases found in
a cell and only one of hundreds of different metabolic prod-
ucts bearing sialic acid, has the potential to trigger apoptosis
and completely shut down sialic acid biosynthesis."” These ex-
amples show that, while systems properties have been identi-
fied in various extensively studied metabolic pathways, glyco-
sylation provides a rich conduit from which we can explore
the complexity of these intracellular mechanisms by observing
the resultant cell-surface characteristics, that is, the diverse
structure of complex carbohydrates can act as “signatures” of
unique sequences of intracellular events. Up to now, there
have been few attempts at modeling glycosylation; however,
we predict that constraint-based methods, such as metabolic
flux analysis (MFA), and more quantitative approaches, such as
metabolic control analysis (MCA), can identify these mecha-
nisms to benefit the study of carbohydrate synthesis and sur-
face presentation. Owing to the relative infancy of modeling in
glycosylation, we will merely provide the biochemist with an
overview of analytical and computational methods currently
used to study many metabolic systems and thereby motivate
extension of the analysis to glycosylation. In particular, empha-
sis will be placed on the connections between the intracellular
metabolic processes that produce glycans and the surface as-
pects that present them, as these are often complex and in-
volve many large-scale regulatory motifs, including both syn-
thesis in the forward direction and recycling of surface sugars,
as well as the influence of signaling.

Constraint-Based Modeling in Metabolic
Systems

In one approach to modeling metabolic systems, entire bio-
chemical reaction networks can be expressed as systems of
linear equations, with parameters representing the stoichio-
metric coefficients. These equations can be further represented
by an (m,n) stoichiometric matrix S of m metabolites and n re-
actions. More technically, the stoichiometric matrix is a linear
transformation of an n-length vector of the system variables,
the metabolic fluxes (v), which describe the rates of metabolite
conversion. The result is a vector of time derivatives of metab-
olite concentrations, which when expressed at a steady-state
yield steady-state fluxes. It can also be viewed as mass-balance
constraints on the system, conferred by the stoichiometric re-
action coefficients. This is known as the nullspace of the linear
system [Eq. (1)].5”

Sv=0 (1)

The solutions of Equation (1) are often not unique and addi-
tional assumptions, such as reaction capacities, are used to fur-
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ther constrain the possible solution space (an approach
common to flux balance analysis®®*? (FBA)). This establishes a
limit on the enzyme turnover rate and allows us to study the
flux distributions in more detail. Specifically, from some experi-
mental considerations, one can assume that certain fluxes
must be within the capacities given in Equation (2), where Ib;
and ub; are the lower and upper bounds on the reaction flux v;
(where i indicates the index for the fluxes). They would also be
subject to thermodynamic constraints expressing the generally
valid assumption that each irreversible reaction flux must pro-
ceed in the forward direction and would therefore need be
nonnegative, so Equation (3) would apply.

Ib; > v; > ub; (2)

v, >0 3)

This is obviously true for the fluxes that act as the input and
output of the pathway. Furthermore, the elimination of ther-
modynamically infeasible solutions can further constrain the
solution.®™ Given sufficient constraints, whether they originate
from thermodynamics, mass balance, or enzyme capacities, we
can fully characterize the system, thereby yielding precise re-
gions of allowable metabolic flux.®®

This stoichiometric method of representation is useful from
a systems perspective, as the stoichiometric matrix contains in-
formation about the topology or connectivity of reaction spe-
cies, which is very important in determining the properties of
the network.®"%? Modeling in metabolism typically aims at de-
termining a unique (or precise) set of metabolic flux distribu-
tions in a pathway or identifying the elements that can control
or yield an optimal flux. In this methodology, one is not re-
quired to specify the actual functional form of kinetic equa-
tions governing the chemical reactions. Rather, one is satisfied
with the simple notion of flux values. These are the central
premises behind classic modeling methods, such as MFA, and
are extended for more sophisticated methods of pathway re-
construction, such as FBA, elementary node analysis,”® and ex-
treme pathway analysis.®¥ It also provides a more conceptual
framework for more precise methods, such as MCA.

Metabolic Flux Analysis

Metabolic flux analysis is a constraint-based method for model-
ing biochemical reaction networks that relies on reaction stoi-
chiometries and mass balances to determine a precise distribu-
tion of fluxes.® |t takes metabolic fluxes as its system vari-
ables and applies constraints to reduce their allowable ranges
(the S matrix above). Each metabolite is considered a “pool”,
where the rates of transfer into the pool must be balanced
with what exits the pool. The way to analyze this transfer is de-
termined by the difference between the number of unknown
fluxes and the metabolites, known as the degrees of freedom.
The number of measured fluxes can therefore be equal to, less
than, or greater than the degrees of freedom. In the case
where there is an equal number of measured fluxes and de-
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grees of freedom, the system is uniquely determined and the
linear relation in Equation (1) has one solution, which would
then satisfy MFA. A unique solution however is rare and it is
more common that the degrees of freedom and the measured
fluxes are unequal. In cases where there are more measured
fluxes, the system is overdetermined and there is redundancy
in the system. This redundancy can be exploited to get more
precise estimations on both the measured and nonmeasured
fluxes. This is however a somewhat ideal case and does not
occur frequently. The most common case is one where the
system is underdetermined and the degrees of freedom
exceed the number of measured fluxes.”” In this case, there
are an infinite number of solutions to satisfy the system and
methods of linear programming must be used to reduce the
total set of solutions. To do so requires that further assump-
tions are made concerning the metabolic system. We often
presume that the metabolic system in question has an objec-
tive, that its behavior is optimized towards achieving one or
more goals, which can help us to determine this precise set of
flux distributions. In methods like FBA, this goal takes the form
of an objective function, a mathematical relationship that re-
lates the fluxes to some extreme value. Often, we are looking
to maximize or minimize a particular function and obtain a set
of fluxes that correspond to that unique optimized metabolic
state. In a landmark paper by Palsson and co-workers, a quan-
titative relationship between carbon uptake (acetate or succi-
nate), oxygen uptake, and maximal growth was determined in
silico for Escherichia coli MG1655 and was experimentally veri-
fied by making the assumption that metabolism was optimized
for growth.® By using the reaction stoichiometry to constrain
the total solution space into what is termed a “flux cone”,"*?
it was possible to identify the set of flux distributions that cor-
responded to the maximum growth rates under different con-
ditions. The resultant predicted and experimentally observed
fluxes agreed and thus confirmed the proposed objective, the
rate of cell growth. Consequently, it was also shown that con-
straint-based methods of reaction flux determination can be
valuable in the absence of precise kinetic information.

The concept of flux cones, in particular, is conceptually ac-
cessible for illustrating the importance of a constraint-based
approach. The flux cone corresponds to a set of allowable
fluxes in the metabolic network. If all fluxes were allowable,
then the boundaries of the flux cone would be just the set of
axes. Based on just the stoichiometry, however, not all fluxes
are allowable and thus a restricted set can be identified, even
if the precise values cannot. Moreover, often certain fluxes are
known to be not possible, from the knowledge that certain re-
actions may not occur in the presence of other metabolites,
etc. The edges of the flux cones are the extreme pathways of
the system fluxes that describe the absolute range of feasibility
for the metabolic network. The magnitude of these boundaries
can illustrate important systems properties of a metabolic net-
work, such as robustness and fragility. Further analysis can be
done to adjust the boundaries or the extreme pathways of the
system from experimental invalidation. Additionally, there are
various avenues for reducing a set of flux distributions to
within acceptable ranges that can characterize a metabolic
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system uniquely. Such a case could be a paradigm for model-
ing in glycosylation. Objectives in glycosylation will center on
the production of cell-surface carbohydrates but could take
the position that the goal is overall diversity or perhaps the
maximization of a specific glycoform. The use of FBA alone,
however, cannot give quantitative analysis of how the flux is
controlled. For such information, a more precise, quantitative
method should be used.

Sensitivity Analysis in Metabolic Systems
Metabolic control analysis

MCA is a quantitative method for studying how homeostasis is
maintained at the molecular level.”®”" It focuses on the role of
enzymes and enzyme activities in controlling how metabolic
flux is distributed and how flux distributions are affected by
varying external conditions. Specifically, it studies the deviation
from steady-state flux levels given infinitesimal alterations to
enzyme activities; this is conceptually similar to sensitivity anal-
ysis, a methodology used in many different fields. One impor-
tant aspect of MCA is that it requires detailed knowledge of
the reaction kinetics for all the reactions involved. MCA is par-
ticularly useful from a systems perspective, as many global
properties can be affected by alterations in a single molecule
or by a change in the details of a single metabolic reaction.
Feedback inhibition, cooperativity, and allosteric effects all con-
tribute to the regulation and control of metabolite synthesis,
modification, and degradation. Regulation of enzyme activity
through gene expression, proteolytic enzyme activity, and co-
valent modification all add an additional layer of complexity
that can be exploited from MCA.

For such high-resolution analysis, MCA requires nearly com-
plete enzyme characterization and knowledge of the kinetics
and constants of the enzyme reactions. Thus, the level of
detail required is much higher than for MFA and other con-
straint-based methods. Additionally, MCA hinges on a number
of assumptions. The most critical assumption is that the
system under study can be observed under steady state or
constant conditions. This means that the rates of “entry” and
“exit” for the aforementioned metabolic pools must be bal-
anced. Due to its high reliance on enzyme characterization and
kinetics, MCA is a much less scalable method than MFA and it
is most appropriate for relatively small metabolic pathways
and networks whose molecular and kinetic details are well
characterized.

Each enzyme confers a particular sensitivity and elicits a cer-
tain change in metabolic flux, which is related by flux control co-
efficients (FCCs).”’? Mathematically, the FCCs (C”) represent a
fractional change in metabolite flux (v) in response to a fractional
change in enzyme activity (E), as described by Equation (4).

C‘/r — %5

i = dEv, forije{1,....n} (4)

Here, the full derivative is used to imply that both direct and
indirect influences of the change in enzyme activity on any
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flux v are taken into account. (dE may influence other system
variables as well.) Each control coefficient in itself has little
value, however, as they cannot be compared across separate
systems. Rather, all control coefficients are normalized and are
most informative in relation to other control coefficients char-
acterizing enzymes of a given pathway or network. Additional-
ly, control coefficients are not constant, as they reflect the sen-
sitivity to enzymatic change at a certain steady state. Further-
more, if the enzymatic activity is changed significantly beyond
equilibrium levels, the control coefficients become less accu-
rate, as the system can behave nonlinearly when far from equi-
librium. The concept of metabolic control coefficients may be
viewed as a part of a greater theory in metabolic modeling
called distributed control, which states that all enzymes in a
pathway can share the control of flux (and therefore no indi-
vidual enzyme has control over flux through the pathway).”
The proportion of control is related by the summation theorem
[Eq (5)]1, which asserts that all of the coefficients must add up
to unity (for each flux).

n

Y cr=1forie{1,...n} (5)

J=1

This theorem does, however, leave open the possibility that
any individual coefficient can take negative values or values
greater than one, as can occur in pathways that contain
branches and cycles. Also, by this theorem, the magnitude of
any coefficient is most closely related with the location of the
enzyme in the overall pathway. In contrast, elasticity coeffi-
cients (EC) are used to reflect more local properties of the en-
zymes in the pathway. Elasticity coefficients are similar to flux
control coefficients but relate the sensitivity of fluxes (v) with
metabolite concentrations (X)), as described by Equation (6).

i év/')(j . .
8)976_)(,-7,- forie{1,....,n}andje {1,... k} (6)

The difference is that with elasticity coefficients we want to
measure the precise change in flux with respect to a particular
metabolite. Generally speaking, we only want the direct ef-
fects. Furthermore, ECs relate the activity of an enzyme to the
substrate concentration and thus capture more of the molecu-
lar detail than control coefficients alone. Like control coeffi-
cients, however, elasticity coefficients are normalized; the par-
tial differential operators are shown to illustrate that all other
variables must be held constant.

For each metabolite X, we can also use the connectivity theo-
rem, which states that the flux coefficients are related to the
elasticity coefficients according to Equation (7), where X; can
actually represent any compound that influences the reaction
rate, although it is more commonly applied to metabolite con-
centrations.

n

ZC}’Lsﬁ(/:Oforie{1,...,n}andje{1,...,k} (7)

i=1
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Equation (7) is considered to be the most important of the
MCA theorems, because it allows us to understand how
enzyme kinetics affect flux control.”?

MCA in glycosylation

Glycosyltransferases are the primary gene products in the “gly-
cosylation machinery”, and are critical to the promotion of car-
bohydrate structural diversity. They could be the focus of a
control approach to dissect the diversity of surface carbohy-
drates. Glycosyltransferases are a general family of carbohy-
drate-binding enzymes located in the ER and Golgi and can

Table 1. Monosaccharides, nucleotides, derivatives, and nucleotide sugar
donors.

Abbreviation Name/description

ATP adenosine 5'-triphosphate
CMP cytidine 5'-monophosphate
CMP-Neu5Ac CMP-N-acetylneuraminic acid
CMP-Neu5Gc CMP-N-glycolylneuraminic acid
CMP-Sia CMP-sialic acid

CcTP cytidine 5'-triphosphate

Fru p-fructose

Fru-6P p-fructose-6-phosphate

Fuc L-fucose

Fuc-1P L-fucose-1-phosphate

Gal p-galactose

Gal-1P p-galactose-1-phosphate
GalNAc N-acetyl-p-galactosamine

GDP guanidine 5'-diphosphate

GDP-Fuc GDP-L-fructose

GDP-Man GDP-p-mannose
GDP-4-0x0-6-deoxy- GDP-4-0x0-6-deoxy-p-mannose

Man

Glc p-glucose

Glc-1P p-glucose-1-phosphate

Glc-6P p-glucose-6-phosphate

GlcA p-glucuronic acid (or glucuronate)
GlcN p-glucosamine

GIcN-6P p-glucosamine-6-phosphate

GIcNAC N-acetyl-p-glucosamine

GIcNAc-1P N-acetyl-p-glucosamine-1-phosphate
GIcNAc-6P N-acetyl-p-glucosamine-6-phosphate

Man D-mannose

Man-1P D-mannose-1-phosphate

Man-6P D-mannose-6-phosphate

ManNAc N-acetyl-p-mannosamine

ManNAc-6P N-acetyl-p-mannosamine-6-phosphate

Neu5Ac N-acetylneuraminic acid (or N-acetylneurami-
nate)

Neu5Ac-9P N-acetylneuraminic acid 9-phosphate

Neu5Gc N-glycolylneuraminic acid (or N-glycolylneurami-
nate)

PEP phosphoenol pyruvate

Sia sialic acid (generic term for over 50 compounds)

uDP uridine 5’-diphosphate

UDP-Gal UDP-p-galactose

UDP-GalNAc UDP-N-acetyl-p-galactosamine

UDP-Glc UDP-b-glucose

UDP-GIcA UDP-b-glucuronic acid

UDP-GIcNAc UDP-N-acetyl-p-glucosamine

UDP-Xyl UDP-b-xylose

uTp uridine 5'-triphosphate

Xyl p-Xylose

© 2004 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim www.chembiochem.org
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Table 2. Hexose (monosaccharide) transporters.
Type Tissue Sugar transported Function/comments
(Michaelis constant, K, [mm])
SGLT family SLC5A family, member no. as shown in left column
SGLT-1 (A1) small intestine, kidney glucose (0.1-0.8), galactose major apical glucose transporter
SGLT-2 (A2) kidney glucose (1.6) glucose uptake
GLUT family
GLUT-1 (sub- erythrocytes, blood/brain barrier glucose (3-5), galactose, mannose, glucos-  primary glucose transporter in fetal cells
family (sf) 1) amine
GLUT-2 (sf1)  liver, small intestine, brain glucose (17), galactose (92), mannose high capacity and low affinity
(125), fructose (76), glucosamine (0.8)
GLUT-3 (sfl)  neurons, placenta glucose (1-2), galactose, mannose, mal- primary glucose transporter of neurons
tose, xylose, dehydroascorbate
GLUT-4 (sf1)  adipose tissue, skeletal muscle, glucose (5), glucosamine (3.9), dehydroas-  insulin-stimulated glucose uptake
corbate
GLUT-5 (sf 1)  small intestine fructose (6), glucose (in rat) primarily fructose absorption
GLUT-8 testis, blastocysts, brain, muscle, adi-  glucose (2), galactose, fructose retained in an intracellular compartment and not re-
(sf 111) pocytes sponsive to insulin; formerly designated as GLUTX1
GLUT-10 heart, lung, brain, liver, skeletal 2-deoxy-glucose (0.3), glucose, galactose
(sf 1) muscle, pancreas, placenta, kidney
GLUT-1 heart, skeletal muscle glucose, fructose mRNA for this protein is detected in many tissues,
(sf 1) GLUT-11 occurs in three different splice forms (a—c).

degrade, modify, or create glycosidic linkages, thereby synthe-
sizing oligosaccharides, polysaccharides, and glycoconjugates.
Each glycosyltransferase confers high specificity, through their
ability to generate one type of glycosidic bond. However, it is
the combination of redundancy and “promiscuity” of glycosyl-
transferases, the phenomenon of multiple enzymes generating
the same glycosidic bond and, conversely, the ability of one
glycosyltransferase to generate multiple bonds, that accounts
for the wide heterogeneity seen at the surface. Moreover,
while glycosyltransferases mediate carbohydrate generation for
the entire cell surface, they maintain molecular precision and
resolution.

Obstacles to metabolic control analysis in glycosylation

The primary obstacle to using these methods for the determi-
nation of metabolic fluxes is incomplete characterization of
pathway enzymes. Study of the sensitivity of fluxes to small
perturbations in enzyme activities implies that the enzyme ac-
tivities are already known. Accordingly, MCA requires almost
complete characterization of all of the enzymes in a metabolic
pathway as well as their modes of binding. Incomplete charac-
terization increases the “degrees of freedom” of the system.
Typically, with a small number of uncharacterized enzymes, the
enzyme parameters are allowed to vary within bounds estab-
lished by allowable fluxes and the knowledge of the sensitivity
of the other parameters in the model. The more “free” parame-
ters there are in the system, however, the less reliable MCA be-
comes and the more suitable a constraint-based approach be-
comes. Generally speaking, glycosylation pathways should be
amenable to an MCA approach, given that these pathways
tend to have a smaller number of enzymes than other bio-
chemical. Nevertheless, we continue to struggle with quantita-
tive modeling of glycosylation due to incomplete characteriza-
tion.

ChemBioChem 2004, 5, 1334-1347 www.chembiochem.org
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Table 3. Nucleotide transport in the Golgi and ER.

Nucleotide Human  Transporter name

sugar donor gene

ATP rat Golgi membrane ATP transport-
er

CMP-Sia SLC35A1  CMPST; CMP-sialic acid Golgi trans-
porter

GDP-Fuc SLC35CT  FUCT1; GDP-fucose transporter 1

GDP-Man Vrg4p; Yeast GDP-mannose Golgi
transporter

3’-phosphoadenosine PAPST1 PAPS transporter

5'-phosphosulfate

(PAPS)

UDP-Gal SLC35A2  UGT; UDP-galactose transporter

UDP-GalNAc SLC35A2  UGT (see UDP-Gal)

SLC35D1  UGTrel7 (see UDP-GIcA)

UDP-Glc AtUTr1; Arabidopsis thaliana UDP—-
galactose/UDP-glucose transporter

UDP-GIcA SLC35D1  UGTrel7; UDP—glucuronic acid/
UDP-N-acetylgalactosamine trans-
porter

UDP-GIcNACc SLC35A3  UDP-N-acetylglucosamine trans-
porter

Conclusion

Cell-surface carbohydrates are critical in numerous cellular
processes, including cell-cell communication and cell signaling.
Glycosylation pathways are known to mediate these processes
and to influence cellular decisions, such as those about prolif-
eration and apoptosis. Contrastingly, glycosylation is also able
to retain the sensitivity for fine-tuning carbohydrates with mo-
lecular detail and resolution. Moreover, the intracellular mecha-
nisms that synthesize these glycans exhibit complexity that is
complemented by the extreme diversity and variation of com-
plex carbohydrates seen at the surface. Yet, unlike many other
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Table 4. Enzymes used for monosaccharide processing and carbohydrate
assembly.

Abbreviation  Name/description

2313 glucosamine N-acetyltransferase

2.3.1.45 N-acetylneuraminate 7-O-(or 9-O-)acetyltransferase
2.7.7.10 galactose-1-phosphate uridylyltransferase

3.1.3.29 N-acylneuraminic acid 9-phosphate phosphatase
35.1.33 N-acetylglucosamine deacetylase

5.1.3.9 N-acylglucosamine-6-phosphate 2-epimerase

AGS O-acetyl ganglioside synthetase

CMAH CMP-Neu5Ac hydroxylase

CMPNS CMP-Neu5Ac synthetase

CSAH cyclic sialic acid hydrolase

CSE-C cytosolic sialic acid 9-O-acetylesterase homologue

FPGT fucose-1-phosphate guanylyltransferase

FUC TR FUCT1

FUK L-fucose kinase

GALE UDP-galactose-4-epimerase

GALK1 galactokinase 1

GALM galactose mutarotase (aldose 1-epimerase)

GALT galactose-1-phosphate uridylyltransferase

GCK glucokinase (hexokinase 4)

GCNT1 glucosaminyl (N-acetyl) transferase 1, core 2 (8-1,6-N-ace-
tylglucosaminyltransferase)

GCS1 glucosidase 1

GFPT-1 glutamine-fructose-6-phosphate transaminase 1

Ggtal B-p-galactosyl-1,4-N-acetyl-p-glucosaminide a-1,3-galacto-
syltransferase (mouse)

GMDS GDP-mannose 4,6-dehydratase

GMPPA GDP-mannose pyrophosphorylase A

GMPPB GDP-mannose pyrophosphorylase B

GN6ST N-acetylglucosamine-6-O-sulfotransferase

GNE UDP-GIcNAc 2-epimerase/ManNAc 6-kinase

Gnpnat-1 glucosamine-phosphate N-acetyltransferase 1(mouse)
GNPNAT-1 glucosamine-phosphate N-acetyltransferase 1(human)
GPI glucose phosphate isomerase

HE influenza C virus glycoprotein

HK-1 hexokinase 1 isoform HKI-td (brain form hexokinase)
HK-2 hexokinase 2 (muscle form hexokinase)

HK-3 hexokinase 3 ATP:p-hexose 6-phosphotransferase
LPG2 Leishmania GDP-mannose transporter

MPI mannose phosphate isomerase

NAGK N-acetylglucosamine kinase

Neu1 sialidase 1 (lysosomal sialidase)

Neu2 sialidase 2 (cytoplasmic sialidase)

Neu3 sialidase 3 (membrane sialidase)

Neu4 sialidase 4

NPL N-acetylneuraminate pyruvate lyase

PGM1 phosphoglucomutase 1

PGM3 phosphoglucomutase 3

PMM1 phosphomannomutase 1

RENBP renin-binding protein (a GIcNAc 2-epimerase)

SAC sialic acid cyclase

SANAE sialic acid N-acetylesterase

SANAT sialic acid N-acetyltransferase

SAS N-acetylneuraminic acid phosphate synthase

SIAT1 sialyltransferase 1 (3-galactoside-a2,6-sialyltransferase)
SIAT3C sialyltransferase 3C

SIAT4A sialyltransferase 4A

SIAT4B sialyltransferase 4B

SIAT4C sialyltransferase 4C

SIAT6 sialyltransferase 6

SIAT7A sialyltransferase 7A

SIAT7B sialyltransferase 7B

SIAT7C sialyltransferase 7C

SIAT7D sialyltransferase 7D

SIAT7E sialyltransferase 7E

SIAT7F sialyltransferase 7F
1346
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Table 4. (Continued)

Abbreviation  Name/description

SIAT8A sialyltransferase 8A (a2,8-linkages in gangliosides)
SIAT8B sialyltransferase 8B (0.2,8-linkages in polysialic acid)
SIAT8C sialyltransferase 8C (t2,8-linkages in polysialic acid)
SIAT8D sialyltransferase 8D (a.2,8-linkages in polysialic acid)
SIAT8E sialyltransferase 8E (a2,8-linkages in gangliosides)

SIAT9 sialyltransferase 9

SIAT10 sialyltransferase 10

TSTA3 tissue-specific transplantation antigen P35B
UAP1 UDP-N-GIcNAc pyrophosphorylase 1

UGD UDP-glucuronate decarboxylase 1 (UXS-1)
UGDH UDP-glucose dehydrogenase

UGP-2 UDP-glucose pyrophosphorylase 2

metabolic systems and cell-signaling pathways, they have yet
to be studied extensively by a systems approach. The demand,
however, has been established, as we are increasingly realizing
the importance of connecting metabolic product synthesis
with other large-scale cellular functions. Thus, modeling in gly-
cosylation will present new challenges for the systems biolo-
gist but will also inevitably contribute to our knowledge of the
regulation and control of many cellular processes.

Tables 1-4 give definitions of the abbreviations found in the
schemes and comments on enzyme functions.
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NF-xB: A Multifaceted Transcription Factor
Reqgulated at Several Levels

M. Lienhard Schmitz,** Ivan Mattioli,® Holger Buss,” and Michael Kracht*®!

NF-kB is a generic name for an evolutionarily conserved tran-
scription-factor system that contributes to the mounting of an ef-
fective immune response but is also involved in the regulation of
cell proliferation, development, and apoptosis. The implication of
NF-kB in central biological processes and its extraordinary con-
nectivity to other signaling pathways raise a need for highly con-
trolled regulation of NF-xB activity at several levels. While all NF-
kB activation pathways share a central and critical proteasome-
mediated step that leads to the degradation of inhibitory pro-

1. The NF-xB Transcription Factor Family

teins and the release of DNA-binding subunits, there is evidence
for a downstream level of NF-kB regulation that employs several
mechanisms. These include promoter-specific exchange of dimers
and modification of the transactivating p65 subunit by phos-
phorylation, acetylation, ubiquitination, or prolyl isomerization.
The signaling pathways and enzymes controlling this second
level of regulation and their potential use as therapeutic targets
for the treatment of NF-kB-associated pathologies are discussed
here.

The NF-xB signaling pathway was developed early in Pe5(RelA) [[ RHD | | TAD |ss1
evolution and can already be found in Drosophila '35_, c-Ral | I [ et
Ml . _ i . . E LZ

and moIIuscs.' In Drosophila, NF-xB-like t.ranscrlptlon & | ree []] ] -
factors are activated by the Toll and Imd (immune de- ?‘ T ] ~ ~
ficiency) pathways in order to combat infections. The =~ & | P100/pS2 W)= wjswnli=] =
Imd signaling pathway is triggered after infection by plosipso || | i o o o o s [ | asa
Gram-negative bacteria, while the Toll receptor can whe [ TICLILLLT ] 317 E
function as a cytokine receptor that is activated in re- -
sponse to fungal infections.” The function of NF-xB wop [ COLT CLLT | st g.,
for the immune response and also the components By o o oo | 607 3
of the signaling pathway have been evolutionarily o )

kBe | BRI seo
conserved in mammals. Five different NF-xB DNA- - } Eﬂu ' )
binding subunits share an N-terminal NF-«B/Rel ho- Bot3 L DR |44

mology domain (RHD) that mediates DNA binding,
dimerization, nuclear translocation, and interaction
with the inhibitory IxB proteins.”’ The domain archi-
tecture of the NF-kB DNA-binding subunits and the
IkB proteins is schematically shown in Figure 1. The
NF-kB family members p65 (RelA), RelB, and c-Rel
contain C-terminal transactivation domains (TADs) that trigger
target gene transcription. The strongest gene activation is
mediated by p65, which contains two potent transactivation
domains within its C terminus.” The other two family mem-
bers, p50 and p52, are produced as large precursor proteins
(p105 and p100, respectively). While p50 is generated by con-
stitutive processing of p105, the cleavage of p100 to p52 is a
regulated event that employs phosphorylation and ubiquitina-
tion steps.”! The p50 and p52 subunits are transcriptionally in-
active but can induce gene expression when they form hetero-
dimers with p65, c-Rel, or RelB. Homodimers composed of
p50/p50 or p52/p52 subunits can repress transcription. On
the other hand, a complex between p52 and the coactivating
Bcl-3 oncoprotein activates transcription.” While the most
abundant and prototypical form of NF-«B is considered to be a
heterodimer between p50 and p65, slowly activated dimers
such as p52/RelB can replace the rapidly activated p50/p65
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ankyrin repeats

Figure 1. Architecture of NF-xB and IkB proteins. The NF-kB DNA-binding subunits share an
N-terminal RHD. RelB bears a leucine zipper (LZ) in its N terminus and three of the subunits
contain one or several C-terminal TADs. All IxB proteins share six or seven ankyrin repeats.

heterodimers depending on the promoter context.” NF-«B is a
regulated transcription factor, since the DNA-binding subunits
are retained in the cytoplasm upon association with inhibitory
IxB proteins in most cell types.® These inhibitory proteins
share a number of protein/protein interaction domains called
ankyrin repeats and form a large genetic family with eight
known mammalian members: IxBa, 1kBp, likBe, IxBy, IkBNS,
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Bcl-3, and the p100 and p105 precursor proteins. Crystal struc-
tures have been obtained for most of the DNA-binding sub-
units, either alone or in association with IxB proteins. The
DNA-binding subunits display a unique butterfly-shaped struc-
ture for the RHDs, which is composed of § strands arranged in
a pattern similar to immunoglobulin domains. The 1xBf} protein
caps the nuclear localization sequences (NLSs) of p50 and also
of p65, while IxBa only masks the NLSs of p65.”'” These struc-
tural data are consistent with biochemical data that identify
IkBp as a truly cytoplasmic protein that prevents NF-xB nuclear
entry by masking the NLS domains of both DNA-binding sub-
units. In contrast, a minor fraction of IxBa is also found in the
nucleus and accordingly inhibition of nuclear export by lepto-
mycin B results in nuclear accumulation of lkBa.™ As the IxBa
gene is an NF-xB target, increased synthesis of IkBa shuts
down NF-kB-induced gene expression by IkBa-mediated nucle-
ar export of the DNA-binding subunits. Thus, NF-«B activation
is terminated by a negative feedback mechanism.!'>"

2. NF-xB Activation Pathways

A large variety of stimuli can lead to NF-kB activation and
most of them represent stressful or precarious conditions.
These range from general adverse signals such as pervanadate,
v radiation, and DNA damage to cytokine and immune recep-
tors. To date, three major pathways mediating NF-«B activation
have been identified, the so-called canonical and noncanonical
pathways and the DNA-damage-induced NF-xB pathway. The
past decade has witnessed remarkable progress in our under-
standing of these signaling cascades.®>' All NF-kB activating
pathways have in common the fact that they lead to the gen-
eration of DNA-binding dimers, as will be discussed in the fol-
lowing section. Further downstream there is a second level of
NF-«kB regulation, which controls NF-kB-dependent transactiva-
tion and the duration and amplitude of NF-kB signaling."
These two levels of regulation are schematically displayed in
Figure 2.

3. Generation of DNA-binding dimers
3.1. Canonical NF-xB activation

The critical event of this pathway is the activation of the IxB
kinase (IKK) complex which ultimately phosphorylates IxBa at
serines 32 and 36. This phosphorylation is the prerequisite for
the subsequent polyubiquitination by a specific ubiquitin
ligase belonging to the SCF (Skp-1/Cul/F box) family. Recogni-
tion of N-terminally phosphorylated 1xB is mediated by [3-TrCP,
a protein containing an F box and WD repeat."® The ubiquitin-
marked |kB proteins are rapidly degraded by the proteasome,
thereby allowing nuclear entry, DNA binding, and transcrip-
tional activity of NF-«xB. Many of the signaling proteins in-
volved in these very early receptor-proximal events are specific
for each pathway. The detailed description of the tumor ne-
crosis factor (TNF), inteleukin 1 (IL-1), Tcell receptor, and Toll
receptor mediated signaling steps are beyond the scope of
this manuscript and can be found in some recent reviews.7'%
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Figure 2. The two levels of NF-kB activation. While the canonical, DNA-damage-induced and noncanonical NF-kB activation pathways share a critical step that
leads to the proteasome-dependent generation of DNA-binding subunits (level 1), the activity of this transcription factor is regulated by further mechanisms within
the nucleus (level 2). The shapes of the indicated proteins illustrate a functional category according to the Alliance for Cellular Signalling convention (http://

www.signaling-gateway.org). P = Phosphorylation sites, Ub= ubiquitination sites.

These signaling pathways funnel into the common and deci-
sive step, which is the activation of the IKK complex. The IKK
complex is formed by three core subunits: the kinases IKKa
and IKKB and the noncatalytic, regulatory NEMO protein.?”
IKKa. and IKKB share an N-terminal catalytic domain, a central
leucine zipper, and a C-terminal helix-loop-helix motif that
mediates direct interaction between the kinases. The activation
of both IKKs is not fully understood but is known to depend
on their ability to dimerize. Gene-disruption experiments have
shown that the canonical pathway depends on the presence
of IKKB or NEMO.P®! While IKKB has its major role in the cyto-
plasm by phosphorylating 1xB, IKKa is also found in the nu-
cleus where it is recruited to the promoter regions of NF-«xB-
regulated genes, phosphorylates histone H3 on serine 10, and
thus contributes to the stimulation of gene expression.?"??
The phosphorylation of serine 10 of histone H3 can also be
mediated by further kinases, including RSK1, MSK1, and MSK2,
and the relative contribution of each kinase to this process re-
mains to be determined. The different functions of IKKa and
IKKB are also revealed by the analysis of knockout mice.*-%
Selective ablation of IKKP prevents NF-xB activation by known
proinflammatory stimuli including TNFa, IL-1, and lipopolysac-
charide (LPS),?>??! while IKKa. knockouts show no defects in
these signaling pathways,***" a result suggesting that despite
their close proximity within the IKK signaling complex, both
kinases have very different functions.

The activation of the IKK complex requires phosphorylation
within the activation loop. IKK phosphorylation may be medi-
ated by transautophosphorylation induced by conformational
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changes or alternatively by upstream-acting kinases. Many of
the proposed IKK-activating kinases, including NIK, MEKK1, and
Cot/Tpl-2, have not passed the knockout test?” and, thus far,
only MEKK3 has been identified as an essential component for
TNFa-induced IKK activation in fibroblasts.”® The related
kinase MEKK2 forms a complex with IKK/IxB/p65 and promotes
a second, delayed phase of NF-xB activation, thus regulating
the proinflammatory cytokine-induced biphasic NF-xB activa-
tion.” Knockout experiments revealed a tissue-specific role of
PKC§ for IKK activation in the lung but not in embryonic fibro-
blasts.?” Another way IKK activation may be achieved is by the
ubiquitination of TRAF6, which occurs in response to IL-1 stim-
ulation.®" In this pathway, a MAPKKK called TAK1 is brought
into proximity with TRAF6 through the adapter protein TAB2
or the homologous protein TAB3.%? Stimulation of cells with
TNFa or IL-1 leads to the mutual interaction and ubiquitination
of the TRAF6 and TAB proteins, presumably imposing a confor-
mational change that triggers IKK activation.

3.2. Noncanonical NF-xB activation

Although IKKa ™/~ mice exhibit normal NF-xB activation in re-
sponse to TNFa, a more detailed analysis of these animals al-
lowed the detection of the noncanonical pathway that occurs
in response to a distinct class of stimuli, particularly in B cells.
The activation of this IkB-independent, noncanonical pathway
results in the release of p52/RelB®**¥ and p50/RelB dimers.>
This signaling cascade does not employ the IKK complex and
can also occur in the absence of NEMO or IKKB.2*! Noncanoni-
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cal signaling leads to NIK- and IKKa-dependent processing of
the p100 protein, which results in the release of p52. Overex-
pression of NIK fails to induce processing of p100 in the ab-
sence of IKKa, a result suggesting that NIK acts upstream from
IKKo.P* The existence of IKKo/NIK complexes in intact cells has
not been formally proven, but this idea is supported by the
fact that a yeast two-hybrid screen revealed IKKa as an NIK in-
teraction partner® and NIK is known to phosphorylate IKKa. at
serine 176.°” Noncanonical NF-xB signaling in B cells is trig-
gered by several signals, including the TNF family member
BAFF, which serves as a fundamental survival factor for B cells,
and lymphotoxin 3 (LTP), which is important for the organiza-
tion and development of lymphoid tissues.®® LT also triggers
activation of the classical IKK complex and subsequent phos-
phorylation of IkBa and p65, thereby showing that it employs
canonical and noncanonical pathways. Canonical NF-xB activa-
tion rapidly induces the synthesis of lkBa, which then in turn
leads to the removal of p65 from its cognate DNA. The slower,
noncanonical pathway elicits p100 processing and p52 genera-
tion, thus inducing a delayed but sustained activation of pri-
marily RelB-containing NF-xB dimers.®>*** Accordingly, LT
stimulation results in the activation of two subsets of NF-xB
target genes through the canonical or noncanonical path-
ways.*” BAFF-induced B cell survival and development requires
the specific BAFF receptors, NIK and p100, as revealed by an in
vitro B cell differentiation model.*” Also the TNF receptor
family member CD40 also triggers, in addition to the canonical,
the noncanonical pathway and induces the processing of p100
into p52. Depending on the pathway employed, p52 can asso-
ciate with various members of the NF-xB/Rel family. In splenic
B cells, the p100 precursor is bound by RelB to liberate a tran-
scriptionally active p52/RelB heterodimer after p100 process-
ing. As cytoplasmic p52 is also found in a complex with p65,
activation of the canonical pathway leads to the release of a
p52/p65 heterodimer.”? The constantly growing list of induc-
ers employing the noncanonical pathway includes LPS and the
Epstein-Barr virus (EBV) encoded latent infection membrane
protein 1 (LMP1).##3

3.3. DNA-damage-induced NF-xB activation

While the noncanonical and canonical NF-«xB activation path-
ways are IKK dependent, these kinases are not required for NF-
B activation in response to DNA damage.” The DNA-damag-
ing agent doxorubicin induces proteasome-mediated IxBa
degradation in mouse embryonic fibroblasts (MEFs) devoid of
both IKKa and IKKPB genes. This degradation does not require
the PEST domain or phosphorylation of serines 32 and 36 of
IxBo." UV-induced NF-xB activation employs a p38 mitogen-
activated protein kinase (MAPK) dependent mechanism that
leads to the activation of CK2 and the massive phosphorylation
of IkBa at a cluster of serine residues contained in its C termi-
nus.* The components of the signaling cascade discussed in
this section are just emerging; genetic and pharmacological
evidence suggests the involvement of DNA-dependent protein
kinase (DNA-PK) and Ataxia telangiectasia mutated (ATM)
kinase for this activation path.*® These two kinases promote
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the sequential activation of the kinase p90™, which can phos-
phorylate IxBa at serine 32 and thus induce effective IxBa deg-
radation.””

4. Functions of NF-xB

This transcription factor has been implicated in a variety of
functions, including innate immunity, which builds up a first
line of defence against invading pathogens. During this pro-
cess, NF-kB-mediated transcription of cytokines, chemokines,
antimicrobial peptides, and specific enzymes helps to fight
against invading hostile bacteria and fungi®® Acquired im-
munity also employs NF-kB-dependent functions, which con-
tribute to secondary lymphoid organ development and the
maturation and activation of immune cells, including B cells
and Tcells.*”*” NF-xB also contributes to the control of cell
proliferation by its regulatory effect on cell-cycle regulators in-
cluding cyclin D and cyclin E***" The role of NF-xB for the
control of cell proliferation is seen in B cells from c-Rel™’~ or
c-Rel”~"p105~'~ double-knockout mice, which show a defective
proliferative response to mitogenic stimulation and concomi-
tant G1 phase arrest.*>*? The role of NF-xB in development is
not easy to reconcile, as some defects observed in knockout
animals (for example, the role of NF-kB during B cell matura-
tion) may instead be explained by its antiapoptotic func-
tion,”**¥ due to induced expression of antiapoptotic genes in-
cluding Bcl-xL, NR13, and Bfl-1 A1.5¥ The role of IKKa. for devel-
opment relies on protein-kinase-dependent and -independent
functions. A kinase-independent activity is required for differ-
entiation of epidermal keratinocytes, while kinase activity is re-
quired for lymphoid organogenesis and mammary gland de-
velopment.®™ There is also evidence for an NF-xB-independent
contribution of IKKa in tooth development by the Notch/Wnt
pathway.”® Thus, the NF-xB system undoubtedly has a variety
of unexpected functions in embryonic development of epider-
mal tissues and limbs, while for the adult organism it is not an
oversimplification to state that, in the majority of cases, NF-xB
activity is switched on in response to tissue damage, whereby
the majority of target genes are switched on as part of an ad-
justment program serving to cope with this endangering situa-
tion. The important role of NF-xB for these central processes
implicates the dysregulation of this transcription factor in sev-
eral ailments, including inflammatory diseases and cancer.
Thus, the activation pathways used by this transcription factor
and compounds interfering with its activation are a focal point
of intense research. Studies have used microarray experiments
in order to identify target genes in genetically altered cells
lacking NF-xB activity due to the deletion of components of
the NF-xB system™ or displaying a constitutively activated NF-
«B pathway.”” All of these studies confirmed the involvement
of NF-xB in the regulation of already known target genes, in-
cluding chemokines, cytokines, and apoptotic regulators, but
also revealed many novel NF-kB target genes. Furthermore, by
scanning all p65 binding sites across human chromosome 22,
Martone and collegues showed that NF-xB binding is not re-
stricted to promoter regions and occurs at consensus- and
nonconsensus sites with equal frequency.®® Hence, our picture
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of NF-«kB-mediated functions remains incomplete until all bind-
ing sites and target genes are identified. Unraveling the mech-
anisms of target gene activation is a formidable task but it will
undoubtedly extend our knowledge of NF-xB functions.

5. Regulation of NF-«xB p65 by Postranslation-
al Modifications

Mice deficient in the protein kinases GSK3p,% TBK1/NAK,”
NIK,®" and PKCEE? show normal phosphorylation and degrada-
tion of 1kB but impaired activation of NF-kB-dependent target
genes. Furthermore, there is increasing evidence from bio-
chemical and genetic experiments that strongly suggests an
essential role of phosphorylations, acetylations, and probably
also further modifications for the function of NF-xB. The com-
plexity of this regulation is best exemplified by recent studies
investigating the signaling pathways responsible for phosphor-
ylation of p65. Hereby, individual phosphorylation sites are tar-
geted either by a single or by several kinases. Examples of the
latter situation are seen for phosphorylation of serines 276 or
536. Finally, the most important and least resolved question re-
lates to the mechanisms by which these phosphorylations con-
tribute to the overall activity of NF-«kB. The NF-xB p65 phos-
phorylation sites mapped thus far and the involved kinases are
summarized in Figure 3.

——— IKKa/p|
PKAc CKIl  [Rski1 4
MEK1 IKKa/p Tok1
S 276 5468|5529 |S535
® ®
1 RHD ] | TAD2 [TAod-ss1
T254 5311 T505 (5535 |
PKCL CaMKIV |

Figure 3. Summary of inducible phosphorylation sites within NF-kB p65. The
positions of the phosphorylation sites and the implicated kinases are given.

5.1 Phosphorylation of p65 at serine 276

Serine 276 is perhaps the best characterized phosphorylation
site of p65 NF-kB. Reconstitution of mutant p65 proteins into
p65-deficient fibroblasts in which either serine 276, serine 529,
or serine 536 were replaced by alanine revealed that only the
S276A mutant showed an impaired TNF-induced expression of
the NF-xB target gene IL-6. Furthermore, these cells lost NF-
xB-dependent protection against TNF-induced apoptosis.©?
Detailed experiments addressing the role of serine 276 phos-
phorylation showed that unphosphorylated p65 interacts with
histone deacetylase-1 (HDAC-1) while phosphorylation pro-
motes the interaction of p65 with the coactivating acetylase
CBP/p300, as revealed by in vitro and in vivo experiments.©®>5¥
While Zhong etal. identified the catalytic subunit of PKA,
PKAc, as the serine 276 kinase,’*¥ others found that neither
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PKAc, nor IKKB, IKKi/IKKe, or TBK1, phosphorylated a recombi-
nant GST-p65 (1-305) fusion protein, as shown by in vitro
kinase experiments.®? Interestingly, another study identified
MSK1 as a serine 276 kinase. MSK1 phosphorylates p65 at
serine 276 in vivo and in vitro and TNFa stimulation triggers
the interaction of MSK1 with p65. Both MSK1 and p65 that has
been phosphorylated at serine 276 are recruited to the endog-
enous IL-6 promoter. Furthermore, TNF-induced phosphoryla-
tion at serine 276 is impaired in fibroblasts deficient for MSK1
and the closely related kinase MSK2.®' At present, therefore,
the available evidence suggests that there are at least two
serine 276 kinases, PKAc and MSK1. While the involvement of
PKAc was revealed from experiments in LPS-stimulated cells,®
the contribution of MSK-1 was detected in TNF-treated cells;®*
this raises the possibility that different serine 276 kinases are
used to activate p65 at individual gene promoters in a stimu-
lus-specific manner. MSK1 also phosphorylates histone H3, a
fact raising the intriguing possibility that one kinase can modu-
late the activity of a transcription factor and of the surround-
ing chromatin at the same time."

5.2. Phosphorylation of p65 at serine 311

Phosphorylation in the p65 RHD is required for p65 transacti-
vation mediated by PKCE®”? PKCC-deficient fibroblasts show
normal activation of IKK and nuclear translocation of p65 but
reduced NF-xB DNA-binding activity in vitro.’® PKC{ phos-
phorylates the RHD and serine 311 was identified as the PKCE
phosphoacceptor site in vitro by a combination of tryptic pep-
tide mapping and mutagenesis.®® A phosphospecific antibody
revealed that serine 311 in endogenous p65 is phosphorylated
in response to TNF in vivo, while this phosphorylation is lost in
PKCE™~ cells.® However, a reconstitution experiment of the
S311A mutant in p65~'~ fibroblasts revealed normal DNA bind-
ing in vitro. Further experiments indicate that serine 311 phos-
phorylation promotes the interaction of p65 with CBP and the
recruitment of CBP and RNA polymerase Il to the IL-6 promot-
er® A thorough assessment of the relative contribution of
serine 311 phosphorylation to p65 NF-xB function with respect
to the other TNF-induced phosphorylation sites will require
comparative reconstitution experiments in p65~'~ cells.

5.3. Phosphorylation of p65 at serine 529

This site has been mapped by the Baldwin group and is phos-
phorylated by casein kinase Il (CKII).* CKIl is constitutively
active in most cells, but its ability to phosphorylate p65 is
blocked when p65 is associated with IxBa. Degradation of
IkBa. enables inducible phosphorylation of p65 at serine 529.
This site can also be phosphorylated in vitro by the Tax-activat-
ed IKK complex.” Further experiments with reconstituted
p65~'~ cells revealed only a minor role of serine 529 in transac-
tivation, as it only contributes to achieve the Tax-induced maxi-
mal transcriptional response.”” However, in other experimental
settings, serine 529 does not contribute to p65 activity in re-
sponse to IKKa, IKKB, or TNF7"7? Collectively, current evidence
suggests only a minor role for serine 529 phosphorylation in
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p65 function. In analogy to serines 276, 311, and 536, an anti-
body recognizing this phosphorylation site on the endogenous
p65 protein would be a valuable tool for the discovery of spe-
cific NF-xB stimuli or target genes that require serine 529 phos-
phorylation.

5.4. Phosphorylation of p65 at serine 536

Regulated phosphorylation of serine 536 within the C-terminal
TAD1 of p65 was originally found by Sakurai and colleagues
who searched for kinase activities in extracts of TNF-stimulated
cells that would phosphorylate various truncated recombinant
p65 proteins in vitro.”* This group also identified IKKp as the
p65 TAD kinase.”® Since then, several groups have confirmed
that both IKKs directly phosphorylate the C-terminal TAD of
p65.7%7174751 Within the C-terminal TAD, as shown by muta-
tional analysis of GST-p65 fusion proteins”" or by mass spec-
trometry analysis of p65 peptides,”" recombinant or overex-
pressed IKKs phosphorylate serine 536 in vitro, with IKK(} being
somewhat more efficient. Importantly, the availability of an an-
tibody recognizing the phosphorylated serine 536 within the
endogenous p65 protein has reconfirmed that this site is phos-
phorylated in vivo in response to TNF, LPS, T-cell costimulation,
lymphotoxin B, or phorbol ester/ionomycin.”"’¢’”! Two studies
have investigated the signaling pathways leading to p65
serine 536 phosphorylation. Sakurai et al. identified TRAF2,
TRAF5, TAK1, and IKKo/f as important mediators for TNFo-in-
duced serine 536 phosphorylation,”” while induction of this
phosphorylation by T-cell costimulation depends on Cot (Tpl2),
RIP, PKCH, NIK, and IKKB.”? NF-xB serine 536 phosphorylation
is prevented by the overexpression of a phosphorylation-defi-
cient IxBo. mutant,””’® a result raising the possibility that IxBo
phosphorylation is a prerequisite for p65 phosphorylation. In
mouse fibroblasts deficient for either IKKa or IKKf the IL-1- or
TNF-stimulated IKK complex isolated by immunoprecipitation
with an antibody against the NEMO subunit did not phosphor-
ylate a p65 C-terminal fragment; this supports the view that
both IKKs are required for phosphorylation of the p65 TAD.”!
In another study, the LPS- and TNF-induced phosphorylation of
endogenous p65 at serine 536 is unaffected in IKKa ™~ fibro-
blasts, while the LPS-induced but not the TNFa-induced phos-
phorylation is lost in IKKB™~ cells.”” Confusingly though, a
recent study employing the same IKKa- or IKKpB-deficient fibro-
blasts showed that the TNFa-induced NEMO-containing IKK
complex isolated from these cells is still capable of phosphory-
lating a recombinant full-length p65 protein.” This may either
suggest that IKKo and IKKp can mutually compensate their
function for p65 phosphorylation or indicate the involvement
of further kinases. Two of these further candidate kinases have
recently been identified: Immunoprecipitated RSK1 phosphory-
lates the p65 TAD and recombinant RSK1 phosphorylates
serine 536 in vitro. RSK1 is a downstream effector of the tumor
suppressor p53, which activates NF-«xB in response to DNA
damage. Suppression of endogenous RSK1 by small interfering
RNA (siRNA) or blocking of RSK1 activation by the inhibitory
compound U0126 significantly reduces serine 536 phosphory-
lation induced by the DNA-damaging agents doxorubicin and
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etoposide. Also, the protein kinase TBK1 phosphorylates
serine 536 of p65 in response to TNF747 TBK1 is an IKK-relat-
ed kinase but is not a component of the IKK complex. Knock-
out studies showed that this kinase is not required for IkBa
phosphorylation and generation of the NF-xB DNA-binding
dimer but it is required for transactivation of specific NF-xB
target genes.” It will be interesting to see whether the list of
serine 536 kinases can be extended. In fractionated cell ex-
tracts we have found an additional, as yet unidentifed, protein
kinase activity that is stimulated by IL-1 and phosphorylates
serine 536.7¥ Serine 536 phosphorylation can be detected in
the cytoplasm and in the nucleus,”"”>”” but it is unclear if this
is due to shuttling of phosphorylated p65 or can be explained
by the existence of cytoplasmic and nuclear serine 536 protein
kinases. Despite its wide occurrence, the function of serine 536
phosphorylation for p65 activity is largely elusive. Expression
of a p65 S536A mutant in a p65~/~ background revealed that
serine 536 is dispensable for TNF-mediated IL-6 gene induc-
tion,® but on the other hand it is required for TNF- or LPS-in-
duced activation of a NF-kB reporter gene.”®’? It is likely that
serine 536 phosphorylation mediates contact of p65 with coac-
tivators, corepressors, or components of the basal transcrip-
tional machinery such as TBP and TAFs. However, no such
mechanism has been described to date.

5.5. Further p65 TAD kinases and phosphorylation sites

Calmodulin-dependent protein kinase IV associates with p65
and phosphorylates the C terminus of p65 at serine 535.%% The
same study revealed that a phosphomimetic mutation where
serine 535 was replaced by glutamic acid exhibited a marked
increase in NF-xkB-dependent transcription. Also, recombinant
GSK-3p phosphorylates the p65 C terminus in vitro, but the
phosphorylation site remains to be determined.®” Evidence
from transfection experiments also suggests a role for Akt in
p65-mediated transactivation and phosphorylation.”*884
However, the relevance of PI3 kinase (PI3K) and Akt for IL-1- or
TNF-induced IKK and NF-xB activation is controversial®® and
neither PI3K nor Akt directly phosphorylates p65. Furthermore,
the phosphorylation of endogenous p65 at serine 536 is not
inhibited by the PI3 kinase inhibitor LY294002"% or by wort-
mannin” in response to LPS or TNF, respectively. It was also
suggested that Akt targets the transactivation function of NF-
kB by activating p38 and IKKP. Akt and the transcriptional co-
activators CBP/p300 synergize in the activation of the p65
transactivation domain, a synergy that is blocked by p38 inhib-
itors.®3! As it is presently not clear whether the effects of PI3K
or Akt on NF-kB are direct or indirect, it is difficult to place
these two kinases into a scheme of phosphorylation-depen-
dent regulation of p65 activity. Threonine phosphorylation of
p65 is involved in p14*®-mediated p65-dependent transactiva-
tion. A candidate site for this effect is threonine 505 as an ala-
nine mutant of this site is less active, but the involved kinase
has not yet been described.®” Also, serine 468, which is con-
tained within the TAD2, can be inducibly phosphorylated in re-
sponse to T-cell costimulation or IL-1 (LM., M.L.S., H.B., MK.,
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unpublished data), but the responsible kinase and the func-
tional consequences await elucidation.

5.6. Phosphorylation of p65 at threonine 254 regulates
association with the peptidyl-prolyl isomerase Pin1 and
controls p65 ubiquitination

There is recent evidence for regulation of p65 stability by
phosphorylation-mediated association with Pin1.%¥ Cytokine-
induced p65 threonine 254 phosphorylation by an unknown
kinase stabilizes the interaction of p65 with Pin1, a peptidyl-
prolyl isomerase that binds and isomerizes specific phosphory-
lated serine or threonine residues that precede proline. Binding
of Pin1 inhibits the p65 interaction with IkBa, enhances p65
nuclear localization, and increases p65 stability. This increased
stability is due to decreased proteasomal degradation of ubig-
uitinated p65. The ubiquitination involves the E3 ubiquitin
ligase suppressor of cytokine signaling 1 (SOCS-1) and the E2
ubiquitin conjugase UbcH5a. Pin1 negatively regulates SOCS-1-
mediated ubiquitination and thus stabilizes p65, thereby re-
sulting in enhanced nuclear accumulation and an increase in
NF-kB-dependent gene expression. Accordingly, in Pin1-defi-
cient cell lines steady-state levels of p65 are reduced, as is the
activity of p65 in response to IL-1, TNF, or LPS. This mechanism
provides an explanation of how NF-kxB may be constitutively
activated in many tumors, as it is known that PIN-1 is overex-
pressed in many tumors while SOCS-1 is frequently down-
regulated.®®5 Therefore, these data also suggest a causal role
of constitutive NF-xB activation for malignant disease.

5.7. Acetylation of p65

Histone acetyl transferase (HAT)

labeling of overexpressed p65.°Y Further studies demonstrated
that acetylation of endogenous p65 is induced by stimuli like
TNFa or PMA.®*%1 CBP and p300 have both been identified as
associating with p65 at its RHD and C-terminal transactivation
domains. As a functional consequence, overexpression of CBP/
p300 enhances the transactivation potential of p65.°%*°°"1 CBP/
p300 acetylates cotransfected p65, as detected with antibodies
recognizing acetylated lysines. Overexpression of E1F, a specific
inhibitor of p300/CBP activity, or a p300 protein with muta-
tions in the acetyl transferase domain prevent acetylation of
p65_[98]

Several groups reported prolonged NF-xB-dependent tran-
scription in the presence of deacetylase inhibitors such as tri-
chostatin A or sodium butyrate, a result that may be explained
by several mechanisms.*®*7® One mechanism is through the
lower binding affinity of acetylated p65 and p50 to newly syn-
thesized IxBa. Inhibition of deacetylase activity therefore re-
duces the contribution of IkBa to the termination of the tran-
scriptional response. Another mechanism could be due to the
reduced level of IxkBa observed in TNFa-stimulated cells in the
presence of HDAC inhibitors. This reduction correlates with
prolonged IKKB activity and ongoing proteasome-dependent
digestion of IkBa."®" Several acetylated lysines of p65 have
been mapped and their function has been tested.”**® Charge-
conserving lysine to arginine mutations have been made to
prevent acetylation of specific residues. Lysines 218 and 221
are highly conserved in all human NF-xB DNA-binding sub-
units, while lysine 310 is uniquely present in p65. The three
lysine residues are also evolutionarily conserved in various spe-
cies, except that lysine310 is not preserved in chickens
(Figure 4). p65 K221R homodimers display a diminished DNA-

activity can regulate gene ex- 122/123 418 22l 310
pression at different levels. On mouse LGIQCVKKRDLEQA. . . EIFLLCDKVQKEDIEVY. . . TYETFKS IMKKS
the one hand, HATs acetylate his- rat LGIQCVEERDLEQA. . . EIFLLCDEVOEKEDIEVY. . . TYETFESIMEES
tones at their N-terminal tails; XEI?(quS LGIQCVEKREVEDA. . .EIFLLCDEVOKEDIEVI. . . TLDNFEHYVEKNN
this leads to a more accessible chicken LGIQCVEKRELEAA. . . EIFLLCDEVQKEDIEVR. . . TRDTFRAFVQRA
human LGIQCVEERDLEQA . EIFLLCDKVQKEDIEVY "I‘YETFKSIHKKS

and thus more transcriptionally
active chromatin structure.”® On

d s

the other hand, HATs can acety- Transcription + + —

late several transcription factors DNA binding P b -t -

including p53, GATA-1, GATA-2, ixBa binding + ot il l g

MVO[E,QZ] B-Myb,  TFllEb, and Lysine 122 123 218 221 310

E2F.°" Acetylation of these AcA Ac

transcription factors may affect i C%HD@ TAD2 ITAD1-551
stability, DNA affinity, interac-

tions with binding partners, and PCAF CBP/p300

transcriptional activity. CBP

The NF-kB p65/p50 hetero-
dimer, but not the p50 homo-
dimer, recruits a coactivator
complex that has similarities to
that recruited by nuclear receptors.”” This coactivator complex
consists of several proteins, including the HATs CBP and its ho-
mologue p300 and the p300/CBP-associated factor PCAF. Ace-
tylation of p65 was first detected in vivo by [*H]-acetate radio-
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Figure 4. Summary of inducible acetylation sites within NF-kB p65. The stimulatory, inhibitory, or absent effects on
transcription and binding to IikB or DNA are indicated by arrows. Ac = Acetylation sites.

binding activity, whereas K218R and K310R mutants show un-
changed affinity to their cognate DNA. The K310R mutation
impairs the transactivation function of p65, while replacement
of lysine 221 by arginine only slightly reduces transactivation.
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In contrast, the function of a K218R mutant is comparable to
wild-type p65. Acetylation of K221 and possibly K218 regulates
binding of NF-«B to IxB. A further study allowed the identifica-
tion of two additional residues, lysines 122 and 123, as induci-
ble acetylation sites.”™ A mutant where these two lysine resi-
dues were changed to arginine residues shows enhanced tran-
scriptional activity and DNA-binding affinity, while the binding
affinity to kB is impaired. These effects are opposed to those
descibed for the acetylation sites at lysines 218, 221, and 310,
as summarized in Figure 4. Therefore, the functional conse-
quences of p65 acetylation may be differentially regulated for
individual lysine residues. PCAF selectively acetylates p65 at ly-
sines 122 and 123, while p300/CBP also acetylates lysines 218,
221, and 310.

The regulation of selective p65 acetylation is not well char-
acterized. CBP/p300-mediated acetylation is regulated by the
accessibility to its substrate rather than by induction of acetyl
transferase enzyme activity. An example for a regulation of the
interaction between p65 and CBP/p300 is provided by
serine 276 phosphorylation."® CBP/p300 associates with p65
at two sites. An N-terminal domain of CBP/p300 interacts with
the C-terminal region of unphosphorylated p65, and a second
domain only interacts with p65 phosphorylated on serine 276.
The C-terminal region of unphosphorylated p65 masks its N
terminus and therefore prevents the accessibility of CBP/p300
to both sites.®™ Phosphorylation of p65 serine 276 weakens
the interaction between the C and N termini of p65 and cre-
ates an additional site for interaction with CBP/p300. Another
inducible phosphorylation site regulating the recruitment of
CBP/p300 to p65 is serine 311 of p65.°Y Mutation of this
amino acid to alanine abrogates the interaction of p65 with
CBP/p300. The acetylation status of NF-xB can also be regulat-
ed by deacetylases. Deacetylation is thought to play a role in
the termination of transcriptional activity by enhancing the
binding affinity of NF-«xB to IxBa, which serves to terminate
NF-kB-dependent gene expression. Several histone deacetylas-
es (HDACGs), including HDAC-1, HDAC-2, and HDAC-3, have
been described as associating with and deacetylating p65.5*%"
HDACs are corepressors of NF-kB, as overexpression of HDACs
has a negative effect on transcriptional activity of NF-xB.%*"
As p65 is transiently phosphorylated after stimulation, the de-
phosphorylation might promote HDAC recruitment and thus
deacetylation, thereby contributing to the shut-down of the
transcriptional response.

A major question concerning the regulation of acetylation
remains to be answered. How do the different inducible phos-
phorylation sites control the interaction of p65 with p300/CBP
or the HDAGCs? In addition to the described relevance of p65
serines 276 and 311, several other inducible phosphorylation
sites may also participate in the control of HAT and HDAC re-
cruitment. The incoherent effects of p65 acetylation raise the
possibility that different acetylation sites are selectively in-
volved in the transcription of different genes with distinct pro-
moter regions.
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6. The NF-xB System as a Target for Drug
Development

Constitutively active, dysregulated NF-xB activity is frequently
found in inflammatory diseases and also in certain can-
cers.'1% ntriguingly, many antiinflammatory drugs that are
currently used, including glucocorticoids, aspirin, and salicy-
lates, also impair the function of NF-«B,""®' thereby putting the
NF-kB system in the center of an intense effort in drug screen-
ing and development. The NF-kB signaling system offers many
ways of interference at several levels. However, inhibition of
proximal steps of NF-xB activation such as receptor activation
or ubiquitination and proteasome-mediated degradation of
IB, bears the risk of global cellular effects and high toxicity for
the organism. These strategies would also have only a reduced
specificity for NF-xB. As the activation of the IKK complex is
the critical event for the induction of NF-«B signaling, the
pharmaceutical industry has undertaken a major effort for the
development of IKK inhibitors."® These drug-screening pro-
grams have resulted in the development of more than a dozen
small-molecule IKKB inhibitors, which do not affect the closely
related IKKo. enzyme. While some of the compounds, including
SC-514, reversibly compete with ATP"” others, such as BMS-
345541, function as ATP noncompetitive inhibitors by binding
to an allosteric site of IKKB.'® IKKB inhibitors interfere with
the induced production of NF-kB target genes, including IL-6
and IL-8, and some of them, including BMS-345541 and a
ureido-thiophenecarboxamide derivative, show promising re-
sults in animal arthritis models."®™" On the other hand, it
should be noted that IKKB inhibitors may have a high risk of
toxicity when applied for longer periods, as mice lacking IKK(
show embryonic lethality and liver degeneration.”>*® In addi-
tion, mice deficient for the expression of IKKB in enterocytes
show a reduced acute inflammation response caused by gut is-
chemia-reperfusion, but they also show enhanced apoptotic
damage of the reperfused mucosa, a result adding a further
note of caution to the concept of IKK inhibition.”>"" For prac-
tical reasons, inhibition of NF-kB DNA binding, for example, by
the introduction of DNA decoys or siRNA-mediated interfer-
ence with NF-xB signaling, remains limited to cell-culture ex-
periments and currently has no therapeutic applications.
Therefore, enzymes regulating the distal steps of NF-xB activa-
tion and affecting only distinct subsets of NF-xB target genes
may be interesting candidates for the development of inhibi-
tors usable for longer periods.

7. Outlook

In the recent years the previous “simple” scheme of NF-xB acti-
vation by IxB degradation has dramatically changed. NF-xB is a
multisite phosphorylated, acetylated, and ubiquitinated pro-
tein. Many unexpected proteins, as discovered by gene dele-
tion, contribute to or are essential for NF-xB function. The
main question is how NF-xB modifications are translated into
gene-regulatory responses. Phosphorylation, acetylation, ubig-
uitination, and prolyl isomerization can regulate NF-xB half life,
nuclear export, and exchange of dimers or may modulate the
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interaction of NF-xkB with other transcription factors, corepres-
sors, coactivators, and components of the basal transcriptional
machinery in many ways at individual gene promoters. The
challenge is to follow all these fascinating mechanisms and, at
the same time, to integrate them into a comprehensive view
of the NF-«B signaling pathway. To address these questions it
will be helpful to generate knockin mice expressing p65 var-
iants with single or several modified sites and to study their
phenotype and regulation. This experimental strategy is possi-
ble as all of the phosphorylation and acetylation sites featured
in this review also occur in the murine p65 protein. It is also
likely that the newly discovered mechanisms of NF-xB regula-
tion may yield novel strategies to selectively modulate NF-xB
target genes in many diseases ranging from chronic inflamma-
tion to cancer.
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Dynamic Chemical Instabilities in Living Cells
May Provide a Novel Route in Drug

Development
Howard R. Petty*®

Chemical Biology and Biophysical Dynamics

One of the chief concerns in Chemical Biology is the identifica-
tion of new pharmaceuticals. Unfortunately, the advent of
high-throughput screening assays, robotics, extensive com-
pound libraries, etc. have not yielded a dramatic improvement
in the rate of drug discovery. This approach is essentially a
scaled-up version of traditional drug development methods
that often rely upon the equilibrium binding properties of or-
ganic molecules to isolated biopolymers (i.e., receptors and en-
zymes). There are three important reductionist shortcomings
with this approach: 1) living cells are never at equilibrium,™
2) cell processes are dynamic, often irreversible,*® and 3) iso-
lated proteins are not cells and therefore do not exhibit chemi-
cal feedback circuitry. Consequently, paradoxes may arise
wherein a compound that binds more tightly to a target is less
effective in influencing biological pathways. The constant flux
of matter and energy, for example in the form of glucose, nec-
essarily drives cells away from equilibrium." Thus, in some
ways cells resemble continuously fed chemical reactors. As a
consequence of being constrained far from equilibrium, intra-
cellular chemistry may lose stability and spontaneously form
dynamic time-dependent chemical waves and oscillations, just
as the Belousov-Zhabotinsky reaction does when fed reac-
tants.” These spatial patterns and temporal rhythms, which
are examples of nonequilibrium self-organization in living cells,
can only be maintained by the dissipation of energy and are
therefore often referred to as dissipative structures.”’ However,
an individual receptor or enzyme does not oscillate. Chemical
oscillations require networks of enzymes and receptors with
feedback loops; in other words, we need to understand how
all of the parts of a cell work together. Therefore, the proper-
ties of isolated components can never model the dynamic
chemical processes that underlie many dynamic cell functions.
This may explain, in part, why the extensive database generat-
ed by the Human Genome Project, coupled with modern
screening approaches, has not yielded the anticipated cornu-
copia of new drugs. Obviously, revisions to the existing drug-
discovery paradigm are needed. Inclusion of dynamic physico-
chemical processes within cells and their attendant emergent
behaviors are a new area of research in cellular biocomplexity/
systems biology, which will likely impact the development of
new pharmaceuticals.

| propose that dynamic chemical instabilities are one means
by which proteins cooperate to yield biological signals and
functions. In other words, dynamic emergent chemical struc-
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tures link discreet proteins to biological outcomes. For exam-
ple, proteins constitute a conduit for signal transduction, but
are not signals: a drug blocking a specific protein might inhibit
signaling or might simply shunt the chemical disturbance
through a different protein with no effect on signaling. | fur-
ther propose that some pharmaceuticals may be understood
and developed based upon their ability to perturb dissipative
cellular chemical patterns. In this Minireview, | will focus on
recent research, largely from my laboratory, concerning biolog-
ical subsystems of inflammatory cells and tumor cells and the
ability of this approach to yield new strategies in patient care.

Emergent Properties of Complex Cellular
Subsystems

Humans possess roughly 25000 genes. Many of these are pro-
teins that are directly or indirectly linked to metabolism. Un-
derstanding such a complex and interactive system is presently
impossible. However, it is not necessary to know how the
entire system operates. It is possible to evaluate discreet sub-
systems within individual cells or groups of cells. Cells that
function semi-autonomously in vivo, such as leukocytes and
tumor cells, are particularly good candidates for dynamic eval-
uation of their chemical behavior in vitro. As an example of a
cellular subsystem, the glycolytic apparatus is made up of 10
enzymes characterized by multiple feedback loops. This cellular
subsystem has been shown to display temporal oscillations
and traveling metabolic waves.”® One could study, for exam-
ple, how drug-mediated chemical perturbations influence the
behavior of a relatively self-contained subsystem such as
glycolysis.

As mentioned above, dissipative structures can take several
forms, such as temporal chemical oscillations and traveling
chemical waves. Oscillations are well described in many chemi-
cal and biochemical settings."® Two of the most thoroughly
studied chemical oscillators in living cells are metabolism and
calcium signaling.” Both of these subsystems are comprised of
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a relatively manageable number of genes contributing to cru-
cial widespread clinical problems such as inflammation and
metastasis. Figure 1 shows examples of these oscillators, which
may be observed for extended periods of time (1-60 min) in

A)

AR

|

1 min.

Figure 1. Oscillations in human neutrophils. Panel A: Metabolic oscillations of
neutrophils. Trace 1 shows untreated adherent neutrophils. Traces 2-4 show
neutrophils treated with FMLP, interferon-y, and FMLP plus interferon-y, respec-
tively. This shows that the frequency (trace 2) and amplitude (trace 3) can be
independently controlled or, depending upon the prevailing conditions, simulta-
neously modulated. Panel B: Calcium oscillations of neutrophils. Trace 1 shows
untreated adherent neutrophils. Traces 2-4 show neutrophils treated with
FMLP, interferon-y, and FMLP plus interferon-y, respectively. The frequency and
amplitude responses of calcium parallel those found for NAD(P)H oscillations.
For clarity, only brief oscillatory periods are shown; while, adherent to sub-
strates, these oscillations may be observed for extended periods of time.

the presence of exogenous glucose at concentrations found in
blood (~1 mm). Panel A shows the sinusoidal NAD(P)H oscilla-
tions of adherent neutrophils. NAD(P)H autofluorescence has
been widely used as an indicator of metabolic activity.” In
neutrophils, these oscillators are sensitive to activators and in-
hibitors of metabolism and have been confirmed by using an-
other indicator of metabolism, the autofluorescence of flavo-
proteins.”'? Several factors influence neutrophil priming and
activation by affecting metabolic oscillations. The increase in
frequency illustrated in Figure 1A, trace 2, has been linked to
activation of the hexose monophosphate shunt and its associ-
ated respiratory burst. This change is stimulated by a variety of
biological factors including the chemotactic factor f-Met-Leu-
Phe (FMLP), lipopolysaccharide (LPS), IL-8, TNF-c, immune
complexes, etc.””'? On the other hand, this change is blocked
by reagents, such as 6-aminonicotinamide, that inhibit early
steps of the hexose monophosphate shunt."? Moreover, sever-
al other factors, such as interferon-y, IL-10, phorbol myristate
acetate, and phase-matched electric field application, cause
the formation of high-amplitude metabolic oscillations (Fig-
ure 1A, trace 3). One attribute shared by these latter stimuli is
their ability to act upon calcium signaling pathways. Recent
computational and experimental findings show that the mobi-
lization of intracellular myeloperoxidase, through fusion with
NADPH oxidase-containing structures or release to the plasma
membrane where some NADPH oxidase molecules reside, sig-
nificantly increases the amplitude of NAD(P)H oscillations.'? In
addition, metabolic oscillations exhibiting both high frequency
and high amplitude can be observed by combining factors
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that independently affect these parameters (Figure 1A,
trace 4). Thus, biological factors influence the coherent behav-
ior of the metabolic apparatus.

In addition to metabolic oscillations, a variety of other oscil-
lations have been noted for human neutrophils.”! For example,
repetitive calcium spikes are known to occur during cell adher-
ence, locomotion, and phagocytosis. Figure 1B illustrates these
calcium spikes. Importantly, the changes in frequency and am-
plitude noted above for metabolic oscillations are also ob-
served for calcium signals.

Just as spatial waves can form in chemical media far from
equilibrium,”* spatial waves can also form in living cells. The
best-studied cellular waves are the calcium waves in oocytes,
which have been described in some detail™ These experi-
ments were successful because oocytes are very large in size. It
is impossible to observe these waves in leukocytes and tumor
cells by using traditional imaging methods because the waves
traverse an entire cell in a time period that is much shorter
than the shutter speed of the camera. We have developed a
high-speed microscope system than allows detection of chemi-
cal waves within cells such as leukocytes. We employ an effi-
cient microscope set-up and a single photon-sensitive detector
with a high-speed gating apparatus and computer interface to
study chemical waves in cells.”? Combining the Einstein equa-
tion for diffusional displacement and the Rayleigh equation for
microscopic resolution suggests that shutter speeds ~20 to
200 ps, depending upon the diffusion coefficient, optics, etc.,
are needed to resolve intracellular waves.

Figure 2 illustrates two of the chemical waves formed in
human neutrophils, which were obtained by using high speed
microscopy. In Figure 2A, NAD(P)H autofluorescence was
imaged. NAD(P)H waves were found to propagate from the
rear (or uropod) toward the leading edge (or lamellipodium) of
the cell®™" The NAD(P)H wave is in the shape of a longitudi-
nal wave (or a circular wave with a large radius of curvature). If
a compound sensitive to superoxide anions is placed in the ex-
tracellular environment, a plume of superoxide release can be
seen just as the wave of NAD(P)H reaches the lamellipodium
(Figure 2A, arrows)."™™ When stimulated by a factor that pro-
motes formation of high-frequency NAD(P)H oscillations, the
NAD(P)H wave is found to split, thereby forming two traveling
waves."*"® If a chemotactic factor is applied to cells from a
certain direction, the waves reorient in the direction of the
chemotactic factor prior to the directional reorientation of the
cell. In contrast, target patterns in metabolism are found
during the adherence of spherical cells."® Thus, the dynamic,
collective properties of cell metabolism are closely linked to
cell behavior.

Intracellular calcium waves have also been studied by using
high-speed microscopy.’2" As calcium signals are observed as
brief periodic spikes within cells (Figure 1B), cells were imaged
at high speed during the spike to dissect the underlying spa-
tiotemporal organization of the signal. Figure 2B shows a rep-
resentative experiment of an indo-1 labeled neutrophil. This
series of 19 frames, acquired during a single calcium spike,
shows the movement of a calcium signal within a cell; each
frame was exposed for 150 ns with a 15 ms delay between
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Figure 2. High-speed microscopy of neutrophil signals. Panel A: Longitudinal NAD(P)H waves are observed in morpho-
logically polarized human neutrophils. When these waves reach the cell’s lamellipodium, hydroethidine in the external
medium is oxidized to ethidium bromide, which diffuses away from the cell (arrows). The images shown were acquired
over 250 ns with a 25 ms interval between each frame. Panel B: Calcium waves inside neutrophil after phagocytosis of
a sheep red blood cell. A calcium wave travels around the periphery of the cell. When it reaches an area near the
phagosome, the wave splits in two (arrows), with one wave continuing around the cell perimeter while the second
propagates about the phagosome. The phagosome-associated wave plays a crucial role in the fusion of phagosomes
and lysosomes. Images were collected with an exposure time of 150 ns. The micrographs shown are separated by

15 ms. Magnifications: panel A, x860; panel B, x 940.

each frame. In this example, the signal begins at the lamellipo-
dium, which is rich in certain calcium channels," then travels
about the cell’s periphery. In addition, the calcium signal splits
into another wave that encircles the phagosome; this is crucial
in the fusion of intracellular lysosomes with phagosomes.™®

Physiological Relevance of Dissipative
Structures

Biomechanisms

Although biochemical oscillators were recognized many years
ago (for a review see ref. [5]), their physiological roles were not
appreciated until recently. As NADPH is a substrate for the
NADPH oxidase, | have proposed that NAD(P)H oscillations are
linked to the oscillatory activity of the NADPH oxidase.”™? This
proposed association is supported by the fact that these oscil-
lations are in phase with one another. Furthermore, the fre-
quency and amplitude of NAD(P)H oscillations vary in parallel
with the production rate of superoxide and other reactive
oxygen metabolites (ROM) by neutrophils. Factors that perturb
metabolism, such as 6-aminonicotinamide and certain drugs,
also perturb oxidant production." As the NO synthase re-
quires NADPH and NO production varies in time, the produc-
tion of several oxidants appears to be linked to the same path-
way. Hence, one function of NAD(P)H oscillations appears to
be regulation of the extent and timing of oxidant production
by leukocytes. Oxidant production, in turn, plays an important
role in host resistance to infectious agents and in signaling.

In addition to the temporal relationship between NAD(P)H
oscillations and superoxide production, spatial relationships
also exist. As Figure 2 A illustrates, superoxide is periodically re-
leased from the lamellipodium of polarized neutrophils. Period-
ic plumes of superoxide diffuse away from the lamellipodium
after longitudinal NAD(P)H waves arrive at this site. Thus, the
formation of longitudinal NAD(P)H waves promotes the release
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of oxidative molecules in the di-
rection of a chemotactic gradi-
ent or target.

Our work has clearly shown
that calcium does not uniformly
rise and fall within leukocytes
and tumor cells,"”2" but rather
calcium signals are anisotropic
waves with specific ignition
sites, directions and velocities.
One might postulate that asym-
metries in signaling are related
to asymmetric cell behaviors,
such as migration in a specific
direction. During cell migration,
neutrophils become morphologi-
cally polarized and exhibit one
calcium wave originating at the
leading edge and propagating
about its perimeter."” Using a
micropipet to deliver FMLP to
adherent neutrophils, we found that FMLP triggers the forma-
tion of a second calcium wave that is initiated at its binding
site. Within a short period of time intracellular structures reor-
ganize and the site of FMLP binding becomes the new leading
edge of the cell. In this way calcium waves participate in cellu-
lar orientation.

Another important function of calcium signals in neutrophils
is promoting the fusion of phagosomes and lysosomes. High-
speed imaging experiments have shown that calcium signals
form at the site of target binding to leukocytes. After phagocy-
tosis, calcium signals travel from the plasma membrane to the
phagosome; this suggests that they may play an important
role in phagolysosome fusion. Signal routing from the plasma
membrane to phagosome following antibody-dependent
phagocytosis of sheep erythrocytes is illustrated in Fig-
ure 2B." Similar results were obtained by using transfectants
expressing the antibody receptor FcyRIIA™ Furthermore,
phagolysosome formation was observed in these transfectants.
However, site-directed mutagenesis studies showed that a se-
quence of amino acids (LTL) within the cytoplasmic tail of
FcyRIIA was critically important in routing the calcium wave to
the phagosome and phagolysosome formation.'”*? Recent re-
search suggests that FcyRIIA's LTL sequence may interact with
components of the endoplasmic reticulum to direct the signal
from the cell surface to intracellular membranes (see below).
Thus, we have been able to combine previously developed
technologies in molecular biology with our new dynamic
methods of investigation to reveal new levels of spatiotempo-
ral organization within cells and their molecular signaling
motifs.

Clinical Mechanisms

Although dissipative structures explain biological events at a
more fundamental physiochemical level, their greatest contri-
bution may be their ability to explain long-standing puzzles in
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clinical medicine. For example, we all know that fevers are as-
sociated with illness. Chemical studies have provided the struc-
tures of fever-inducing bacterial components, such as LPS, as
well as the structures of molecules such as cytokines that pro-
mote changes in body temperature. Yet, the physiological role
of the thermal component of fever, in distinction to the
changes in cytokine production, etc., was unknown. Thermal
changes do not reduce bacterial growth at fever-associated
temperatures, but rather alter host defense.”® As mentioned
above, we have shown that the frequency and amplitude of
NAD(P)H oscillations are closely tied to the production of
ROMs, which are synthesized by the NADPH oxidase of leuko-
cytes. The frequency of human leukocyte NAD(P)H oscillations
was found to increase with temperature, with an especially
high rate above 37°C.*% In parallel, the rate of ROM produc-
tion also rapidly increased above 37°C. As ROMs promote the
destruction of bacteria, we propose that the function of the
thermal component of fever is to increase the rate of ROM pro-
duction by leukocytes. This, in turn, is driven by temperature-
dependent changes in emergent metabolic properties of
leukocytes.

Another long-standing, but poorly understood, clinical ob-
servation is the reduction of inflammatory autoimmune disease
during pregnancy. About 70% of women with multiple sclero-
sis or arthritis go into remission when they become pregnant,
but relapse after delivery.”” When peripheral blood leukocytes
from pregnant women were evaluated, their metabolic oscilla-
tions and ability to produce ROMs in response to conventional
agonists, such as LPS and FMLP, were altered. Specifically, in-
flammatory agonists were unable to stimulate formation of the
higher frequency (10 s period) metabolic oscillations in adher-
ent human neutrophils.”® This metabolic change paralleled an
inability to fully activate the hexose monophosphate shunt
and respiratory burst. A simple spatial model of enzyme distri-
bution may explain these fundamental changes in cell metabo-
lism (Figure 3). We have shown that glucose-6-phosphate
dehydrogenase and 6-phosphogluconate dehydrogenase, the

A B
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Figure 3. Spatial model of neutrophil regulation during pregnancy. Panel A: In
cells from nonpregnant individuals, both hexokinase and the hexose mono-
phosphate shunt enzymes, glucose-6-phosphate dehydrogenase and 6-phos-
phogluconate dehydrogenase, are found at the periphery of the cell. This spa-
tial arrangement makes glucose-6-phosphate easily available to the hexose
monophosphate shunt, thereby providing more NADPH for the NADPH oxidase,
which, in turn, leads to superoxide production. Panel B: However, in the case of
pregnant women, glucose-6-phosphate dehydrogenase and 6-phosphogluco-
nate dehydrogenase traffic to the centrosome; this allows glucose-6-phosphate
to be metabolized by other enzymes at the cell periphery.
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first two enzymes of the hexose monophosphate shunt, are
transported to the centrosome (or cell center) of neutrophils
from pregnant women, but are found at the periphery of cells
from nonpregnant individuals.*®**! As hexokinase is found at
the periphery of activated leukocytes, the translocation of glu-
cose-6-phosphate dehydrogenase and 6-phosphogluconate
dehydrogenase to the centrosome allows glucose-6-phos-
phate, the product of hexokinase, to be metabolized through
phosphoglucose isomerase and phosphofructokinase, not the
hexose monophosphate shunt, thereby reducing NADPH avail-
ability and oxidant production (Figure 3). These findings may
explain why pregnant women are more susceptible to certain
infectious diseases and often experience diminished symptoms
of autoimmune disease.

Pharmacology

Not surprisingly, conventional pharmacological studies have
yielded compounds that act on dissipative structures. For ex-
ample, the anti-inflammatory steroid dexamethasone inhibits
the acquisition of the 10's period oscillations," which have
been associated with the hexose monophosphate shunt. Simi-
larly, indomethacin affects the intracellular translocation of hexo-
kinase and cell metabolism.?® Additionally, several drugs have
been found to affect calcium signaling in tumor cells. For ex-
ample, carboxyamidotriazole (CAIl) affects the dynamic events
of calcium signaling.”® Although these drugs have proven to
be useful, it is possible that a greater understanding of their
underlying dynamic biomechanisms will lead to further clinical
improvements.

Potential Therapeutic Strategies Aimed at
Emergent Chemical Properties

Several lines of evidence suggest that the biophysical dynam-
ics of intracellular chemical processes are important, yet unat-
tended, variables in drug development. These include, for ex-
ample, the ability of dissipative structures to explain, at a more
fundamental level, biological mechanisms including cell direc-
tion finding and clinical mechanisms such as neutrophil regula-
tion in pregnancy. If chemical dissipative structures are central
in cell functions, it should be possible to design new drugs or
develop combinations of existing drugs to perturb these dissi-
pative structures, thereby improving patient care. This possibil-
ity is strengthened by the fact that several useful drugs affect
dissipative structures. Table 1 lists several approaches under
study in this laboratory that utilize this strategy.

The analysis of metabolic oscillations has suggested several
potential therapeutic approaches and identified biomecha-
nisms that might lead to new drugs and clinical protocols.
Computational studies of cell metabolism, NADPH oxidase ac-
tivity, and the peroxidase cycle suggested that melatonin in-
creases the amplitude of metabolic oscillations and oxidant
production."” These findings were confirmed experimentally
and account for the ability of melatonin to prime leukocytes.
This suggests that melatonin, or similar compounds, might be
useful in augmenting a depressed inflammatory response. Im-
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quence plays a crucial role in directing calcium sig-
nals to phagosomes. We have recently prepared a
“Trojan peptide” that delivers an LTL sequence to the
cell cytoplasm. Trojan-LTL, but not Trojan-AAA, pepti-

Table 1. Potential contributions of biophysical dynamics in medicine.
Dynamic Approach In vitro activity Potential
Measure application
Calcium LTL peptide phagolysosome inhibi-  kerititis
wave tion
Calcium multiple drug inhibits tumor cell cancer chemotherapy
wave interactions motility/invasion
Calcium multiple drug inhibits neutrophil arthritis, uveitis,
wave interactions function multiple sclerosis, etc.
interactions
Metabolism  pulsed magnetic inhibits neutrophil arthritis
field function
Metabolism leukocyte changes depresses neutro- arthritis, uveitis,
in pregnancy phil function multiple sclerosis, etc.
Metabolism  melatonin pro-inflammatory immunocompromised
patients, neonates

des decorate the neutrophil’s endoplasmic reticulum
and block calcium-signal routing from the plasma
membrane to phagosome (Clark, Kindzelskii, and
Petty, unpublished). This raises the interesting possi-
bility that Trojan-LTL peptides might be useful in con-
trolling topical inflammatory responses, such as keriti-
tis, in which inflammatory cells damage the eye’s
cornea.

Migrating cells exhibit intracellular calcium waves.
As cell migration is required for tumor cell invasive-
ness and metastasis, it might be possible to diminish

munocompromised individuals, such as neonates, might bene-
fit from such an approach.

Dynamic studies have found that the brief application of
weak electric fields at the trough of NAD(P)H oscillations in-
creased their amplitude (frequency- and phase-matched appli-
cation), whereas frequency-matched but out-of-phase applica-
tion (i.e., peak) abolished the oscillations.***? Extensive studies
indicate that ion channel clustering on morphologically polar-
ized neutrophils (ref.[18] and unpublished) accounted for
weak-field detection according to the model of Galvanovskis
and Sandblom.®¥ These effects can be duplicated by the appli-
cation of brief weak magnetic fields, which induce local electric
fields.®¥ When weak electric or magnetic field pulses are ap-
plied out-of-phase with respect to the intracellular chemical
oscillators, metabolic oscillations and ROM production are dra-
matically reduced. This raises the possibility that the local ap-
plication of external weak magnetic fields (which penetrate tis-
sues) at the same frequency, but periodically advancing or re-
tarding the relative phase of field application, might help in
the control of chronic inflammatory diseases, such as arthritis,
by reducing the total number of oscillatory inflammatory cells
in the tissue.

Another ongoing area of research at the basic/translational
interface in my laboratory concerns the regulation of the
hexose monophosphate shunt during pregnancy. As men-
tioned above, we are actively studying the retrograde traffick-
ing of glucose-6-phosphate dehydrogenase and 6-phospho-
gluconate dehydrogenase within leukocytes of pregnant
women.”*?”! Dynamic metabolic assays allow rapid evaluation
of cells from pregnant women. Thus, in addition to identifying
the underlying mechanism of leukocyte regulation in pregnan-
cy, which could not be detected by using conventional screen-
ing assays, our biophysical studies might lead to the identifica-
tion of pregnancy-associated factors controlling inflammation.
Drugs aimed at regulating metabolic dynamics may be appli-
cable in the treatment of many acute and chronic inflamma-
tory diseases.

Our combined high-speed microscopy and site-directed
mutagenesis studies have shown that the Fc receptor’s LTL se-
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the aggressive phenotype of certain tumors by per-

turbing calcium waves. Calcium-active drugs have

been used in chemotherapy. For example, CAl, which
blocks non-voltage-gated cation channels and certain calcium
signals, is presently in phase Il clinical trials.*® Recently, we
have found that CAl affects the propagation of the calcium
waves of tumor cells. As this calcium signal is a cooperative
property of many proteins, we hypothesized that other calci-
um channels might participate in forming this signal. We
found that T-type calcium channels participate in calcium-wave
propagation.” Furthermore, the combination of CAl and mi-
befradil, which blocks T-type channels, inhibited tumor-cell
motility and invasiveness more than either drug alone.™
Therefore, it may be possible to improve clinical care by using
multiple drugs that influence different proteins participating in
the formation of the same dissipative structure.

Conclusion

Cells are more than the sum of their parts. Cellular compo-
nents exhibit numerous collective properties that give rise to
behaviors such as cell motility and nonrandom ROM release.
Such spatiotemporal properties are explained by the coher-
ence and synchrony of underlying biochemical processes,
which may be manifested as chemical oscillations and waves.
These dissipative structures emerge in living cells, as well as
purely chemical systems, that are far from equilibrium and
characterized by nonlinear kinetics and feedback loops. As de-
scribed above, the importance of chemical waves and oscilla-
tions in living cells is just beginning to be appreciated; rele-
vance to certain heritable leukocyte diseases and toxicology
has also been suggested.**=® Although | have simplified the
problem by focusing on semiautonomous cells such as leuko-
cytes and tumor cells, these same principles might apply
equally well to tissues. The power of dynamic biophysical ap-
proaches to explain complex biological phenomena is hard to
miss. High-speed microscopy is capable of dissecting signals
and signal transduction in cells at an unprecedented level;
indeed, chemical wave propagation within cells is a novel level
of physicochemical self-organization in living cells. The coher-
ence of chemical reactions, the direction of cell orientation,
the routing of cell signals, as well as organelle-organelle and
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cell-cell communication are better understood with this ap-
proach. On the basis of high-speed experiments,’®'>'>" | pos-
tulate that chemical waves travel well-defined pathways within
cells at specific times to mediate information transduction,
processing, and distribution—much like a computer chip. Fur-
thermore, the mechanisms underlying long-standing clinical
observations involving fever and disease susceptibilities and
remissions during pregnancy can be understood within the
framework of this paradigm. The dynamic evaluation of sys-
tems behavior is a next logical step in chemical biology, which
at its roots is simply the inclusion of well-established principles
of physical chemistry in drug development. Our work does not
anticipate an end to reductionism, but rather heralds its be-
trothal to biocomplexity/systems biology.

As biophysical dynamics is just entering the arena of drug
development, one has a fairly free hand to speculate about
the future. Two possibilities seem particularly noteworthy. As il-
lustrated by our recent paper,”” one approach to improving
patient care is to use dynamic assays to search for combina-
tions of existing drugs that will improve overall clinical per-
formance. The second and more ambitious possibility is to
combine dynamic measures with high-volume screening. The
dynamic evaluation of cellular subsystems as a screening ap-
proach may identify novel lead compounds that act at unex-
pected sites to regulate dissipative structures and cell behavior.
The concepts described in this paper may provide useful
alternatives and promote an integrative agenda in drug devel-
opment.
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A Spectrum of Models of Signaling Pathways

Sharat J. Vayttaden, Sriram M. Ajay, and Upinder S. Bhalla*®

1. Introduction

Models in biology have a long and distinguished history. By far
the most common form of biological model is the word
model, where abstractions of many observations are simply
stated in plain language. For example, the theory of evolution
is stated as a word model. Despite this familiarity with word
models, biologists have tended to be suspicious of putting the
words into mathematical form. There are good reasons for
such concern. The mathematical approach often brings with it
a bias toward simple and general explanations of observations.
Evolution, on the other hand, does not always choose simple
solutions, and abounds in special cases. It takes special effort
to develop models that are faithful to biology while drawing
upon computational and mathematical tools.

This review describes a spectrum of such models for signal-
ing pathways. At one end of the spectrum are word models ar-
ranged as the familiar signaling-pathway diagrams. At the
other end there are carefully crafted computer simulations in
which every reaction in the signaling cascade is experimentally
defined and has an attached rate constant. Models across this
spectrum have great promise for understanding signaling com-
plexity. It is interesting, at this early stage in the field, to pres-
ent a snapshot of current model development and to note
how the models themselves have begun to evolve.

Why model signaling? The challenges are considerable, and
at least the common perception is that such models have not
been particularly useful. Despite these difficulties, there is a
general consensus that modeling approaches are necessary.
The motivation for this is the sheer complexity of signaling,
backed up by a flood of raw data. The past decade has seen
an exponential rise in high-throughput experimentation. The
philosophy behind performing large-scale genome sequencing,
gene expression profiling, and proteomic analysis can be
summed up in a quote by Craig Venter: “If we hope to under-
stand biology, instead of looking at one little protein at a time,
which is not how biology works, we will need to understand
the integration of thousands of proteins in a dynamically
changing environment."” Modeling and analysis tools are criti-
cal to understanding these often non-intuitive interactions.” In
this study we restrict ourselves to a subset of modeling studies
that deal with signaling pathways. Protein structure, genetic in-
teractions, and statistical analysis of large biological datasets
are other major areas of systems biology analysis, which we
will not consider.

In this review, we first categorize models by their degree of
quantification. We analyze the level of quantification feasible
or already accomplished in current models, using extensive lit-
erature surveys to categorize some 244 models drawn from
two public databases: DOQCS® (http://www.doqcs.ncbs.res.in)
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and BIOCARTA (http://www.biocarta.com/genes/index.asp). We
use the survey to identify possible factors responsible for the
success or failures of quantitative modeling efforts in specific
signaling systems. We then examine the time-evolution of
modeling strategies by studying a family tree of models of the
Mitogen Activated Protein Kinase (MAPK) signaling pathway.
Finally, we discuss how different levels of modeling have
helped to advance the field by deciphering biological com-
plexity.

2. The Spectrum of Models

We define signaling models as any abstraction of signaling
function that has both descriptive and predictive power. A
word model, in its typical embodiment as a signaling block di-
agram, has both, and so does a reaction-level simulation. Such
models differ both in terms of the amount and kind of data
that are needed to specify them, and in terms of the precision
of their predictions. For concreteness, we consider three proto-
typical kinds of model: the block-diagram model, the systems
model, and the semiquantitative model. In each case we de-
scribe the scope of the model, the kind of data that it incorpo-
rates, what this information boils down to in the model, and
the kinds of predictions it can make. We illustrate each with an
example.

2.1 Block-diagram models

Block-diagram models outline the relationships between the
components of a signaling network. Such models specify the
topology of connections between signaling molecules or path-
ways. These models usually also indicate the sign of the con-
nections; that is, whether the interaction is excitatory or inhibi-
tory. Block level models are the most commonly encountered
descriptions of signaling pathways and are the staple for text-
books and databases. Such models are equivalent to pictorial
transcriptions of word models.

An enormous amount of data is embodied in block-diagram
descriptions. The initial observation often comes from genetic
experiments in which mutants lacking a given molecule exhibit
an interesting phenotype. As the molecule is characterized, its
interactors, upstream or downstream, are worked out. These
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Tata Institute of Fundamental Research
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observations add new molecules to the block diagram, and
often link it to known pathways. Experiments that knock out
specific molecules by genetic, molecular, or pharmacological
methods help in the working out of further details of the inter-
actions, such as the sign of the effect. By using genomic data-
bases it is now often possible to relate known pathways be-
tween species, and to fill in homologous pathway diagrams
fairly quickly.

The model abstraction of this immense amount of data is es-
sentially a listing of interacting molecules or pathways, togeth-
er with the sign of each interaction. Frequently this representa-
tion is expanded to include modulatory interactions where a
third molecule can modulate the interaction between two
others. Such data abstractions are sufficient to specify pathway
block diagrams. Clearly, models of the form of pathway block
diagrams are very concise descriptions of highly complex inter-
actions. As we discuss below, such models are the starting
point for any detailed description.

As is obvious, block-diagram models provide a limited range
of qualitative predictions. These are often simply a matter of
following the interaction diagram and predicting that removal
of an upstream molecule will eliminate an effect on a down-
stream one. These qualitative predictions can, however, be ex-
tremely important. For example, block-diagram models of sig-
naling networks often form the basis for designing knockouts
or pharmacological interventions that are predicted to have
specific effects. The key role of the NMDA receptor in learning
and memory, for example, was confirmed through knockouts
of specific receptor subtypes in specific regions of the hippo-
campus.

An example of a topological model and its results are shown
in Figure 1a and b. This model deals with the obese gene and
the prediction that its protein product leptin would have a
target receptor in the hypothalamus. More than 50 years ago,
Kennedy hypothesized that the hypothalamus senses some
factor that provided it information about the body’s fat re-
serves, as a result of which the hypothalamus would regulate
food intake.”! A critical clue about the factor that regulates
body weight came from Coleman’s finding in the 1970s that
recessive mutations in the mouse ob and db genes resulted in
obesity and diabetes. Through his experiments Coleman con-
cluded that the blood-borne factor was encoded in the ob
gene and the receptor for this factor was encoded in the db
gene. It was only in 1994 that Friedman’s group identified and
characterized the ob gene and its product, leptin.” Tartaglia’s
group followed this up with the discovery of the leptin recep-
tor in 1995.®! Here we see that Kennedy and Coleman’s word/
block diagrams led the way to identification of leptin and its
receptor.

In summary, block-diagram models encapsulate immense
amounts of information about the topology of signaling inter-
actions. Such models enable fundamental predictions about
causality in signaling events, and are the starting points for all
modeling analyses in signaling.
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2.2 Systems models

Systems models are models that incorporate partial mechanis-
tic detail about signaling interactions. Such models mathemati-
cally represent the architecture of the system, and thus can
predict the general range of behavior that the system can
adopt. The information is at a level that facilitates mathemati-
cal and numerical analysis over a range of possible parameters.
For example, many such models specify the reaction scheme
of the system and may also include partial reaction rates.

Such information is typically represented in the model as a
set of differential or algebraic equations in which the specific
rates are free parameters over a certain plausible range.

Armed with this information, one can show, for example,
that under certain conditions the system will be stable, but in
other parameter ranges it might oscillate or flip into a different
state of activity (Figure 1c and d). Thus, even though such
models lack detailed kinetic and quantitative parameters they
still possess significant predictive power. The cell cycle is an ex-
ample of a system that has been extensively studied at the sys-
tems level.® Early models were essentially theoretical and had
abstract structures in which specific chemical reactions were
not modeled completely. For example, one version of this
model required only two equations and four kinetic parame-
ters to specify its behavior® Although these models were
made before experimental data on system structure and kinet-
ics were available, they were capable of qualitatively describing
many aspects of in vivo and in vitro behavior. Tyson’s 1991
model had an oscillatory period from 10 to 50 min, whereas in
vivo the period for Xenopus cleavage cycles was shown to be
30 min"™ and the in vitro period was shown to be around
60 min."

As illustrated by the cell cycle example, systems models are
able to capture the essential behavior of a system qualitatively
and to suggest directions for experiments to refine under-
standing of the system.

2.3 Semiquantitative models

Semiquantitative models are mechanistically the most ad-
vanced models currently available. The scope of such models
is typically at the level of biochemical representation of signal-
ing. More modern modeling efforts frequently go well beyond
this, and may incorporate cell biological, spatial, and even me-
chanical details of cellular function.

The experimental data incorporated into such models is ex-
tremely varied. It is, of course, a superset of the systems and
block-diagram representations. In addition to the genetic and
molecular biological specification of interactants and the iden-
tification of reaction mechanisms, there is an immense range
of kinetic and pharmacological techniques needed to parame-
terize models quantitatively. Test-tube biochemistry has a
prominent role in specifying rates, though this is increasingly
being supplanted by less precise but more sensitive measure-
ments based on specific antibodies, such as western blots.
High-resolution imaging methods are invaluable in determin-
ing localization and traffic of molecules, and such methods are
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1a) Word model for Obesity regulation

Blood - Factor P Leptin

Y. Zhang et al, 1994
Identification of leptin, the
protein product of ob gene as
the blood factor

Hypothalamic

- OB-R
Receptor

L.A. Tartaglia et al, 1995
Identification of OB-R,
hypothalamic receptor for leptin

Food Intake | Obesity

G.C. Kennedy, 1954

1b) Prediction of word model

Obese mouse

Mutant for factor in blood,

later discovered to be low
levels of leptin.

Wild-type mouse |
++ for factor in blood;
is lean. Leptin was
discovered to be the factor.
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Figure 1. Scope of a model. a) Example of block-diagram/word model for obesity. Different components of the word model prediction were discovered subsequently,
as shown in purple and green. b) Prediction and experimental validation of obese phenotype. c) Example of a systems model for the cell cycle. The model represents
the role of cdc2 and cyclin in cell cycle progression as described by Tyson in 1991. d) Qualitative prediction of cell cycle fate made by the model based on levels of
M (Mitosis Promoting Factor or Complex of Cdc2 and Cyclin-p), the periodicity of which was later verified through experiments. e) Semiquantitative model for
MAPK proposed by Kholodenko in 2000, describing a negative feedback from MAPK-PP to MKKK activating reaction resulting in oscillations of dually phosphorylat-
ed and non-phosphorylated forms of MAPK. f) Oscillations in MAPK predicted by the model.

often amenable to kinetic measurements on the timescale of
seconds. Surface plasmon resonance methods, though techni-
cally challenging, have great promise for providing high-quali-
ty kinetic parameters.

ChemBioChem 2004, 5, 1365-1374 www.chembiochem.org
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Once digested, this vast amount of data typically reduces to
just three model quantities: reaction schemes, rate constants,
and concentrations of molecules. In more advanced modeling
efforts the localization of molecules and possibly their trans-
port rates may be represented.
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Good quantitative information opens the way to extremely
detailed and specific predictions. Essentially, any experiment in
the system with a readout expressed as a concentration term
can be simulated. Time-series experiments are particularly chal-
lenging tests for simulation predictions, as these test both the
steady-state properties and the dynamics of the model. Often
the limiting point in making good predictions is precisely the
point at which the model runs out of experimental input. Such
situations are frequently the most productive interfaces be-
tween model and experiment.

The NF-xB system illustrates this point. NF-xB is a nuclear
transcriptional factor present in the cytoplasm. It has a large
number of activators and in response to specific activators it
selectively up-regulates different subset of genes. Although
some quantitative information on NF-xB's interactions in the cy-
toplasm exists, it is much more difficult to measure nuclear pro-
tein activity. The presence of some amount of quantitative infor-
mation has allowed the construction of a model capable of pre-
dicting the cytoplasmic behavior and making semiquantitative
predictions with respect to nuclear localization of NF-«B.""?

The predictive value conferred by semiquantitative modeling
often helps in refining theory and improving our understand-
ing of a system. An example is Kholodenko’s MAPK oscillatory
model (Figure 1e and f)."¥ This modeling effort makes specific
predictions on the behavior of the MAPK biochemical pathway
in mammalian cells. The study shows through computation
modeling that the presence of a negative feedback loop in the
MAPK cascade allows the system to undergo sustained oscilla-
tions. There are some recent examples of oscillations in the
MAPK system: Akhthar etal.™ and Duffield etal."™ have shown
that some genes encoding components of the Ras/MAPK sig-
naling pathway do show oscillatory peaks, although these do
not match the model in the details of time-course and ampli-
tude.

Thus quantitative modeling efforts include extensive mecha-
nistic and kinetic experimental data, and in turn provide specif-
ic and testable predictions as well as the basis for better un-
derstanding of signaling events.

3. Classification of Current Models of
Signaling Pathways

The ideal model would, of course, be a superset of all the cate-
gories above. It would specify the identities of all the interact-
ing pathways, and would provide full chemical and kinetic de-
tails about each of the chemical steps. In addition, it would in-
clude information about the cellular localization of each event,
together with cell biological details such as trafficking and ge-
netic interactions. In other words, it would embody all the rele-
vant information about the system. Of course, such a model
can only be constructed with hindsight, when the system is al-
ready well understood. The most influential models are often
those that go out on a limb to predict biological phenomena
on the basis of decidedly incomplete data. In this study we do
not attempt to predict which models will eventually be seen in
this light. Instead we construct a somewhat subjective classifi-
cation based on the question of how currently known path-
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ways would fare with regard to available experimental data.
We have addressed this issue by analyzing a somewhat biased
sample of 244 pathways for their prospects for being modeled.
The systems for analysis have been selected from entries in
BIOCARTA (http://www.biocarta.com/genes/index.asp) and from
our database of quantitative cellular signaling DOQCS™ (http://
doqcs.ncbs.res.in). The use of these publicly accessible data-
bases already applies a certain level of sampling bias towards
fairly well known pathways. Clearly, by being included in such
databases, the pathways are already at least at the block-dia-
gram level. Nevertheless, the rather broad scope of BIOCARTA
gives us a useful starting sample for the analysis.

Experience with modeling suggests that different systems
have different kinds and amounts of experimental detail availa-
ble. Therefore, we have used a flexible and simple set of crite-
ria to classify them (Table 1). As described briefly in the table,
the information required to model a system includes:

1) Component connectivity or topological information. This is
the “bare bones” of the reaction connectivity between indi-
vidual elements of the proposed pathway.

Table 1. Different levels of interaction pathways based on availability of quanti-
tative information.

Model  Topological Cellular ~ Temporal Structural In vivo Test-tube
level detail location  details details kinetics  kinetics
Level 0: available available available available available available
Gold

standard

This is essentially an unreachable standard for modeling and is likely to
remain so as further studies add more parameters required for full system
specification.

Level 1: available available available/ available/ available/ available
Blue not not not
standard available available available

These are some of the best constrained models available, such as the E. coli
chemotaxis model, where almost all the components and most of their inter-
actions have been identified.

Level 2: available available/ available/ available/ available/ available/
Green not not not not not
standard available available available available available

Most of the semiquantitative models at this level and the level below are ca-
pable of making systems-level predictions. Models at this level are also capa-
ble of making good mechanistic predictions.

Level 3: available/  available/ not not not available/
Yellow not not available available available not
standard available available available

In these models most of the suspect interactions in the red model have been
eliminated and some test tube level kinetic details is available for a few of
the components.

Level 4: available/  not not not not not

Red not available available available available available
standard available

Models at this level are essentially collections of “interactions” between vari-
ous components of the system. These interactions themselves may be sus-
pect, they have no quantitative details available, and in most cases lack cellu-
lar context. They do, however, provide a probable overview of the global
structure or topology of the cell signaling networks.

© 2004 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim www.chembiochem.org
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2) Cellular localization of components of the system. It is fre-
quently the case that localization data is unavailable even
when details of specifically interacting molecules are
known and their kinetic effects have been observed. Many
experimental results are of the form of blots or gene ex-
pression profiles from homogenized tissue samples. These
experimental techniques monitor populations of cells
rather than single cells, and so their ability to delineate in-
tracellular signaling pathways will be limited. A more de-
tailed model requires information on cellular localization of
key molecules.

3) Temporal dynamics of expression and activation of the
components. Current experimental approaches frequently
sample individual time points rather than the continuous
progression of signaling events. Temporal details are often
monitored only in systems with slow time-courses, such as
the circadian rhythm or the cell cycle; however, such data
is valuable in most models.

4) Structural details of the interacting components. In many
models of signaling pathways it is not known whether the
reactions are between freely moving components or be-
tween tethered or scaffolded molecules. Further, reactions
occurring between molecules in distinct compartments are
often poorly characterized, especially with regard to the
distribution of molecules between compartments. A more
detailed mechanistic model may need to incorporate these
features to represent the nuances of the reaction dynam-
ics.

5) Identification of physiologically accurate quantitative
values of each of the components. Old-fashioned “test-
tube” biochemistry is a good source of reaction rates,
which are very important to constrain a model. It is often
valuable to compare such rates with in vivo measurements
to obtain good parameters for models.

Using the availability of these parameters as a criterion for
classification, we have classified our sample of models into one
of five categories on a scale of biochemical exactitude. These
range from O for excellent models (currently unattainable) to 4
for very sketchy ones. The availability of parameters is based
on published literature associated with the system. Table 1
shows the color coding and the classification criteria. In the in-
terests of space, we describe only our criteria of classification,
but the pathways classified under this scheme are tabulated
and provided at our website (http://www.ncbs.res.in/~bhalla/
model_spectrum/index.html).

3.1. Model-classification results

We performed the above classification for 244 models, ranging
from block-diagram descriptions to very carefully quantified re-
action-level simulations. We stress that the classification com-
bines an assessment of the potential of a model for quantita-
tive modeling, based on available experimental data, as well as
its current status, based on published models. The purpose of
this classification is not to make any value judgment of the
models but only to identify the level of chemical exactitude in
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these models. It is important to note that highly quantitative
models may or may not have a correspondingly high impact
in the future development in the field. Arguably, it is difficult
to compare models with different features addressing different
facets, so a predefined set of criteria are used for making
the comparison. The models are evaluated as explained in
Table 1 on a given set of parameters as well as on the
validity of predictions within the system and the advancement
made by the model. We first simply categorized models into
five levels. We then analyzed subfields of study to see how dif-
ferent fields were represented. We considered some of the ex-
perimental constraints on different model systems, and as-
sessed how this contributes to model development in that
area.

3.1.1 Levels of models: As expected, there are more models at
the block-diagram level than at the quantitative level. Al-
though it may be an artifact of our sample population, it is in-
teresting that the numbers of semiquantitative models
(levels 2 and 3) is potentially rather large, rather than being a
miniscule fraction of the level 4 models (Figure 2a). This is ex-
tremely encouraging from the systems biology viewpoint as it
indicates that even with current techniques we can advance
quantitative modeling in many subfields of biology. At the
same time, it is sobering that there are a miniscule number of
models that are “well quantified” by our classification scheme,
and essentially no excellent ones of level 0. It is therefore clear-
ly important to consider development of high-throughput
methods that would be capable of generating the kind of data
needed to bring models to this more quantitatively predictive
level.

3.1.2 Experimental constraints on modeling in different subfields:
We have loosely categorized model subfields into metabolic,
neuronal, immunological, and cell signaling. Analysis of the
classified data revealed several interesting trends in the types
of data characteristic of each field. Experimentally difficult
systems have limiting quantitative data, as expected, and
models made in these cases would fall into the very sketchy
or level 4 category. For example, brain-related disorders and
neurodegenerative disorders rarely have quantitative infor-
mation. Quite often the topological connectivity itself seems
to be incomplete in many cases. In contrast, disorders of
accessible systems, such as blood-clotting defects, have been
studied to a high level of quantitative detail (level 2), and
so a model of blood clotting defects with significant pre-
dictive capacity can be made. It is also interesting that though
brain disorders are poorly quantified, neuronal signaling
is rather well studied, especially at the synaptic level (Fig-
ure 2¢).

A similar bias in data availability is seen in mammalian as
opposed to non-mammalian systems. Simpler non-mammalian
systems frequently have better quantitative data. This bias
could be because of ease of accessibility and a longer history
of using a non-mammalian experimental model. This is reflect-
ed in higher percentages of models of non-mammalian sys-
tems in levels 2 and 3, whereas mammalian models tend to be
sketchy and largely populate level 4 (Figure 2b).
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a) b) 4. Evolution of Models
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Figure 2. Classification and analysis of models in different levels. a) Distribution of 244 models over the five levels of other signaling pathway
classification (see text and Table 1). b) Subdivision of models between mammalian and non-mammalian systems. (Figure 3).

Non-mammalian systems have a greater proportion of quantitative models. c) Distribution of models in different sys-
tems: immunological, neurobiological, and others. Neurobiological models tend to be better quantified. d) Subdivision
of models between signaling and metabolic models. Metabolic models tend to be better quantified.

An interesting finding is that experimental access does not
necessarily result in quantitative data measurements. Though
immunology is a very important and well represented area,
the data available for model construction are mostly of level 3
or level 4 (Figure 2¢). One possible historical reason for this is
that the approach adapted in immunological experiments is to
identify interactants and/or genetic relation between compo-
nents. The problem is compounded by redundancy and large
number of alternate interactions in signaling events in this
field.

Metabolic pathways have had a longer history of investiga-
tion than cellular signaling pathways. Furthermore, many met-
abolic pathway investigations are associated with studies to
probe for pharmacological intervention. This has apparently
pushed the field towards adopting a quantitative approach.
Consequently, most models of metabolic pathways are quite
biochemically detailed, at level 2 or level 3. In comparison, the
distribution of models of signaling pathways is broader (Fig-
ure 2d).

Overall, in our survey of models, we find that there are a
substantial number of pathways “ripe” for more quantitative
modeling. There is a surprisingly uneven distribution of model
types over different fields, and this is only partially accounted
for by experimental difficulties. There appears to be considera-
ble scope for more experimentation that may bring many
more pathways within reach of more quantitative models.
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The MAPK cascade as we
know it today is a three-tiered
cascade of kinases: Raf =MEK—
MAPK (Figure 1e shows a gener-
ic MAPK cascade). It took several
years to resolve even this basic
topology of the cascade. As recently as 1990 it was not clear
whether the kinases in the cascade were sequentially or simul-
taneously activated."® A two-tiered ordered arrangement of
the kinases had been proposed by 1991,"'” and in the span of
two years from 1991 to 1993 the three-tiered core structure of
the MAPK cascade was identified."® Further refinements to the
topology were made by the discovery that the MAPK cascade
involved scaffold proteins.'”

The first simulations of MAPK (level 3 models) were carried
out in 1996°% in a kinetic model of MAPK demonstrating ultra-
sensitivity. This model was constrained by experimental data,
but contained approximations to the rates. In 1997, Ferrel and
Bhatt showed that MAPKK phosphorylates p42 MAPK by a
two-collision distributive mechanism rather than a single-colli-
sion processive mechanism.?" This experimental model provid-
ed a mechanistic basis for understanding of how MAPK can
convert graded inputs into switch-like outputs. In the same
year, Burack and Sturgill showed through experiments and ki-
netic analysis of available data that the mechanism of ERK2 ac-
tivation by MEK1 in vitro is actually nonprocessive.”? In 1998,
Ferrell and Machleder showed that the MAPK cascade is acti-
vated essentially in an all-or-none fashion during Xenopus
oocyte maturation.”® This behavior was proposed to arise
from two known properties of the oocyte’s MAPK cascade:
positive feedback and the cascade’s intrinsic ultrasensitivity,
proposed in 1996 by Huang and Ferrell.
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Model evolution in MAPK system

1990 1991 1992 1993 1994 1006 1997

Keytofigure- [ < o < < ™ < Il < [ - Level of detail

j; - Experimental
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| - Simulations £ =~ Theoretical — - Derives information from

Figure 3. Evolution of modeling, with modeling in MAPK taken as an example. Models are arranged chronologically from left to right by the year of their publica-
tion. Each model considered is represented by a box, and the color in the box is indicative of the level of detail incorporated in the model. The classification of the
levels is in accordance with the criteria detailed in Table 1 (also see text). The boxes are color coded in increasing order of detail, red being the lowest and blue
being the highest. The icon at the base of the box indicates the approach adopted by the study for modeling. The connections to each model indicates important
source of starting information. All connections originating from a single model are represented by a single color.

Following this initial set of models, the next phase began to
analyze additional components of the MAPK cascade, and to
explore its dynamics in detail.

In 1999, Bhalla and lyengar used simulations based on kinet-
ic data available at the time to propose that the MAPK cascade
might participate in a bistable feedback loop.?* This MAPK
model was one of the earliest to incorporate EGF activation in
its description. In the same year, Kholodenko modeled the EGF
signal transduction from the receptor to the RasGTPase.” In
2000 Kholodenko proposed an oscillatory mechanism in a
MAPK cascade model."™ Levchenko explored effects of scaf-
folding on the MAPK cascade, and his model proposed that
scaffold proteins may biphasically affect the levels of MAPK sig-
naling and thereby reduce its threshold properties.” Bright-
man and Fell showed through quantitative modeling that
feedback inhibition of the MAPK cascade determined the dura-
tion of cascade activation.”” A further study on MAPK system
dynamics by Asthagiri and Lauffenberger showed that nega-
tive feedback could enhance an upstream signal in the MAPK
cascade.®®

In the most recent phase of modeling, two trends are appa-
rent. Firstly, recent models incorporate still further cell biologi-
cal detail, including receptor traffic and transcriptional control.
Secondly, recent studies have begun to utilize both experi-
ments and simulations in an integrative fashion. We mention
some of these studies in Figure 3. Models have incorporated
various kinds of cell biological detail. Schoeberl etal. have
modeled the effects on MAPK due to receptor internalization
of EGF receptors.” In 2002, Bhalla etal. combined experiments
and modeling to support MAPK involvement in a bistable
feedback loop.B” This study also considered transcriptional ac-
tivation of MKP-1 as an important component of the history
dependence of the cellular response. Swain and Siggia mod-
eled the multisite phosphorylation of MAPK and suggested
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that it acts to improve signaling specificity.®" In a theoretical
study, Somsen etal. showed that scaffolding could induce se-
lectivity in different MAPK modules even if they shared the
same kinases at some levels in the cascade.”” In one of the
largest models of the MAPK cascade yet attempted, Resat etal.
simulated the differential kinetics of EGFR activation by EGF
and TGF-alpha using a large multi-compartment spatio-tempo-
ral model. In the same study they also provided experimental
support for the model predictions about differential receptor
activation.® In 2003, Hatakeyama etal. modeled dual regula-
tion of heregulin-induced ErbB signaling.®¥ This work was
based on Schoeberl’s 2002 model and also involved some ex-
perimental verification. Xiong etal. showed in 2003 that a posi-
tive feedback loop between activation of MAP kinase (MAPK)
and the cell cycle regulator cdc2 is responsible for ensuring
the self-supporting decision of the oocyte to mature.®® This
experimental work verified this proposal put forward by the
1998 Ferrell and Machleder model. In 2003, Gong etal. mod-
eled redundancy and dominance of the Shc-dependent path-
way during MAPK activation.®® Gong based this simulation
work on Schoeberl’s 2002 model and also on the 1999 and
2000 Kholodenko model. In 2004 Markevich etal. showed by
kinetic analysis that bistability and hysteresis are inherent
properties of multi-step phosphorylation-dephosphorylation
cycles.®” They proposed that this might cause a MAPK cascade
to exhibit bistable behavior even in the absence of feedback
loops. In 2004, Chapman and Asthagiri showed through net-
work component analysis that amplification, input potency,
and dynamic range of output in the MAPK cascade may be
tuned by manipulating module components.®®

There are several interesting features that emerge from our
analysis of the lineage of these models. Firstly, there is a very
strong evolutionary dependence on older models. This is even
more striking when one compares rate constants across
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models (data not shown). It is clearly a field where cross-ferti-
lization is important and effective. Secondly, models get
bigger, not just better. The scope of some of the recent
models extends from the cell surface to the nucleus, and in-
cludes spatial detail in-between. The kinds of questions ad-
dressed by such models are correspondingly more biologically
complete. Another interesting observation that can be seen in
Figure 3 is that although many of these models share common
information sources, they are not all given the same rating.
The following example illustrates this point. Two simulation
models in 2000 explored distinct, novel aspects of the MAPK
cascade. Levchenko’s model was one of the first models to
state a theoretical quantitative model of the MAPK cascade
with a generic scaffold protein. Kholodenko’s model proposed
a new behavior for the MAPK cascade based on well defined
existing properties of the MAPK cascade: namely, negative
feedback and ultrasensitivity. Though they have similar sources
of starting information, the Kholodenko model is rated as
more quantitatively defined. The Levchenko model introduced
a new generic component and is thus chemically less well de-
fined than Kholodenko’s model, which explored new behavior
of the system. There is no new component introduced into
Kholodenko's reaction scheme, and hence it is chemically
better defined, which reflects as a higher rating. However, one
should not confuse the chemical exactness used in this classifi-
cation with the impact the model may have on future research
in the field. Indeed, it could be argued that one of the key
roles of such modeling is to explore the effects of novel or
speculative biological interactions.

A more subtle observation is that the environment of previ-
ous models sets a ratchet for the quantitative precision of new
studies. The general color in the figure shifts from red (low
quantization) toward blue (very good quantization). This may
seem like an inevitable outcome of refinement of models, until
one recognizes that new models also incorporate additional in-
teractions, spatial detail, and stochasticity. Given that each of
these additional attributes needs characterization, it is by no
means a given that larger models should also have better
parameters.

Finally, this chart focuses on modeling studies rather than
the larger experimentally driven context of the field. Neverthe-
less, even within this limited set of modeling studies, a clear in-
tertwining of experiments with the models is evident. This has
become explicit in recent years with several combined model/
experiment studies.

Thus, over a span of some 14 years, modeling efforts in the
MAPK system have evolved from topological models to ex-
tremely detailed studies of specific hypotheses with close ref-
erence to experiments. The questions involved have changed
from broad issues of signal flow to specific tests of the nature
of feedback and other key systems biology attributes of the
cascade. While biological experiments remain the arbiter of all
these studies, it seems likely that the conceptual level of the
questions being posed owes a great deal to modeling.
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5. Biological Complexity and Modeling

Models help to handle complexity in at least three major ways:
by organizing masses of data, by predictions in complex situa-
tions where intuition fails, and ultimately, as a tool to improve
understanding. In this survey we have considered 244 models,
most of which do all of these things. We conclude with some
illustrations of the use of models to handle complexity in bio-
logical signaling pathways.

Data organization is obviously the territory of databases,
and the management and analysis of biological data is now an
entire field in itself. This is variously referred to as bioinformat-
ics, or one or other form of the much-abused suffix “omics”.
Models play a very important complementary role to the con-
ventional database representations of signaling.®® In particular,
with increasing model detail, models can provide not just a
parts list, but a data representation with functional capabilities
built in. Even at the block-diagram level, the flow of informa-
tion in a signaling cascade is evident. At the systems level,
models can be used to identify gaps in the original data that
are needed to explain system behavior.”*”? At the quantitative
level, the model embodies the state of knowledge not just
about the structure of the signaling pathway, but also about
its dynamics and behavior under many sets of conditions.”"
These capabilities clearly go far beyond the basic search-and-
link features of most databases in representing the function of
complex signaling. Modeling also serves as a means for check-
ing the completeness and consistency of the different sets of
information available for a system.

Prediction of system function is the next step for models.
For simple signaling it is probably not critical to have a model
representation. For example, the classical cyclic AMP signaling
cascade is a linear pathway with some amplification. As one in-
corporates additional data, such as receptor down-regulation,
turnover, alternative isoforms, and signal cross-talk, even this
simple pathway needs at least a block diagram to predict what
might happen in response to an input or modulator. A systems
level description improves on this by predicting parameter
ranges in which different kinds of behavior may occur. With
quantitative models one can close the loop with experiment,
and specifically predict outcomes of manipulations. This is es-
pecially valuable when such outcomes are non-intuitive.?*? A
particularly powerful illustration of this is when one can distin-
guish between physiological outcomes of competing hypothe-
ses embodied as models.”® Models of complex signaling sys-
tems are therefore extremely important tools to supplement
human intuition in trying to predict how such systems will
behave.

Understanding of complex signaling is where we propose
that models will have their most fundamental impact. Quite
often such models propose concepts far ahead of any experi-
mental validation."*? Notwithstanding the accuracy of such
proposals, they make significant contributions to conceptual
advancement. Even at the block-diagram level, systems biolo-
gists can identify functional modules that allow one to replace
a jumble of pathways with an abstracted black box* With the
systems level model to hand, the mathematical form of the
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model can reveal similarity with other well understood systems
from engineering or physics. For example, the form of the
feedback circuit in bacterial chemotaxis adaptation matches
that of a perfectly adapting integral feedback control circuit in
engineering."” Finally, with quantitative models, one can not
only recognize such functional modules and test their opera-
tion,®” but even design signaling systems with desired proper-
ties.*

We propose that this enumeration of the roles of different
levels of modeling is not merely a classification, but instead a
framework for the emerging field of systems biology. How
does one understand these enormously complex biological
systems? Going by the spectrum of models described above,
we would propose that a first pass is to define the interactions
(block-diagram descriptions), the second pass is to define
mechanisms (systems descriptions), and the third pass is to
quantify each step (quantitative specifications). As the level of
description is refined, models go from being completeness
checks, to doing quality control, to providing predictions and a
deeper understanding. Our survey, even though biased to-
wards already developed descriptions, suggests that much of
the field is currently at a “first pass” level. From this perspec-
tive, there are clear further steps to pursue for the develop-
ment of experimental and computational tools to tackle the
second and third levels.

6. Summary

In this review we have conducted a survey of approximately
250 models of cellular signaling from the block-diagram level
up to quantitative models. We assess the current level of rep-
resentation of each model and find that a significant fraction
of systems are sufficiently characterized to be amenable to
quantitative modeling. We find that certain fields, such as met-
abolic analysis, have been very successful in bringing quantita-
tive modeling techniques to their systems. Other areas, such as
immunology, appear to be underrepresented among quantita-
tive models, especially given the experimental strength in the
area. It is tempting to speculate that the recent interest in sys-
tems biology may change this mismatch.

As a specific example of model evolution, we have traced
the family tree of models of the MAPK signaling cascade. We
observed several phases in the evolution of such models, from
sketchy qualitative block diagrams, through a range of early
models outlining the basic properties of the cascade, to an ex-
plosion of models using the cascade in the context of larger
circuits. A remarkable synergy between models and experi-
ments is evident in this family tree. If this history anticipates
model development in other systems, it seems likely that com-
binations of experiments and models will be a strong driving
force in the area. We propose that this example suggests a
framework for the evolution of the field of systems biology as
a whole, through staged refinement of biological understand-
ing. Our survey suggests that the field is still finding its feet in
defining the most basic block diagrams of complex biological
systems.
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Overall, our study is a snapshot of the development of a
young and vibrant field. The models we describe are still play-
ing catch-up with the flood of high-throughput biological
data,“ but they are already able to set a bar for the quality of
such data that will be needed for useful quantification of sig-
naling.*” Given the rapid pace of development in the area, it
will be very interesting to compare this snapshot with the
state of the field in coming years.
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Tools for Glycomics: Mapping Interactions of
Carbohydrates in Biological Systems

Daniel M. Ratner,”” Eddie W. Adams,” Matthew D. Disney,® ® and

Peter H. Seeberger*® > ¢

The emerging field of glycomics has been challenged by difficul-
ties associated with studying complex carbohydrates and glyco-
conjugates. Advances in the development of synthetic tools for
glycobiology are poised to overcome some of these challenges
and accelerate progress towards our understanding of the roles

1. Introduction

Progress in genomic and proteomic research has ele-
vated these fields to the forefront of scientific and
biomedical research. These scientific endeavors have
been facilitated by the myriad of modern laboratory
techniques at the disposal of today’s researcher. Au-
tomated synthesis of nucleic acids and peptides,
rapid DNA and peptide sequencing, gene expression
profile analysis by using cDNA microarrays, protein-
expression systems, siRNA (small interfering RNA)
gene silencing, and knockout organisms are widely
used to elucidate the role of genes and proteins in
biological systems. Until now, a complementary set
of biophysical tools has remained out of reach to
the growing discipline of glycomics and this void
has greatly hindered the emergence of this field.

Analogous to proteomics and genomics, glyco-
mics explores the role of carbohydrates in biological
processes. This includes carbohydrate-carbohy-
drate, carbohydrate-protein, and carbohydrate-nu-
cleic acid interactions (see Figure 1). Carbohydrates,
in the form of glycopeptides, glycolipids, glycosami-
noglycans, proteoglyans, or other glycoconjugates
have long been known to participate in a plethora
of biological processes. These include viral entry,”?
signal transduction,”” inflammation,”” cell-cell interactions,”
bacteria—host interactions,”” fertility, and development.”®
Rapid advances in the field of glycomics, however, have been
hindered by the complexity of the biomolecules involved. Due
to their frequent branching and linkage diversity, oligosaccha-
rides have greater structural complexity than nucleic acids and
proteins.”! Furthermore, the difficulty in isolating, characteriz-
ing, and synthesizing complex oligosaccharides has been a sig-
nificant challenge to progress in the field.

Recent chemical advances, such as improved synthetic
methods, including the development of an automated solid-
phase synthesizer,"” and methods for enzymatic synthesis,""
have opened new and exciting possibilities in obtaining pure,
chemically defined carbohydrates. At the same time, the field
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of carbohydrates in biology. Carbohydrate microarrays, fluores-
cent neoglycoconjugate probes, and aminoglycoside antibiotic
microarrays are among the many new tools becoming available
to glycobiologists.
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Figure 1. Biopolymer interactions. (Reproduced from ref. [1c] with permission of the Royal
Society of Chemistry.)

has seen growing interest in the development of carbohydrate
microarrays,"? and neoglycoconjugates”™ to facilitate other-
wise laborious biological studies. By unifying synthetic advan-
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ces and new biochemical tools, it is
now possible to expand the tool-chest
available to the glycomics researcher.
This Concepts paper illustrates the po-
tential of some of these emerging
technologies.

At present a number of synthetically
derived carbohydrate tools are becom-
ing available to glycobiologists. These
tools include: monovalent fluorescent
conjugates, neoglycoproteins, multiva-
lent quantum-dot conjugates, affinity-
tagged saccharides, derivatized mag-
netic particle and latex microspheres,
sepharose affinity resins, carbohydrate
microarrays, and surface-plasmon reso-
nance to probe carbohydrate—protein
interactions (Figure 2). 2.

This variety of glycoconjugate tools
is made possible by a number of
viable linking chemistries that involve
the reducing end of carbohydrates.
Amine-containing linkers permit conju-
gation with amine-reactive substrates,
including activated esters. In addi-
tion, carboxy-terminated reducing-
end chemistries are amenable to cou-
pling to amine-presenting molecules.
Maleimide-derivatized linkers permit conjugation to thiol-pre-
senting structures. Thiol-presenting linkers may be coupled to
maleimide- and iodoacetyl-containing structures.

Our laboratory has developed a single linking chemistry for
the purposes of streamlining the development process of new
tools in glycobiology. A 2-(2-(2-mercaptoethoxy)ethoxy)ethanol
linker was selected for the preparation of neoglycoconju-
gates."™ This linker chemistry was selected based on its com-
patibility with existing synthetic methods, the ease of tempora-
rily masking the thiol functionality with a protecting group,
and the reliability of thiol-based conjugation chemistries—in
particular, thiol-maleimide and thiol-iodoacetyl couplings
(Scheme 1). The orthogonal reactivity of a terminal thiol to the
functional groups presented by carbohydrates allows for de-
fined covalent immobilization of oligosaccharides to a func-
tionalized surface, creating a cell-surface-like environment on
the chip."™

2. Carbohydrate Microarrays

There is great interest in developing microarray-based meth-
ods for probing the roles of nucleic acids, proteins, and carbo-
hydrates in biology. The chip-based format offers many advan-
tages over conventional methods. These include the ability to
screen several thousand binding events in parallel and the fact
that a minimal amount of analyte and ligand are required for
study—making the most of precious synthetic or naturally pro-
cured materials. Many methods for preparing carbohydrate mi-
croarrays have been described to date: nitrocellulose-coated
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Figure 2. Tools for glycobiology: a) modified surfaces for microarrays and SPR, b) monovalent fluorescent con-
jugates, c) neoglycoproteins and carbohydrate vaccines, d) multivalent quantum dot conjugates, e) future neo-
glycoconjugates, f) affinity tag (biotin, etc.) conjugates, g) magnetic particle conjugates, h) latex microsphere
and sepharose affinity resin conjugates.
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Scheme 1. 2-(2-(2-mercaptoethoxy)ethoxy)ethanol as a linker for preparing
neoglycoconjugates. a) Linker synthetically incorporated into reducing end of
mono or oligosaccharide. b) All protecting groups removed from carbohydrate
and thiol. c¢) Reduced thiol coupled to maleimide or iodoacetyl-functionalized
structure.

ChemBioChem 2004, 5, 1375-1383



www.chembiochem.org



Interactions of Carbohydrates in Biological Systems

slides for noncovalent immobilization of microbial polysaccha-
rides and neoglycolipid-modified oligosaccharides;"® polysty-
rene microtiter plates for presenting lipid-bearing carbohy-
drates;"” self-assembled monolayers modified by Diels-Alder-
mediated coupling of cyclopentadiene-derivatized saccha-
rides;"® thiol-derivatized glass slides modified with maleimide-
functionalized oligosaccharides;"'® and thiol-functionalized car-
bohydrates immobilized on maleimide-derived gold and glass
slides.'*2%

We adopted two surface chemistries for the preparation of
our carbohydrate microarrays. Both involve maleimide func-
tionalization of glass slides to form a stable bond between the
slides and thiol-containing synthetic
oligosaccharides. In one case, BSA-
derivatized aldehyde glass slides

bohydrate from the microtiter wells. Nitrocellulose-based im-
mobilization is limited to large polysaccharides or lipid-modi-
fied sugars. More sophisticated synthetic methods for immobi-
lization have limited applications in the preparation of large
oligosaccharides due to the sensitivity of the complex chemis-
tries.

2.1 High-mannose microarrays

To establish the viability of the carbohydrate microarray, a
panel of mannose-containing oligosaccharides was prepared
(Scheme 2). These structures were selected based on their rele-

were functionalized with succinimid-
yl  4-(N-maleimidomethyl)cyclohex-
ane-1-carboxylate (SMCC) to present
a maleimide reactive surface." Al-
ternatively, amine-derivatized Corn-
ing GAPSIl slides were directly
modified with SMCC prior to incu-
bation with thiol-presenting saccha-
rides.”” Microarrays were printed at
high density by using standard DNA
microarray robotic printers. These
two methods of surface functionali-
zation offer different advantages.
BSA-derivatized slides present a rel-
atively low density of immobilized
oligosaccharide and excellent resis-
tance to nonspecific binding of pro-
teins to the surface. The GAPSII
slides permit high-density immobili-
zation of oligosaccharides, permit-
ting examination of carbohydrate
clusters at the surface, and present
the carbohydrate in a peptide-free
context.

These immobilization chemistries
were developed, in part, to address
the limitations inherent in existing
methods for preparing carbohydrate
microarrays. For instance, the micro-
titer method requires relatively large
quantities of oligosaccharide and
does not offer the same degree of
high throughput available to roboti-
cally printed glass microarrays. In
addition, the reliance upon nonco-
valent, hydrophobic interactions to
anchor carbohydrates to the micro-
titer wells places considerable limi-
tations on the stringency of washes
one may employ; the use of deter-
gents to reduce nonspecific interac-
tions invariably leads to loss of car-

ChemBioChem 2004, 5, 1375- 1383
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Scheme 2. Synthetic substructures of the triantennary N-linked mannoside, including thiol-containing linker for
immobilization and conjugation chemistry. Reprinted from ref. [21] with permission from Elsevier.
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Figure 3. Carbohydrate microarrays containing synthetic mannans 1-7 and galactose, print-
ed at 2 mm. False-color image of incubations with fluorescently labeled ConA, 2G12, CVN,

DC-SIGN, and Scytovirin.?"

vance to the glycans found decorating viral-surface envelope
glycoproteins of HIV. Specifically, the arrays are composed of a
series of closely related structural determinants of (Man),-
(GIcNAC),. By using these arrays,
precise profiles of the carbohy-
drate-binding capacity of a
series of gp120 binding proteins
(DC-SIGN, 2G12, Cyanovirin-N,

and Scytovirin) was determined NH
(Figure 3) HO °
B : . HO——7\ NH;
. . o
y presenting . the various HO Hzl\(l) o%NHQ
structural determinants of an OH

important glycan on a single
array, multiple proteins can be
screened to determine their
binding profiles. Figure 4 illus-
trates the carbohydrate-binding
profiles of two potent HIV-inacti-
vating proteins isolated from cy-
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anobacterium, Cyanovirin-N (CVN)*? and Scytovir-
in.? The results clearly illustrate that these two pro-
teins recognize different structural motifs within the
high-mannose series of structures arrayed. The ability
to obtain this result in a single experiment saves a
significant amount of time compared with conven-
tional methods.

2.2 Antibiotic microarrays

Aminoglycosides are carbohydrate antibiotics that
contain amino sugars and are composed of two to
five monomers (Scheme 3). Clinically, these com-
pounds are used as broad-spectrum antibiotics
against a variety of therapeutically important bacte-
ria. Aminoglycosides exhibit their antibacterial effect
by binding bacterial ribosomes and inhibiting pro-
tein synthesis. The most common binding site for
this class of drugs is the A-site in the small ribosomal
subunit, or 30S, portion of the bacterial ribosome.
The therapeutic efficacy of aminoglycosides, howev-
er, has decreased recently due to antibiotic resis-
tance. Resistance to aminoglycosides can be acquired either
through the transfer of plasmid DNA or from over expression
of endogenous enzymes. Several mechanisms cause resistance

pi
HN” > NH
~
NH HO
=% R
HO
NHo HN4 \ HN NH,
N O, M ST
oH

Scheme 3. Examples of aminoglycoside antibiotics and derivatives thereof. Left, the aminoglycoside neomycin; middle,
ribostamycin; right, a guanidinylated derivative of ribostamycin that was found to inhibit AAC(2')- and AAC(6')-cata-
lyzed acylation of several clinically important antibiotics.”"

10000
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8 8
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Figure 4. Comparison of the binding profiles of fluorescently labeled Cyanovirin-N and Scytovirin, incubated with synthetic mannans 1-7. Reprinted from ref. [21]

with permission from Elsevier.
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including decreased uptake into cells, mutation of the target,
binding to proteins, and covalent modification of the drug by
enzymes.”” Enzymatic modification is the most common ami-
noglycoside-resistance mechanism. The result of aminoglyco-
side modification is a large decrease in binding affinity to the
therapeutic target.” In recent years, the incidence of resistant
bacteria has increased. In order to combat the growing threat
that bacteria pose to human safety, new antibiotics must be
identified. To facilitate the discovery of such compounds, high-
throughput methods to identify compounds that weakly bind
to resistance- and toxicity-causing proteins and strongly bind
to therapeutic targets have been developed by using the mi-
croarray techniques described herein.

2.2.1 Antibiotic microarrays to interrogate interactions to thera-
peutic targets and resistance-causing enzymes: Aminoglycoside
microarrays were constructed by random covalent immobiliza-
tion of the antibiotics onto amine-reactive glass slides by using
a DNA arraying robot. This approach provides a versatile plat-
form for probing the interactions of these compounds with a
variety of targets. Arrays were probed with an RNA mimic of
the bacterial and human A-sites (Figure 5).?° These two differ-
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Figure 5. The oligonucleotide mimics of rRNA A-sites that were incubated with
the aminoglycoside arrays. The bacterial oligonucleotide has been shown to be
the binding site for some aminoglycosides in the ribosome. The human oligo-
nucleotide has been tested for aminoglycoside binding by using MS experi-
ments. Each oligonucleotide was fluorescently labeled; the bacterial RNA is
labeled with TAMARA and the human with fluorescein.

ent RNA sequences were used to establish this microarray
method as a screen not only for tight binding to RNA but also
specific binding. Results from these studies showed that the
antibiotic amikacin binds the tightest to both the bacterial and
the human A-site mimics. These results do not exactly correlate
with in-solution measurements of aminoglycoside binding af-
finity due to the nonspecific immobilization of the compounds.
Arrays were also incubated with two types of acetyltransferase
(AAQ) resistance enzymes, a AAC(6') from Salmonella enterica
and a AAC(2) from Mycobacterium tuberculosis.””*® Binding of
these enzymes to the aminoglycosides correlated well with a
previous calorimetric study of binding affinity.

2.2.2 Antibiotic microarrays to facilitate discovery of inhibitors of
resistance-causing enzymes: A library of aminoglycoside mimet-
ics was arrayed onto glass slides in order to find inhibitors of

ChemBioChem 2004, 5, 1375-1383  www.chembiochem.org
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resistance. Guanidinoglycosides were chosen because: 1) they
are easily synthesized from aminoglycosides;?? 2)the in-
creased charge that guanidinoglycosides have relative to ami-
noglycosides might allow for tighter binding to the negatively
charged aminoglycoside binding pocket in these enzymes;”
3) the difference in pK, between a guanidinino group and an
amino group (12.5 versus 8.8, respectively) suggests that the
guanidinoglycosides may not be substrates for these enzymes.
Screening this library revealed that each of the guanidinogly-
cosides exhibited higher affinity for the resistance enzymes
than the corresponding aminoglycosides. Guanidinoglycosides
were tested by using a spectrometric assay for their ability to
serve as substrates for AAC(2') and AAC(6').7*® The results
demonstrate that guanidinoglycosides are not substrates and
inhibit acylation of several clinically important aminoglyco-
sides.®" Information from these studies will allow the develop-
ment of new antibiotics that evade resistance.

2.3 Hybrid carbohydrate/glycoprotein microarrays

A hybrid carbohydrate/glycoprotein microarray was developed
to rapidly determine the contribution of protein—protein inter-
actions in addition to carbohydrate—protein interactions in
binding events. By arraying both the glycoprotein and the car-
bohydrate it displays, binding determinants can be rapidly
identified. To develop these screens, a GAPSII glass slide was
modified at the surface by using two chemistries: on one side
maleimide and on the other an NHS-activated ester. The carbo-
hydrates and glycoproteins were printed on the maleimide
and NHS-activated ester sides of a single chip, respectively. Hy-
bridization with a carbohydrate-binding protein established
whether the peptide context is required for binding. Figure 6
shows two incubations that make use of a hybrid array. In the
case of Cyanovirin-N, both free carbohydrate and gp120 are
bound. In contrast to a crude plant extract known to contain a
high-mannose binding protein, free carbohydrate is not bound
in the absence of the glycoprotein; this strongly suggests that
either protein—protein contacts are required for glycan recogni-
tion or that protein-conformation-dependent presentation of
the high-mannose glycans influences recognition by this car-
bohydrate-binding protein.

2.4 Microsphere arrays to detect protein—-carbohydrate
interactions

In contrast to the microarray systems described above, a
system developed in collaboration with the Walt laboratory
uses optically addressable, internally encoded microspheres to
define the position and structure of a series of carbohy-
drates.®¥ While solid-phase carbohydrate libraries have been
employed previously,*® miniaturization of the assay, combined
with fluorescently encoded microspheres, allows for rapid
screening while requiring amounts of material comparable to
or less than what is required by microarrays. To detect binding,
the immobilized microsphere array is incubated with a fluoro-
phore-labeled carbohydrate-binding protein. The binding pro-
file is determined by measuring the fluorescence of beads that
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Figure 6. Carbohydrate/glycoprotein hybrid microarrays containing synthetic mannans 1-4, gp120, and gp41, incu-

bated against fluorescently labeled CVN and biotinylated crude plant extract.

emit at both the wavelength of an internal code, which is used
as a marker for the carbohydrate displayed on a microsphere
(an entrapped fluorescent dye), and the labeled protein. Fluo-
rescence colocalization indicates a binding event. Using this
system, we examined the binding profiles of Concanavalin A
and Cyanovirin-N (Figure 7).

Figure 7. Internally encoded, randomly oriented microsphere arrays bearing structures 1-4 and 6 (Scheme 2) and
incubated with BODIPY-labeled Cyanovirin-N. Specific binding events were observed by detecting BODIPY emission at
520 nm. Left: Fluorescence at 520 nm prior to BODIPY-CVN incubation; right: fluorescence at 520 nm after BODIPY-
CVN incubation. (Taken from ref. [32].)

3. Surface Plasmon Resonance (SPR) to Study
Protein-Carbohydrate Interactions

Immobilized carbohydrates are also used for SPR experiments
to provide valuable insight into the binding of analytes to li-
gands in real time and to allow for both low- and high-affinity
interactions to be measured.”® In these experiments, a solu-
tion containing an analyte is washed over a surface. Binding is
measured by the change in the refractive index of the surface
upon accumulation of analytes. Since interactions are mea-
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sured without the need for la-
beling, any influence of a label
on the experimental results can
be excluded.

SPR was completed by using
self-assembled monolayers
(SAMs), which offer extensive

opdl
gpdl-r

[y

50 pg ml!

25 pgml!

[Z5pgml’ control over the density of im-
mobilized carbohydrate at the
surface. By controlling the ratio

50 pgmL.! of homogenously displayed
maleimide in the SAM, it is pos-

25 pgml” sible to determine the concen-

12.5 pe ml! tration of thiol-modified oligo-

saccharide immobilized on the
surface. Utilizing these precisely
characterized SAMs in concert
with SPR, we established that
complex synthetic carbohy-
drates can be used for detailed studies characterizing the activ-
ity of carbohydrate-binding proteins. To demonstrate the po-
tential of such a system, monolayers of linear trimannoside 4
were used to explore the activity of CVN (Figure 8).'" This
study illustrates how the density of immobilized saccharide af-
fects the amount of bound lectin. Additionally, the platform
was used for testing inhibitors
of CVN binding of 4.

4. Fluorescent Carbo-
hydrate Conjugates as
Probes for Cell Biology

While the microarray format
yields a plethora of information
regarding protein—-carbohydrate
interactions, such arrays may
not be appropriate tools for
studying cell-surface receptors
with presumed carbohydrate-
binding activity (i.e., lectins).
One limitation of the arrays is
the requirement for purified re-
ceptor. Furthermore, due to the
high density of immobilized oli-
gosaccharide, observation of
binding to the surface is restrict-
ed to clustered or multivalent
arrays of carbohydrate. While it may be possible to immobilize
carbohydrate at densities sufficiently low to approximate mono-
valent presentation of oligosaccharide, the microarray format
is not ideal for examining monovalent protein-carbohydrate
interactions.

To define the influence of oligosaccharide clustering on rec-
ognition by cell-surface lectins, we have generated monovalent
and multivalent fluorescent probes for applications in cell biol-
ogy. These probes serve as reporters to enable an investigator

ChemBioChem 2004, 5, 1375-1383
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Figure 8. A) SPR experiments that show the real-time binding of CVN to a self-
assembled monolayer presenting linear trimannoside 4. CVN (0.1 mm) in PBS
buffer was applied to monolayers presenting the trimannoside at surface densi-
ties ranging from 0.5 % to 5 %. B) Soluble Man, 1 (0.02 mm), linear trimanno-
side 4 (0.2 mm), and branched trimannoside 3 (0.2 mm) were used to test for
inhibition of association of CVN to the a monolayer presenting 3 at 1% density.
(Taken from ref. [14].)

to track receptor-carbohydrate interactions by fluorescence
microscopy and flow cytometry.

4.1 Monovalent oligosaccharide-fluorophore constructs for
receptor studies

Most lectins have an increased affinity for a carbohydrate
ligand that is proportional to the valency of the interactions.”

A)

s ISoo)
HOS -~ HO o o

O™-0__

Traditionally, this phenomenon has been investigated by solid-
phase assays that test the ability of carbohydrates to displace
radioactively labeled lectin from binding to a high affinity
ligand (e.g., 107°m).* Cell-based assays developed on the
same principle of inhibitory concentrations have been em-
ployed as well. In these experiments, cells are incubated with
fluorophore-labeled neoglycoproteins, as the high-affinity
ligand, then with potential unlabelled ligands, and the amount
cell-associated fluorescence is measured by flow cytometry.

To establish a more direct method of detecting oligosaccha-
ride-receptor interactions, we have generated monovalent oli-
gosaccharide—fluorophore conjugates (Figure 9A). These conju-
gates can be used to observe the approximate affinity of a
cell-surface lectin for the monomeric oligosaccharide in solu-
tion. For example, we have used a panel of high-mannose oli-
gosaccharide—fluorescein conjugates to follow the concentra-
tion-dependent binding and endocytosis of complex mannans
by the dendritic cell lectin DC-SIGN (E.W.A., unpublished results;
Figure 9B) in DC-SIGN-transfected Hela cells and monocyte-
derived dendritic cells, which express a high level of endoge-
nous DC-SIGN.

4.2 Multivalent oligosaccharide platforms for cell biology

To enable direct assessments of the effect of multivalency on
oligosaccharide binding to cell-surface lectins, we explored the
use of semiconductor nanocrystal (quantum dot)-based sys-
tems as platforms to present multiple oligosaccharide mono-
mers (>100) on a single particle. Early nanoparticle-based mul-
tivalent platforms for evaluating multivalent oligosaccharide in-
teractions were based on carbohydrate-modified gold nano-
particles.’® The success of these nanoparticle studies led us to

HO=2,

\O"\,SH

pH 7.5, 12 hours, 25°C

Figure 9. DC-SIGN-mediated endocytosis of monovalent oligosaccharide-fluorescein conjugates. A) Maleimide conjugation chemistry employed to generate mono-
valent carbohydrate—fluorophore conjugates to study endocytosis. By using this simple, aqueous chemistry, carbohydrate—fluorescein conjugates were prepared for
structures 1-4 and 6 (Scheme 2) and used in studies of DC-SIGN-mediated carbohydrate endocytosis. B) Transiently transfected HeLa cells expressing DC-SIGN endo-
cytose 1-fluorescein. Left: confocal microscopy image of 1-fluorescein (green) and phalloidin staining (blue), middle: phycoerythrin-labeled anti-DC-SIGN antibody
staining of DC-SIGN's subcellular localization, right: merge of the first two panels showing colocalization of internalized oligosaccharide and DC-SIGN.
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believe that quantum dots could enhance the utility of the
nanoparticle platform. Given the high quantum yields in aque-
ous systems and unique photophysical properties (e.g., their
lack of excitation-induced photobleaching, their extremely
narrow, nonoverlapping emission spectra, and the ability to
achieve multiple wavelength emissions following excitation
from a single excitation source), quantum dot-carbohydrate
conjugates will become a powerful tool in studying the cell bi-
ology of cell-surface lectins.”

We have developed a conjugation scheme using our linking
chemistry to control the number of carbohydrates per quan-
tum dot and methods to monitor the efficiency of conjugation
(Scheme 4). By using quantum dots bearing different amounts
of saccharide, we are trying to further elucidate carbohydrate
recognition by DC-SIGN and other mammalian lectins.

5. Carbohydrate-Affinity Screening

Synthetic tools can facilitate the isolation and purification of
carbohydrate-binding proteins from crude mixtures or biologi-
cal extracts. Latex beads, magnetic particles, and agarose or se-
pharose resins modified to display a specific oligosaccharide
can be used for affinity-based purification of carbohydrate
binding partners. Investigators have traditionally employed
monosaccharide-derivatized matrices to identify and isolate
carbohydrate-binding proteins. While these matrices facilitate
the isolation process, little information is gleaned regarding
the true structural specificity of the isolated protein. Matrices
displaying more complex oligosaccharides will enable the si-
multaneous isolation of carbohydrate-binding proteins and de-
termination their structural specificity.
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6. Outlook

Historically, the study of carbohydrates in biology has been a
significant challenge. The isolation of carbohydrates and glyco-
conjugates from natural sources is tedious, frequently yields
heterogeneous products, and produces little material. Based
on advances in synthetic chemistry, sensitive screening techni-
ques for probing carbohydrate-protein interactions are being
developed to facilitate discoveries in the emerging field of gly-
comics. Currently, access to this expanding set of tools remains
limited, primarily due to the specialization required for prepar-
ing the synthetic oligosaccharides. Developments like the auto-
mated solid-phase oligosaccharide synthesizer are likely to
greatly expand access to these synthetically based advances.
Until synthetic means are more widely available to the nonex-
pert, progress in the field is dependent on cross-discipline col-
laboration between glycobiologists and chemists with the syn-
thetic capacity to generate structures of interest.

With these new tools at the disposal of the glycobiologist, it
is likely that previously unimagined roles for carbohydrates in
cell biology will be discovered. These stand to be exciting
years ahead, as revealing these new roles for complex glycans
will illuminate fundamental cellular processes. In conjunction
with genetic methods, biophysical tools of the kind described
in this Concepts paper will aid the growth of glycomics into a
mature field, equal to genomics and proteomics.
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The Concept of “Buffering” in Systems and
Control Theory: From Metaphor to Math

Bernhard M. Schmitt*

The paradigm of “buffering” is used increasingly for the descrip-
tion of diverse “systemic” phenomena encountered in evolution-
ary genetics, ecology, integrative physiology, and other areas.
However, in this new context, the paradigm has not yet matured
into a truly quantitative concept inasmuch as it lacks a corre-
sponding quantitative measure of “systems-level buffering
strength”. Here, | develop such measures on the basis of a formal
and general approach to the quantitation of buffering action.
“Systems-level buffering” is shown to be synonymous with “dis-
turbance rejection” in feedback-control systems, and can be
quantitated by means of dimensionless proportions between par-

1. Introduction

The paradigm of “buffering” emerged roughly one hundred
years ago as biochemists and physiologists were working out
the fundamentals of acid-base chemistry. They had observed
that certain solutions responded to the addition of acid or
base by much smaller changes of acidity than did pure water
or saline solution. Moreover, different solutions exhibited this
“resistance to change” to different extents. To express that
quantitative aspect of buffering action numerically, various
“buffering strength units” were proposed, for example, by Hen-
derson, Koppel and Spiro, Van Slyke, and Michaelis."

Over the 20th century, the paradigm of buffering gained
popularity in many further disciplines, well beyond its original
domain of acid-base chemistry. A literature search with “buf-
fering” as the search term will strikingly illustrate that point. It
will return numerous relevant articles, including many recent
ones, that are related, for instance, to the buffering of electro-
lytes other than the H* ion (e.g. “magnesium buffering”, “calci-
um buffering”®""), of nonelectrolytes (e.g. “oxygen buffering”
by hemoglobin and myoglobin™'), or of thermodynamic
quantities (e.g. “redox buffering”, “thermodynamic buffer en-
zymes”, or “metabolic capacitance”?*?).

Importantly, the buffering paradigm is also invoked—with
increasing frequency—by “systems biologists”. For instance,
buffering terminology is applied to classical physiological feed-
back-control mechanisms. “Blood-pressure buffering” and “au-
toregulation” stabilize pressure and organ perfusion against
disturbances such as fluctuating cardiac output and peripheral
resistance.”*>” Another example is the recent concept of “phe-
notypic” or “genetic buffering”, introduced by evolutionary bi-
ologists. Mechanisms such as negative feedback or redundancy
are said to minimize or abrogate the effects of genetic muta-
tions on the phenotype, thus decreasing the impact of individ-
ual genes on fitness and selection.*' ¥ Moreover, ecologists
study the “buffering” of animal populations in predator—prey

1384

tial flows in two-partitioned systems. The units allow either the
time-independent, “static” buffering properties or the time-de-
pendent, “dynamic” ones to be measured. Analogous to this “re-
sistance to change”, one can define and measure the “conduc-
tance to change”; this quantity corresponds to “set-point track-
ing” in feedback-control systems. Together, these units provide a
systematic framework for the quantitation of buffering action in
systems biology, and reveal the common principle behind sys-
tems-level buffering, classical acid-base buffering, and multiple
other manifestations of buffering.

systems, and systemically inclined sociologists and psycholo-

nou

gists employ concepts such as “stress buffering”, “social buffer-
ing”, or “cognitive buffering” 237

In addition, the buffering paradigm seems to be in place in
the context of further regulatory processes in which it has not
been invoked explicitly. For instance, signal transduction at
synapses is shaped largely by the mechanisms that decrease
the concentration of free transmitters following their triggered
exocytosis. Herein, binding to neurotransmitter transporters
occurs with much higher speed and efficiency than actual re-
uptake. The proteins involved in transmitter binding have
been fittingly termed “decoy receptors”, but their action is still
awaiting a quantitative description. Analogously, hormone
binding to specific binding proteins represents an important,
actively regulated aspect of endocrine signaling through lipo-
philic hormones. Similarly, intracellular signaling through
second messengers such as inositol phosphates, a focus of cur-
rent research in systems biology, is modulated by binding of
these messengers to cytoplasmic factors. Another example is
the regulation of oxygen levels in tissues or organisms; herein,
oxygen binding to proteins such as hemoglobin or myoglobin
contributes to stabilizing free oxygen levels during exercise or
diving, at times even to a greater extent than does vasomo-
tion. In all these cases, no suitable framework exists to capture
the “buffering effect” of these binding processes.

Apparently, “buffering” is, actually or potentially, an intuitive
and useful concept in systems biology, as well as in many
other disciplines. However, the increasing popularity of the
buffering paradigm also confronts us again, and more press-
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The Concept Of “Buffering”

ingly, with the considerable inherent shortcomings of that con-
cept—most importantly, the lack of a single, universally appli-
cable definition of buffering. Consequently, we also lack a
single, rigorous, commonly accepted scientific unit for the
quantitation of buffering action. For instance, in the field of
acid-base buffering, a majority of scientists have adopted
Van Slyke’s unit f=d[strong basel/dpH as a quasi-standard;®
whereas in the field of Ca>* physiology, buffering is more com-
monly expressed in terms of the “calcium binding ratio” «,
with x=d[Ca*"]poung/d[Ca* e For both types of buffering,
several further “buffering strength units” exist. The result is a
parallel use of multiple units; this is problematic inasmuch as
the different units produce qualitatively and quantitatively dif-
ferent conclusions. Another problem causes trouble in different
areas of research, namely the use of a buffering paradigm
without having any buffering strength unit (e.g. in the field of
blood-pressure buffering). The lack of quantitative measures of
buffering leads to vague, essentially metaphorical semantics of
the term “buffering”. Second to none in this respect, contem-
porary systems biology applies the buffering paradigm light-
heartedly although it is equipped neither with a clear concept
of “systems-level buffering” nor with an explicitly defined buf-
fering strength unit. It shares this deficit with the more gener-
al, mathematical, or engineering varieties of systems and con-
trol theory.

In order to formulate, test, and interpret quantitative propo-
sitions, however, it is clearly vital to have a coherent, unambig-
uous system of basic and derived scientific units. The epitome
of such a system is the “Systéme International d’Unités”, which
is at the core of the most mature natural sciences. Lord Kelvin
noted: “When you can measure what you are talking about
and express it in numbers, you know something about it.”
Conversely, without a quantitative concept of “systems level
buffering”, the buffering paradigm in systems biology must
remain flimsy in theory and unproductive in practice.

| have presented elsewhere a formal and general concept of
“buffering”.*>% This concept comes with a dimensionless unit
of “buffering strength”. The first of these articles®® presents a
detailed discussion of the problems that arise from the use of
multiple incommensurate measures of buffering action, where-
as the second article® provides analyses of several classical
buffering phenomena and demonstrates the advantage of the
unified concept as compared to other approaches.

The formal and general concept is universally applicable and
also offers, in principle, a way to get a numerical grasp of sys-
tems-level buffering. The present article fleshes out this specif-
ic aspect of the general concept, and presents explicitly cus-
tomized terms and definitions that can turn the general con-
cept into a handy mathematical tool for systems biologists. For
the systematic theoretical foundation of the general concept,
and for exemplary treatments of various other types of buffer-
ing that are of interest to chemists (e.g. H* buffering by weak
acids or bases, H* buffering in pure water, or redox buffering),
the reader is referred to other articles.*®=>

ChemBioChem 2004, 5, 1384-1392 www.chembiochem.org
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2. Buffering Can Be Quantitated in Terms of
Proportions between Partial Flows in a Two-
Partitioned System

The key to the formal and general concept of buffering is to
view the underlying phenomenon as a partitioning process
(specifically, of one given quantity into two complementary
compartments), and then describe it in terms of the propor-
tions between the flows into the individual compartments.
This approach is illustrated in Figure 1.

For instance, in the case of classic H buffering, the quantity
in question is the total concentration of H* ions in a solution,
and the complementary compartments correspond to the indi-
vidual concentrations of “free” and “bound” (that is, “buffered”)
H* ions. Let us take total H* ion concentration as independent
variable x, and the corresponding equilibrium concentrations
of free and bound H* ion as dependent variables y and z.
Transitions between various equilibrium states of such a two-
partitioned system involve changes of the independent vari-
able (Ax), and well-defined associated changes of the depen-
dent variables (Ay, Az). We designate by the term “transfer
function” the function x—y(x), and by “buffering function” the
function x—z(x). Accordingly, at a given value of x, the cou-
pling between independent and dependent variables is charac-
terized by two differentials, namely a “transfer coefficient” t
given as

dy  d(free)

~dx  d(total)
and by a “buffering coefficient” b given as

dz d(bound)

b=%= d(total)

AY J QA2

free bound

total
\ J

Figure 1. Buffering can be viewed and formalized as a partitioning process. For
instance, H* ions in an aqueous solution (x) can exist either in a free (y) or
bound (z) form. A change of total H ion concentration (Ax) is translated par-
tially into a change of free H™ ion concentration (Ay), and partially into a
change of bound H* ion concentration (Az). The greater the partial change Az
relative to the total change Ax, or relative to the complementary change Ay,
the greater the buffering of the variable y in this system. Buffering strength can
thus be expressed either by the dimensionless differential (“buffering coeffi-
cient”) on a scale from 0 to 1, or by the dimensionless differential dz/dy =B
(“buffering odds”). Buffering odds B yield an absolute ratio scale, that is, a scale
with equal intervals and an absolute zero that does not require any arbitrary
proportionality factors.
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These coefficients can be thought of as the “fractional flows”
into (or out of) the compartments of a two-partitioned system
that are observed in response to a net flow into (or out of) the
system at a given operating point x.

The greater the flow into the second “buffering compart-
ment”, the greater the “buffering strength” of the system. One
way to express the magnitude of this flow (that is, the magni-
tude of buffering strength) is the proportion between “a part
and the whole”; here, the proportion between partial flow into
the “buffering compartment” and total flow into the system.
This proportion is given by the buffering coefficient b; it re-
flects buffering strength by a dimensionless number between
zero (no buffering) and unity (perfect buffering). For instance,
intracellular Mg** ions are buffered with a buffering coefficient
of b~0.6. This means that ~60% of Mg?* added to the cyto-
plasm will be bound by buffer molecules. Thus, the buffering
of Mg?* is very weak compared to the cytoplasmic buffering
of H* ions. Doubling the concentration of Mg** buffers will in-
crease the buffering coefficient from 0.6 to 0.75.

Alternatively, the magnitude of this flow can be expressed in
terms of the proportion between the two individual parts of a
whole; here, the proportion between the partial flows into the
“buffering compartment” and the “transfer compartment”. This
proportion, here referred to as “buffering odds” B, is given as a
ratio B=b/t or, equivalently, as a derivative B=dz/dy. In con-
trast to the buffering coefficient b, the buffering odds B reflect
buffering by a dimensionless number between zero (no buffer-
ing) and positive infinity (perfect buffering). For instance, intra-
cellular Ca** is buffered with buffering odds of B=75. This
means that 75 times more added Ca’" ions will be bound
than will remain free, or the proportion bound:free among the
added H* ions equals 75:1. In other words, it takes 76 addi-
tional free Ca** ions to retain 1 additional free Ca** ion after
reaching the new equilibrium. Doubling the concentration of
Ca”* buffers will simply double the buffering odds.

Buffering coefficient and buffering odds carry exactly the
same information, but have different mathematical properties.
Buffering coefficients behave exactly as the familiar “probabili-
ties” or “relative frequencies”. In contrast, buffering odds
behave like the SI units (e.g. for length, mass, or time), which
all yield ratio scales, the highest possible type of a scientific
scale. As additional advantages, the buffering odds are dimen-
sionless and absolute (i.e., the numerical value can be inter-
preted unambiguously, because it involves no choice between
different units such as meters or yards or inches). The meaning
of buffering coefficients and odds can be understood in a very
straightforward and intuitive way (in terms of fraction or per-
centage that is buffered, or in terms of the number of addi-
tional buffered elements for every additional unbuffered ele-
ment), without loss of formal correctness. In contrast, a H*
buffering strength of =24 mm/pH according to Van Slyke’s
unit relinquishes the more intuitive numbers (such as the
number of H* ions one needs to add to get one more perma-
nently free H* ion) only after spiny mental arithmetic, and
the popular visualization stating that 24 mmoles of strong acid
will shift the pH of this solution by one unit is patently incor-
rect.
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With these measures of buffering, we are already in a posi-
tion to describe all classical buffering phenomena, such as the
“self-buffering” of H* by pure water, and H* buffering by a
mixture of a weak acid and one of its salts. Example analyses
(with some surprising conclusions) have been presented else-
where in detail,*® together with further examples showing
that these measures allow the buffering paradigm to be ap-
plied directly to phenomena that involve quantities other than
ion concentrations (e.g., heat energy or redox equivalents). In
exactly the same way, one can treat all other nonclassical buf-
fering phenomena that involve the binding of a conserved mo-
lecular species, including the examples mentioned above (e.g.,
the buffering of hormones, transmitters, or oxygen).

3. Buffering in Nonconservative Systems

Importantly, the phenomena considered so far all obeyed a
conservation law: the sum of the partial flows into the individ-
ual compartments equaled the total flow into the system. Con-
servation resulted from physical or chemical constraints. From
a mathematical point of view, we may drop this constraint
with impunity. One the one hand, this generalization allows us
to describe systems that are conservative by nature in alterna-
tive “parametric” form. For instance, we could express bound
and free H* ion concentration as a function of “grams” or “mil-
liliters” of a strong acid, instead of “moles” of strong acid. On
the other hand, and more importantly, it allows us to deal with
functional relationships between completely heterogeneous
physical quantities, and to apply the buffering concept to this
class of phenomena. This approach is illustrated in Figure 2.
For example, the volume flow ¢° in a rigid tube is a linear
function of the pressure difference AP across it; here flow and
pressure have different physical dimensions of length®x time™
versus massxlength™ xtime™, respectively. The response of
the system to pressure changes is given by the differential
dg°/d(AP)and is equal to the hydraulic conductance L° of the
tube. If we add another such tube in series, it will draw off half
of the available pressure difference, and the response of

—AP— A

—tL—a  AP-— =g
.J_‘I_.ITL.. A p___. L A
i'l'_.l_l..._.._l':‘I - | bL® “‘P{,Ir >
o @l o mEmEEL.g,
“?’F'_“;} AP | ba-Lt, =2

Figure 2. Partitioning in nonconservative two-partitioned systems. Buffering of
volume flow (¢) against changes of perfusion pressure (Ap). Upper panel: zero
buffering: changes of pressure difference are completely translated into
changes of volume flow, with the hydraulic conductivity L° as proportionality
factor. Middle panel: a second vessel diminishes the effect of pressure changes
on volume flow in the red tube, the latter quantity is now “buffered”. The
extent of buffering can be expressed again by dimensionless buffering coeffi-
cients or buffering odds (see Figure 1 and text). Bottom panel: similarly rigorous
quantitation of buffering is possible if hydraulic conductance does not have a
constant value L, but a variable value L, that depends on pressure P. Then, sim-
ilarly, the buffering coefficient is not constant, but a variable b, of pressure.
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volume flow ¢ to pressure changes will be smaller than L°,
namely:

_deL°
Fdme 2
We can say that the hydraulic series resistance contributed by
the second tube “buffers” the effect of a given pressure
change on volume flow in the first vessel. Our question here is,
how can we derive a quantitative measure of buffering in such
a context from this formal description? Incidentally, this is al-
ready a systems biology question. Organisms with a blood cir-
culation employ this basic strategy to stabilize organ perfusion
in the face of fluctuating perfusion pressure. So far, no satisfy-
ing unit has been presented for the quantitation of such
“blood-pressure buffering”.

For conserved quantities, “total change” was equal to the
sum of the two “partial changes”. Here, however, we find that
dependent versus independent variables are of different physi-
cal dimensions; we therefore speak of a “nonconservative” par-
titioned system. To extend our definition of buffering strength
to nonconservative systems, we first introduce the notion of a
“sigma function”. The sigma function of a two-partitioned
system is the function whose value equals the aggregate value
of the two partial functions, or o(x) =y(x) +z(x). Conservative
systems are characterized by the equality x=y(x)+z(x), which
simplifies the sigma function to o(x)=x. In the special case of
z(x) =0, equivalent to the complete absence of buffering, the
sigma function becomes equal to y(x). Thus, the sigma func-
tion tells us how the system would respond if it were not buf-
fered. We can normalize the partial flows with respect to this
unbuffered system response, and thus obtain general defini-
tions of t and b that make sure that our measures of buffering
are always dimensionless. To this end, we denote the deriva-
tives of the functions with respect to the independent variable
x by ¥, Z, and &', and rewrite the relationship given above in
more general form as:

_z

=5
therefore
t+o=""" =

In our hydraulic example, we regarded the situation involving
only a single tube as an “unbuffered system”. The correspond-
ing sigma function is:

0(x) = ¢°(AP) = 1° - AP

The derivative ¢’ then assumes the specific physical meaning
of a hydraulic conductance L°=d¢°/d(AP). Nonzero buffering
manifests itself as an observed hydraulic conductance L, that
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is smaller than L°. The sigma function o:AP—L°-AP allows the
transfer coefficient to be computed as:

This transfer coefficient, in turn, unambiguously determines
the other buffering parameters: b=1—t and B=b/t.

With these buffering parameters at hand, we can now talk
meaningfully and unambiguously of “buffering” in the context
of pressure-dependent volume flows, and we can rigorously
express the appropriate “buffering strengths”, either as buffer-
ing coefficient b or buffering odds B. One application of these
units in systems biology is the quantification of “blood-pres-
sure buffering” or “autoregulation” of blood flow in the face of
variable arterial pressure.

More generally, these parameters express numerically how
much an observed change deviates from the “reference” effect
seen under conditions of zero buffering. In other words, b and
B are the wanted measures of “resistance to change” in an ar-
bitrary two-partitioned system (i.e., of one transfer function
and one buffering function, representing the dependence of
one state variable, each, in transfer and buffering compartment
on a single independent variable of potentially different physi-
cal dimension).

By the same token, one can talk meaningfully of “conduc-
tance to change” in such a system. Conductance to change, in
turn, can be quantitated with similar rigor, either by the trans-
fer coefficient t and by so-called “transfer odds” T, with T=t/b.

4. Buffering, Resistance to Change, and
Disturbance Rejection in Control Systems

Next, we need to apply our measures of “resistance to change”
and “conductance to change” to control systems. This is illus-
trated by using a simple control system with proportional
feedback (Figure 3A). The system is characterized by a set-
point input S, a disturbance input D, and an output Y; a con-
version factor K accounts for different physical dimensions or
scales of inputs versus outputs. However, the measures of “re-
sistance to change” or “conductance to change” do not
depend on the particular system design (proportional-inte-
gral-differential feedback, digital vs. analogue, etc.) and are
generally applicable to control systems with set-point and dis-
turbance inputs, and one output.

All control systems should satisfy two fundamental require-
ments. Firstly, they should follow faithfully any changes of the
desired set-point; this feature is called “set-point tracking”. Sec-
ondly, control system should respond as little as possible to
any other parameters, perceived as “disturbances”; this feature
is therefore called “disturbance rejection”. Set-point tracking as
well as disturbance rejection may be present to a greater or
lesser degree, ranging from “perfect” to “completely absent”.
To emphasize the quantitative nature of these two fundamen-
tal properties of control systems, we here call them “set-point
tracking power” and “disturbance rejection power”, by analogy
to the familiar concept of “buffering power”.
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Figure 3. Static disturbance rejection and set-point tracking in feedback-control
systems. A) Generic negative-feedback-control system. Dual input-single output
system (D, disturbance input; S, set-point input; Y, output) with proportional
gain (A, real-valued gain factor). © symbolizes an element whose output is the
sum of its inputs. Square boxes symbolize elements whose output is the prod-
uct of their single input and the figure shown inside the box. A conversion
factor (K, product of a real number and a scientific unit) accounts for scaling
and potentially different physical dimensions of inputs versus output. B) Turning
a feedback-control system into a two-partitioned system that is suited to mea-
sure “disturbance rejection power”. C) Turning a feedback-control system into a
two-partitioned system suited to measure “set-point tracking power”.

Control can be poor or very efficient. However, “control
quality” has multiple aspects, and cannot be characterized
comprehensively by a single figure. Nonetheless, set-point
tracking and disturbance rejection reflect the most important
aspects of control quality. In a first approach to the quantita-
tion of control quality, we focus on the time-independent
steady states, ignoring for now the different speed with which
systems can respond to changes of set-point or disturbance
inputs. To characterize these “static” control properties, we
thus need measures of “static set-point tracking power” and of
“static disturbance rejection power”.

To apply our general definitions of the buffering coefficient
b and the buffering odds B to the analysis of feedback-control
systems and obtain a measure of “static disturbance rejection
power” in this context, one starts ideally from the explicit
mathematical description of the system. For this simple system
(Figure 3 A), an analytical solution is available for the complete
state space; namely, the steady-state output Y is determined
by both inputs according to:

A 1

YD) =K|S a5+ P gy
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From this equation, the sensitivity Yy =[0Y(5,D)l/OD of the
output Y to a change of the disturbance input D can be calcu-
lated as:

1
Vo =Ky

A+1)

Thus, with small feedback gain A, a change of the disturbance
input D will translate almost completely into an change of the
output Y. In the limiting case of A=0, the sensitivity of the
system to disturbances assumes a maximum value of Yy =K.
The same sensitivity is obtained by cutting open the feedback
loop. In contrast, when feedback gain A is high, the output Y
responds to a changed disturbance input D with only a frac-
tion of its maximum sensitivity. In the limiting case of A—co,
the output Y becomes completely insensitive to disturbances.

Thus, the negative-feedback mechanism conveys to the
system a “resistance to change” in the face of an external dis-
turbance D. Synonymously, control theory talks of “disturbance
rejection”, in this case, of “static disturbance rejection”. Equiva-
lently, we may say that the negative feedback “buffers” the
effect of the disturbance input D on the output Y.

Knowing the state space of a system and the sensitivity Yy’
of the output to a disturbance input is a necessary step
toward a quantitative expression of “disturbance rejection”.
However, sensitivity Y, does not constitute of itself a direct
measure of disturbance rejection. Firstly, its value varies inver-
sely with disturbance rejection. Secondly, its scaling and physi-
cal dimensions are contingent on the particular control system
(given by the conversion factor K). To obtain a better measure
of this quantity (namely, a direct, general, and dimensionless
one), we need to derive a “buffered system” from the above
mathematical representation. In other words, we need to
define a transfer function, a buffering function, and a sigma
function in this control system.

We say the system has “zero disturbance buffering” when a
disturbance D is not rejected at all, but impacts fully on the
output Y; in the system shown in Figure 3, this was the case if
A=0 or with the feedback loop cut open, and was associated
with an open-loop sensitivity Y;’:K. This unbuffered response
is now described, as in the examples above, by the sigma func-
tion, and written in general form as op:(S,D)—Y*°(S,D). Here,
we obtain gp(5,D) =K-D.

The transfer function is then the function that describes the
relation between inputs S,D and output Y for any actual value
of A€RR, written as 75,:(5,D)—Y(S,D). Here, we found:

1

WD) =K|S 77 + Dy
and

/ a A
TD:YD:Km

What is missing is the buffering function. Its value cannot be
read out anywhere from the system, but we can compute its
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value from the equation o(x)=y(x)+z(x), which characterizes
all two-partitioned systems. Thus, we obtain:

A A
ﬂD(S,D) = GD(S,D)—TD(S,D) =K |-S m + D A—H
and
/ ’ A
Po=2 =K 17

Here, Z, is a “virtual” second output that can be read out from
the system as shown in Figure 3B, and Zy' is the sensitivity of
that output to a disturbance D.

With 7, Bp, and a;, we are in a position to compute the buf-
fering parameters in the usual way as:

b _Bo__Z_
Ty Yo+ 2Zh
and

o _Bo_2
"Tn Y

If one takes a black-box approach to the system, limiting one-
self to the externally accessible parameters (inputs D and S,
and output Y) and assuming knowledge of the conversion
factor K, but not of the “virtual” output Z, one can express the
two buffering parameters alternatively as:

K—Y)
bD = T
and

K—Y,
Bo =7

In the context of control systems, buffering coefficient and
odds can be called more intuitively the “static disturbance re-
jection coefficient” and “static disturbance rejection odds”.
These two measures are denoted b, and By, in order to be un-
ambiguous about the independent variable. The static distur-
bance rejection coefficient by, represents a normalized sensitivi-
ty and thus described by a dimensionless number between 0
and 1 the fraction of an imposed change that was diverted or
rejected from a specific compartment. In this particular feed-
back-control system, b, has the specific value of b,=A/(A+1).
Analogously, the disturbance rejection odds reflect a dimen-
sionless number, the proportion between “transmitted change”
and “rejected change”, and yield an absolute ratio scale with
BoeR* for A>0. In this particular system, the static distur-
bance rejection odds are By =A.

Either one of these two parameters provides a rigorous
quantitative measure of “static disturbance rejection”. The
point is that static disturbance rejection represents a specific
and meaningful interpretation of the term “systems-level buf-
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fering”, and is applicable to any system in which a disturbance
is related to an output in a defined way. For instance, the
mammalian genome contains multiple genes that encode vari-
ous membrane transporters for organic cations. Spontaneous
or experimental knock-out of one such transporter produces
only a partial reduction of the specific transport capacities and
a “mild” phenotypic effect. The redundancies in the system
provide the organism with “buffering” against such mutations,
or, synonymously, “disturbance rejection” (taking the mutations
as “disturbance”). For other proteins (e.g. the enzymes biotini-
dase or 11--hydroxylase), no such redundancies exist, and
single mutations can result in a complete loss of the associated
biological function and severe genetic disease. Provided that
the respective phenotype can be quantitated (e.g. by a specific
biological function such as transport or enzyme activity), one
may use our measures of “static disturbance rejection” to ex-
press numerically the extent of such “genetic” or “phenotypic
buffering”.

5. Buffering, “Conductance to Change”, and
Static Set-Point Tracking Power in Control
Systems

Next, we develop a measure of “static set-point tracking
power” in this feedback-control system (Figure 3C). To com-
pare systems with respect to this ability, we look at how the
system responds to changes in the set-point input S. This re-
sponse is again given by a sensitivity of the output Y(S,D), but
this time as the partial derivative with respect to the variable
S, that is, as:

. 9Y(SD)
o

In this particular control system, this sensitivity has the value
K[A/(A+1)]. Thus, with a small value of the proportional feed-
back gain A, the set-point S has little or no effect on the
output Y. For large values of A, the impact of the set-point S
on the output Y will be greater and approach a maximum
value of K for A—-co.

For the analysis of set-point tracking, we took as sigma func-
tion o5 the function that describes the relation between inputs
S and D expected in the absence of set-point buffering, that is,
the condition under which the set-point S translates perfectly
into corresponding changes of output ¥, and where the sensi-
tivity Ys'=K. In this particular system, this is the case when
feedback gain A—-co. In other systems, the “ideal” response to
a set-point change may obey different rules. In any case, it is
crucial to have an explicit expression for that response (which
may in principle be a nonlinear function of S and D). Impor-
tantly, if one does not know that expected unbuffered re-
sponse, it is not possible to quantify buffering action. In gener-
al, for the analysis of set-point tracking, we write the sigma
function as 0s:(5,D)— Y*5(S,D). Here, we find that o4(5,D) =K:S.

The transfer function . is the function that describes the re-
lation between inputs S and D and output Y for any given
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level of set-point buffering and for any A€IR. Here, we find
that:

A 1
TS:K{SAHJFDAH}

the sensitivity Ys' of the output Y to set-point changes follows
as:

, A
=Kz
The buffering function f5s follows again from the equation
o(X)=y(x) +z(x) as:

S
ﬁs:Km

In this particular control system, a read-out of its value can be
constructed as shown in Figure 3C. The sensitivity of this
output to set-point changes is given by:

1
(R
Z=Kx7 +1
With 75 and S5 and o, it is straightforward to derive the param-
eters t and T as:

/ !
tszﬁz Ys

oy Yi+Zi
and

/ !
oI X
Tz

In a black-box approach, one may again determine these pa-
rameters alternatively as t;=Y/K and T;=Y'/(K-Y{). The pa-
rameters t; and T represent the wanted measures of “static
set-point tracking power”, or, synonymously, of “conductance
to change” on the systems level. In the control system shown
in Figure 3, we find that t;=A/(A+1) and T,=A.

This analysis leads to an interesting nontrivial statement
about control systems that employ proportional feedback. In
such a system, the two aspects of control quality, namely static
set-point tracking and static disturbance rejection, are always
of identical magnitude and depend in exactly the same way
on the feedback gain A. In contrast, when the feedback loop is
cut open, the resulting open-loop control is characterized by
zero disturbance rejection (9Y(S,D)/OD=K) and “amplifying”
set-point tracking (9Y(S,D)/0S = A-K).

A biologically relevant control task that can be analyzed in
these terms is the adaptive increase of muscle blood flow in
response to exercise. Here, we may take as the ideal response
that blood flow that exactly matches oxygen supply to oxygen
consumption. In this sense, the actual response may be indis-
tinguishable from the ideal one up to relatively high levels of
oxygen consumption, but will inevitably deviate from it as the
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ability to increase muscle perfusion saturates. Our measures of
“set-point tracking” allow us to express numerically how well
the organism can track the shifting set-point (i.e., muscle per-
fusion). Such numbers may serve to compare control quality at
various operating points (i.e., exercise levels), between trained
and untrained individuals, etc.

6. Time-Dependent Buffering: “Dynamic
Disturbance Rejection” and “Dynamic
Set-Point Tracking”

Quite often, “good” control requires not only accuracy, but
speed as well. For instance, a voltage-clamp device must re-
spond quickly to a voltage step command in order to resolve
the fast currents produced by voltage-gated ion channels. In
animals, conditions such as acidosis, elevated blood pressure,
or hypoglycemia need to be counteracted within short time in
order to avoid seizures, organ damage, and—ultimately—
death. Speedy control is similarly important in social systems
plagued by high numbers of unemployed citizens or of crimi-
nals on the loose. Speed pertains to both aspects of control:
tracking a shifting set-point (e.g., a change of command po-
tential by a voltage-clamp device) and rejection of fluctuating
disturbances (e.g., an acid load, a sugar deficit, excess criminal-
ity, etc.). The respective aspects of control quality are termed
here “dynamic set-point tracking power” and “dynamic disturb-
ance rejection power”. Again what we need are ways to rigor-
ously express the quantitative aspect of these features.

First, we derive a measure of “dynamic disturbance rejection
power”. Reconsider the negative-feedback control system with
a fixed set-point S (Figure 3B). We impose a step change AD
of a disturbance input D, and observe the time course of the
output Y (shown schematically in Figure 4). We now ignore the
absolute magnitude of Y, and rather consider the deviation e(t)
of Y from its value Yj,.ine before the step change, given as

AD 4

\ Hft) myt)

eft) aft)

4
+ t

0 t

time

Figure 4. Dynamic disturbance rejection in feedback-control systems. Upper
panel: With the set-point S fixed, the disturbance input of a system similar to
the one shown in Figure 3B is instantaneously stepped to a new constant
value. Lower panel: The step change AD shifts the output Y instantaneously by
a specific amount e,, then negative feedback kicks in and pushes Y back to-
wards the set-point S. The duration and extent of the error e(t) are measured
by the integral €(t), whereas duration and extent of the “error reduction” m(t)
are measured by the integral u(t). “Dynamic disturbance rejection power” can
be expressed by a time-dependent buffering coefficient by = p(t)/[e(t) + w(t)] or
buffering odds B, = (t)/e(t). Analogously, one can find measures that express
the system’s ability to follow shifts of the set-point S.
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e(t) = Y(t)— Ypaseiine- The step change AD produces an initial error
ey, given as e,=AD-K. Without control, this error will persist
forever: e(t) = const.=e,. In contrast, negative-feedback control
will tend to reduce the error e(t) over time. Note that in the
control system shown in Figure 3, the analytical solution would
yield instantaneous control; in real systems, however, control
requires finite time because of finite time constants, time lags,
and less-than-infinite feedback gain. The corresponding analyt-
ical solutions are complicated and vary greatly between sys-
tems; the following statements are therefore made in a quali-
tative, generally valid way.

The faster and the more complete the error e(t) decreases,
the better the control quality. A good aggregate measure of
error magnitude and error duration is the integral &(e,t)=
[ se(®dt, a function of initial error and time.

There is another, equivalent way to look at the same proc-
ess. Rather than in terms of the “error” e(t), we can describe
the control process by following the “error reduction” m(t).
Herein, we define error reduction as m(t)=e,—e(t), that is, the
deviation of Y(t) from its value Y, immediately after the step
change AD, before any compensation kicks in. An aggregate
measure of both magnitude and duration of this error reduc-
tion is the integral p(e,t)= [ im(t)dt, again a function of initial
error and time.

For a given initial error e, and a specified time t, overall “dis-
turbance rejection” correlates with the integral p(e,t). Note
that this integral has particular physical dimensions, contingent
on the physical dimension of the output Y. However, it does
not make sense to quantitate “disturbance rejection” by means
of a unit that has the dimension of “charge” in one case, of
“volume” in another, etc. Rather, we want a single universal, di-
mensionless measure. Such a measure can be obtained by nor-
malization. Here, we normalize the integrated actually achieved
error reduction pu(t) with respect to the theoretically achievable
maximum error reduction; this maximum is equivalent to the
error [te(t)dt=eyt that would have been observed in the ab-
sence of any control. The resulting “proportion between a part
and the whole” is given as:

(e t)
(€ -1)

bD(t> =

This measure by(t) represents the fraction of the disturbance
that was, on average during the chosen time window, “reject-
ed” or “buffered”; it is termed here the “dynamic disturbance
rejection coefficient” or “dynamic disturbance buffering coeffi-
cient” bp(egt).

An alternative, dimensionless measure of dynamic distur-
bance rejection is the proportion between error reduction inte-
gral u(e,t) and error integral (eyt); this corresponds to the
proportion between the two parts of a whole. This proportion
is termed “dynamic disturbance rejection odds” or “dynamic
disturbance buffering odds” By(t), and is given as:

(e t)
e(egt)

BD(t) =
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The dynamic disturbance rejection odds reflect dynamic dis-
turbance rejection by a dimensionless number on an absolute
ratio scale.

The dynamic variety of set-point tracking can be assessed
and compared if the disturbance input D is fixed at a constant
value, and the set-point input S is varied systematically, in a
similar manner to the arrangement shown in Figure 3C. A step
change AS causes the output Y to travel over time to a new
value. Without any disturbance input (D=0), the deviation e(t)
of Y from its initial value will approach a characteristic value
e,=SK. This “error” is now a desired property of the control
system. In the presence of a fixed, non-zero disturbance D, the
error e(t) takes a different course, usually approaching e, more
slowly and less completely. As compared to a given unbuffered
response e, and at a given time t, the system response ideally
translates into an integral ¢(e,t) = [e(t)dt=eyt; in other
words, set-point tracking is perfect. Less than perfect set-point
tracking is reflected by an integral e(e,t) that is smaller than
the product e,t. Then, we also find that the time integral
Wegt) = [im(t)dt of the error reduction m(t)=e,—e(t) has a
non-zero value. The greater the error integral ¢(e,,t), the great-
er is the “dynamic set-point tracking power” of the system. We
can express this quantity either as a proportion between one
part and the whole, namely in terms of the “dynamic set-point
tracking coefficient”

40

or as a proportion between the two parts of a whole, namely
in terms of the “dynamic set-point tracking odds”:

e(egit)
p(eot)

Ts(t) =

Interestingly, there is a strong formal and conceptual link be-
tween static and dynamic measures of systems-level buffering.
The static measures of disturbance rejection or set-point track-
ing are contained as special cases in the corresponding dy-
namic quantities. Namely, the dynamic, time-dependent mea-
sures will become identical to the static, time-independent
measures when we let integration time approach infinity and,
simultaneously, let the size of the initial step change of distur-
bance or set-point input approach zero.

7. Conclusion

In this article, we have derived a concept of “systems-level buf-
fering”, and ways to quantitate its various aspects, starting
from a seemingly abstract definition of “buffering”. Specifically,
buffering understood as “resistance to change” of a system
can be expressed quantitatively by means of the static or dy-
namic “disturbance rejection odds”. A corresponding “conduc-
tance to change” or compliance of a system can be measured
by static or dynamic “set-point tracking odds".

In our examples, buffering was manifested as a system re-
sponse that was smaller than the unbuffered response. Al-
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though not worked out here explicitly, these units handle sys-
tems with responses that are greater than expected equally
well. We propose to call any deviation of the actual system re-
sponse from the unbuffered response “buffering”, irrespective
of its direction, and specify buffering further as “moderation”
(response smaller than expected) or “amplification” (response
greater than expected).

Systems biology as a quantitative discipline relies on the
formal language of mathematics, and this basis is completely
shared with, or borrowed from, general systems and control
theory. This means that our formal measures of static or dy-
namic “disturbance rejection” and “set-point tracking” are not
restricted to biological systems, but applicable to any type of
control systems. Albeit there is no shortage of measures of
control quality, the measures outlined here are unique and su-
perior inasmuch they provide scales of the highest possible
type for the measurement of disturbance rejection or set-point
tracking. With these dimensionless ratio scales, our concept of
buffering provides a single, universal and coherent framework
for the treatment of phenomena that were previously consid-
ered separate and unrelated. This unified approach to the
quantitation of buffering action exposes the common pattern
behind the different manifestations of buffering, linking phe-
nomena involving different physical quantities, or moderation
versus amplification, or static versus dynamic aspects of con-
trol. To say that the paradigms of “homeostasis”, “control”, and
“buffering” are inherently universal is not an airy common-
place. Our universal measures of buffering action substantiate
such a claim, and provide a framework that allows different ho-
meostatic mechanisms to be compared directly with respect to
their efficiency in the steady-state or during the transient
phase.

Keywords: buffering - control - scientific units -

biology - theoretical chemistry
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Spatial and Temporal Sequence of Events in
Cell Adhesion: From Molecular Recognition to
Focal Adhesion Assembly

Miriam Cohen,"!

A new concept that attributes a pivotal role to the pericellular
coat in the regulation of the early stages of cell adhesion is pre-
sented. Quick, adaptable, and transient adhesion through multi-
ple cooperative weak interactions provides the cell with an addi-
tional level of modulation in the decision-making process that
precedes the commitment to adhesion at a particular site. Hya-

The Biological Significance of Cell Adhesion

The adhesive interaction of cells with external surfaces is an
ancient biological phenomenon and characteristic of essential-
ly all forms of life, from unicellular to the most complex multi-
cellular organisms (metazoa). In a variety of unicellular organ-
isms, transient adhesion to external surfaces is essential for
such processes as locomotion toward food sources or away
from repellents, attachment to prey, or binding to another cell
during mating.™ The development of metazoan life, some 600
million years ago, is characterized by the dramatic diversifica-
tion of cell types forming multicellular organisms and the for-
mation of stable tissues and organs. Concomitantly, new and
effective strategies for adhesion emerged that enable individu-
al cells to form higher-order structures. In the slime mold Dic-
tyostelium discoideum, for example, the free-living amoeboid
cells can adhere to a variety of surfaces and actively migrate as
long as the environmental conditions are favorable. When con-
fronting starvation, these cells undergo massive aggregation,
leading to the formation of a multicellular organism, where
cell-cell adhesion and communication take place.”?

Beginning in the 1960s, ultrastructural studies®™ and subse-
quent molecular analyses have revealed a rich variety of adhe-
sive structures between neighboring cells or between cells and
the extracellular matrix. These, among others, can be linked to
different cytoskeletal networks, form intercellular channels,
compartmentalize membrane domains, and mediate signaling
events. Numerous genes concertedly participate in the forma-
tion, maintenance, and regulation of such adhesive interac-
tions.

Molecular Diversity of Cell Adhesions

To illustrate the structural and molecular complexity of cell ad-
hesion let us consider two examples: leukocytes and epithelial
cells. The former are short-lived single cells, whose function in
protecting the organism from invaders depends on a highly
complex adhesive machinery.*® These adhesions involve both
protein—protein and protein—-carbohydrate interactions, which

ChemBioChem 2004, 5, 1393-1399 DOI: 10.1002/cbic.200400162 © 2004 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim
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luronan emerges as a modulator of cell adhesion in certain cells,
mediating binding or repulsion through its polyelectrolyte char-
acter, in addition to its chirality and molecular-recognition prop-
erties. The biophysical properties of hyaluronan as well as its ul-
trastructural organization are analyzed in relation to this pro-
posed function.

are regulated by specific signaling factors (chemokines) and
their receptors (Figure 1). Epithelial cells, on the other hand,
form stable adhesions with their neighbors and with the un-
derlying basement membrane. These include tight junctions
that block diffusion of molecules across the epithelial layer, ad-
herens junctions that are associated with the contractile actin
cytoskeleton, and desmosomes—Ilinked to the cytokeratin net-
work.”! Gap junctions are dot-like adhesions forming intercellu-
lar channels that allow passage of small molecules from one
cell to the next.'” Attachments to the basement membrane
consist of focal adhesions (FA) and hemidesmosomes, each
comprised of tens of different proteins, including links to
the actin and intermediate filament systems, respectively
(Figure 2).""1

How are these complex, multimolecular adhesive systems
regulated in space and time? Does each system function as an
independent unit or are they coordinated or even inter-
dependent? How can the cell down-regulate its adhesive inter-
action to allow, for example, cell migration or division?

In this article we will consider the dynamic molecular events
involved in the development of cell adhesions, across a wide
range of temporal and spatial scales. While first cell contact
and recognition occur on a subsecond timescale, full cell
spreading takes tens of minutes to hours. During that time,
the distance between the cell membrane and the external sur-
face decreases from micrometers to 10-20 nm. Concomitantly,
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Figure 1. Diversity and complexity of molecular mechanisms underlying leukocyte adhesion. Leukocytes express a
large variety of adhesion molecules, which are important in the response of the cell to inflammation. Recruitment of
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The Elementary Mod-
ules of Cell Adhesions

Despite the enormous hetero-
geneity of adhesion systems,
there are some common and
distinctive features that charac-
terize the molecular interactions
frequently found in these sites.
Adhesion receptors can mediate
direct protein—protein interac-
tions with the external surface.
Such receptors are usually
single- or multiple-chain trans-
membrane proteins with an ex-
tracellular domain involved in
binding to the external surface
and an intracellular domain that
can interact with the cytoskele-
ton. Typical examples for such
receptors are members of the
integrin family, which mediate
adhesion to the extracellular
matrix or to other cells,"¥ and
cadherins, which form Ca?*-de-
pendent cell-cell junctions.' In

leukocytes from the blood stream to inflammation sites is mainly mediated by interaction of L-selectin on the leuko- such systems, the characteristic
cyte membrane with E-selectin or P-selectin on endothelial cells through the lectin domain."” E-selectin also interacts spacing between the plasma

with E-selectin ligand-1 (ESL-1) and P-selectin interacts with P-selectin glycoprotein ligand-1 (PGSL-1) on the leukocytes
membrane. In addition, PSGL-1 can interact with L-selectin, forming leukocyte—leukocyte adhesions.”” Inflammation
sites are enriched with hyaluronan; CD44, a transmembrane glycoprotein receptor, binds hyaluronan, collagen, fibro-

membrane and the “adhesive
ligand” on the external surface

nectin, and osteopontin, contributing to leukocyte recruitment and rolling.”’ Leukocyte rolling involves the interaction is of the order of 15-20 nm.
of L-selectin with CD34, glycosylation-dependent cell adhesion molecule-1 (GlyCAM-1), mucosal addressin cell adhe- Another common mechanism

sion molecule-1 (MAdCAM-1), and podocalyxin.”’ Rolling arrest of leukocytes is mediated by interaction of integrin re-
ceptors, transmembrane heterodimers of a and f3 subunits (VLA-4, a4[37, LFA-1, P150/90, and Mac-1) with intercellular
adhesion molecule (ICAM) and vascular-cell adhesions molecule-1 (VCAM-1).”" Integrin activation involves chemokines,

involves interactions between
lectin-like protein receptors and

8-12 kDa heparin-binding proteins with conserved cystein motifs (mainly CXC and CC). Leukocytes express six recep- their carbohydrate ligands on

tors for CXC chemokines (CXCR1-6) and 11 receptors for CC chemokines (CCR1-11).”

Figure 2. Diverse adhesive mechanisms in endothelial cells. Immunofluorescent micrographs
of a) actin-associated focal adhesions and b) cadherin-f3-catenin-containing adherens junc-
tions. a) Pig aortic endothelial cells, fluorescently immunolabeled for paxillin (red), one of

the many focal adhesion components,”? and actin filaments (green). Focal adhesions medi-

ate cell attachment to the extracellular matrix."” b) Bovine capillary endothelial cells, immu-
nolabeled for the Ca**-dependent cell-cell adhesion molecule cadherin (red) and the plaque
protein fB-catenin (green), forming adherens junctions’ (micrograph kindly provided by
Noam Erez). Red-green superposition appears yellow. Scale bar 5 um.

the external surface. Examples
for such receptors include
among others different selec-
tins, the hyaluronan receptor CD44, and galectins.* '
Their ligands are various glycoproteins and glycos-
aminoglycans.'® These adhesions can be formed di-
rectly with ligands on the external surface, or indi-
rectly, through a carbohydrate-rich membrane-
bound (pericellular) “coat”."”” The membrane-to-sur-
face spacing of such adhesions may vary from a few
tens of nanometers to micrometers, depending on
the carbohydrates involved and on whether the in-
teraction with the surface is direct or indirect. More-
over, some carbohydrate-specific adhesion receptors,
such as CD44, can themselves be glycosylated and
serve as ligands for other lectins.'® Adhesive surface
lectins, (e.g. galectin-8) can also be secreted by cells
and competitively block, rather than promote,
adhesion."?
The interactions mediated by adhesive receptors

the interface area between the cell and the surface grows from  and their ligands can be regulated by a variety of external and
a few to thousands of um? (Figure 3). internal factors. Cadherins, for example, are activated by ex-
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Sequence of Events in Cell Adhesion
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Figure 3. Evolution of cell-substrate adhesions in terms of separation distance
and contact area as a function of time. Initial cell-surface recognition occurs
within less than a second. At this stage the cell membrane is 1-5 um from the
surface. Within seconds, early attachment ensues, anchoring the cell to the
substrate. Reorganization of the pericellular coat enables the cell membrane to
approach the surface. At this stage the cells have not yet flattened, but the
contact area increases to about 100 um>. Transition to the membrane adhe-
sion stage takes on the order of minutes. Integrins begin to interact with RGD
epitopes on the surface, initiating the formation of focal adhesions where the
separation distance decreases to 15 nm. At the last stage, cell spreading, the
cell contact area increases by two orders of magnitude within a few hours.

tracellular calcium ions, which affect the conformation of the
extracellular domain and promote the formation of an “adhe-
sive zipper”. Integrins can undergo an activation when changes
in the relative position of the a and 3 chains lead to an expo-
sure of the binding domain.?” Another important factor in the
regulation of adhesive interactions is the cytoskeleton, which
can affect adhesion by at least two distinct mechanisms. Teth-
ering of adhesion receptors to the cytoskeleton can greatly in-
crease the avidity and stabilize multivalent molecular interac-
tions. Moreover, application of mechanical forces to adhesion
sites (characteristic for cytoskeleton-associated adhesions)
stimulates their growth.?"

Molecular Events Associated with the
Formation of new Adhesions

Unraveling the basic processes of cell adhesion requires an un-
derstanding of how multiple adhesive mechanisms are regulat-
ed and coordinated in time and space, such that the adhesion
is selective, efficient, and dynamic (reversible). Herein we shall
examine conceptually an approach to solve this problem, as it
has evolved in certain cells.

Consider a cell, suspended in aqueous medium, approaching
a surface. Such a surface will display varied, repetitive, and
sometimes periodic patterns of charged groups, hydrogen-
bond donors and acceptors, and lipophilic patches. Counter
ions and bound water molecules of varying mobility complete
the picture. Individually, these form what we shall refer to as
molecular binding sites (as opposed to protein, transmembrane
receptors) that can interact with molecularly compatible part-
ners on the surface. Generally, they show little specificity in
binding; for example, there is no selectivity for a particular
charged group or even for the chemical nature of a charged

ChemBioChem 2004, 5, 1393-1399 www.chembiochem.org
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group. Occasionally they might, however, be highly specific to
certain molecular counterparts, such that stereoselective or
even enantioselective interactions (see below) are observed. In-
dividually, the energy involved in each of these interactions is
relatively small, of the order of a few kcalmol™ or a few kT
per interaction. Extensive cooperativity may, however, build up
to substantial interaction energies. In three-dimensional ar-
rangements, multiple molecular binding sites constitute li-
gands (epitopes) for highly oriented, localized, and (stereo-)
chemically specific recognition and binding by matching recep-
tors on the cell (e.g. integrin-RGD). Recognition in this sense in-
volves binding between matching (e.g. electrostatic, polarity)
topographies, and is not limited in complexity to a single re-
ceptor-epitope pair. Rather, it can involve any number of si-
multaneous contacts in a multireceptor cluster. Such receptor-
epitope clusters can contribute up to several tens of kcalmol™
in binding energy.?>*

Attractive interactions (i.e. electrostatic or hydrophobic)
both between complementary molecular binding sites and be-
tween receptors and epitopes operate on a very short range,
and may occur only at distances not much larger than 5 A in
aqueous salt solutions.”” Any binding events between cell-
based binding sites or receptors and surface elements thus re-
quire prior removal of water, solutes, and membrane constitu-
ents that might mask interactions between the cell and the
substrate.

Adhesive Interactions as a Multistep Process:
The Concept

Time-wise, the establishment of receptor-epitope based com-
plexes such as integrin-RGD contacts is observed to occur
within a framework of minutes after the first molecular interac-
tions have been established.”™ This lag depends on the surface
densities of both receptor (ca. 5x10° um3)? and epitope,
which determine the frequency of mutual encounters. As com-
plex three-dimensional interactions require an appropriate rela-
tive orientation between the interacting partners, only a negli-
gible fraction of random encounters would develop into a
stable interaction. Binding of pericellular components to the
surface, in contrast, may occur within less than a second.

Given these premises, it is reasonable to assume that rapid
and transient interactions must ensue first. The transition of a
cell in suspension to interacting with a surface could then be
based on a subtle interplay of recognition, cooperativity, and
kinetic parameters. A great number of simultaneous but rather
weak interactions could conceivably lead to a transient bound
state, where the multiplicity and cooperativity of weak interac-
tions provide the necessary binding strength. If the arrange-
ment is dynamic, it can both adapt itself to three-dimensional-
ly structured surfaces and quickly accommodate subsequent
changes in organization. Such is the interaction between hya-
luronan and substrate that we shall consider below.

The adhesion model that derives from the above assump-
tion would then include at least three consequent steps:

1) Recognition and establishment of contacts between peri-
cellular components and complementary binding domains
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on the substrate. These contacts involve instantaneous,
multiple, cooperative, and sometimes stereoselective mo-
lecular recognition.

2) Pericellular component-mediated contacts trigger the ap-
proach of the membrane-bound receptors to the substrate.

3) Interactions between integrins in the membrane and their
binding domains (e.g. fibronectin) on the surface initiate
focal contact development and maturation, including link-
ing to the cytoskeleton.

Although the existence of pericellular components is well
documented, their direct participation in cell adhesion events
has been firmly established only for few systems, notably se-
lectin—carbohydrate interactions in blood cells.

We report below evidence for and characterization of similar
processes for epithelial and chondrocyte (cartilage-forming)
cells. This evidence puts the process in a new perspective and
suggests that such events might be much more widely spread
than suspected so far, and that they might regulate the “deci-
sion-making process” of cells vis-a-vis the establishment of
stable contacts with substrates.

Adhesive Interactions as a Multistep Process:
Experimental Evidence

The possibility of very fast and dense interactions between
substrate and some component present on the cell membrane
was forcefully brought to our attention in the attachment of
certain epithelial cells to one crystal surface type (but not the
other) of calcium tartrate tetrahydrate crystals.””? It was subse-
quently proven to be operative also in the adhesion of the
same cells to more conventional substrates, such as glass and
tissue culture dishes. The stereoselectivity of the interaction,
manifested in the fast and dense attachment of cells to calci-
um-(R,R)-tartrate, but not calcium-(S,S)-tartrate crystals (the mo-
lecular and structural mirror image), was the give-away evi-
dence for the identity of the component. This had to be a
chiral cell-associated biopolymer, presumably a polysaccharide,
that was eventually identified as being hyaluronan.”*?® Not
only did hyaluronan adsorb selectively on the crystal that the
cells attach to, and not to the mirror image crystal, but its re-
moval by hyaluronidase hydrolysis substantially reduced cell
attachment to the crystal surfaces and to glass and cell culture
substrates.”

The glycosaminoglycan hyaluronan is a high molecular
weight (up to 10x10°Da), polydisperse linear polysaccharide
composed of several thousand repeat units (Figure 4a).”” In
the absence of proteins and at physiological conditions, hya-
luronan behaves as a weak polyelectrolyte.*”

Recognition and immediate establishment of extensive co-
operative contacts between hyaluronan and complementary
binding domains on the substrate requires that a continuous
and relatively thick hyaluronan coat cover the whole surface of
the cell in suspension (Figure 5a, b). What are the density and
the thickness of the putative hyaluronan coat?

We have demonstrated that the hyaluronan pericellular layer
on A6 epithelial cells has a thickness of approximately 2 um,

[29-31]
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Figure 4. a) Chemical structure of salts of hyaluronic acid (hyaluronan). The
polymer chain can contain more than 10* disaccharide repeat units, which
consist of 3-1,3-glucuronic acid and [3-1,4-N-acetylglucosamine. The acid func-
tions of glucuronic acid are spaced at roughly 1 nm along the chain. b) Under
physiological conditions hyaluronan of 2 x 10° Da molecular weight (5000
repeat units, 5 um total length) behaves as a weak polyelectrolyte at the high-
salt limit, basically indistinguishable from a nonassociating neutral polymer.””
It forms random coils with a characteristic radius of gyration (R,) of 180 nm. It
is considered a semi-stiff polymer, with a persistence length of 4-8 nm"" (DNA
with a persistence length of 50 nm is considered stiff). The chains overlap and
entangle at low concentrations (overlap at ¢ >c*=0.59 mgmL™'; entangle-
ment at ¢ >c,=2.4 mgmL~").5% Hyaluronan from bacterial, animal, or human
sources is found to be a strong gel former at concentrations ranging from

0.1 mgmL~" (vitreous of the eye) to 4 mgmL~" (synovial fluid).? Reversible gel
formation seems to depend on the presence of proteins or multivalent cations.
¢) If the average distance D between binding sites of hyaluronan (solid black
circles) on the cell surface is greater than the coil diameter (2R,), a so-called
mushroom type surface will form, where the layer thickness L is on the order of
magnitude of hundreds of nanometers. d) If D becomes smaller than the coil
diameter, the chains are forced to stretch and a dense brush may form. In a
brush the roughly parallel chains are bound at one end. The other end is free
and usually located at the periphery of the brush. When grafted onto a flat sur-
face, brushes are continuous, their density is high and constant throughout the

brush and drops off steeply at the edge. The thickness of a hyaluronan brush
L, can potentially reach micrometer scale.

’T‘q
.-‘i\zﬂ:a»ﬁ‘}

Cl[.

while it reaches up to 5 um thickness around chondrocytes in
suspension. Furthermore, the 2 pum thick pericellular coat
around the epithelial cells establishes a “rigid” nondeformable
contact with glass substrates, which is strong enough to resist
a shear force of 6.5 dyncm ™2 (0.65 pN um ), applied by flow.??
Conversely, the 5 pm thick pericellular coat of chondrocytes es-
tablishes “soft” contacts, which react to shear by sliding on the
glass surface, leaving a hyaluronan “trail” behind the cell.®? We
suggest that the hyaluronan coat consists of one layer of
densely packed hyaluronan molecules, directly anchored to the
membrane of epithelial cells to form a brush (Figure 5¢, e). In
contrast, chondrocytes have multiple layers of entangled and
cross-linked hyaluronan molecules (Figure 5d, f). Other pro-
teins and glycosaminoglycans such as aggrecan and heparan
sulfate most probably contribute to the integrity and to the
properties of the coat.

ChemBioChem 2004, 5, 1393 - 1399
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Sequence of Events in Cell Adhesion

fied or removed to make way
for receptor-integrin contacts.
Any of at least three distinct
processes, or combinations
thereof, may conceivably foster
the evolution of contacts to the
second stage. Hyaluronan can
be removed from the contact
site by: 1) directed (lateral) dif-

T
( ®)

e’

et

¥ Integrins
& Hyaluronan

fusion or active transport of the
hyaluronan and the attached
membrane receptors, 2) hyalur-
onidase-induced hydrolysis or
other degradative removal, or
3) collapse of the hyaluronan
brush through interaction with
the surface or by cell-induced
changes of the effective hya-

Figure 5. The hyaluronan pericellular coat. a) Fluorescence micrograph (xy section) of a particle exclusion assay fea-
turing a 5 um wide excluded zone (dark) around rhodamine-labeled chondrocytes (red) immersed in FITC-labeled
silica beads (green). b) An xz section of the cell in a) was generated by image reconstruction (0.5 um resolution). An
excluded zone is visible on top of the cell, confirming that the pericellular coat completely envelops the cells. c) and
d) Environmental scanning electron micrographs of the hyaluronan pericellular coat. The coat thickness around epi-
thelial cells is 2.2 +0.4 um (c), around chondrocytes it reaches 4.4+ 0.7 um (d). e) Schematic representation of a hya-
luronan brush anchored to the cell membrane of the epithelial cell. f) Schematic representation of the soft, thick layer
of entangled hyaluronan around chondrocytes. The first layer in contact with the cell membrane may also be a brush.

Scale bar is 5 um.B? FITC=fluorescein isothiocyanate.

Pericellular Hyaluronan Regulation of Cell
Adhesion: Biophysical Considerations

The following theoretical considerations support the above
model: hyaluronan deposited on a surface without space con-
straints forms typically a layer of 200 nm thickness, on the
order of magnitude of the characteristic molecular radius
(radius of gyration Ry, Figure 4b). However, if there is a suffi-
cient number of membrane binding sites (e.g. CD44) for hya-
luronan such that the distance between individual chains
bound on the surface is less than the radius of gyration (ca.
180 nm for a 2 MDa chain), the chains could be forced to
stretch out and form an “Alexander-de-Gennes” polymer brush
(Figure 4¢, d).5**¥ This brush is in fact in an equilibrium state
in which the osmotic pressure exerted by the tethered poly-
mer in solution drives the stretching of the chain. This is op-
posed by the elastic energy of the polymer chain, which, for
entropic reasons, prefers the coiled state. The brush thickness
is primarily a function of molecular weight and grafting densi-
ty.*3=% The molecular weight distribution of hyaluronan in the
pericellular coat of chondrocytes or A6 epithelial cells is not
known. It seems reasonable, however, to assume an average
weight of 2x10° Da (5 um total length). With a chain density
where the distance between chains is between 100 and 10 nm
(equivalent to 10>-10* binding sites per um?), the brush thick-
ness could reach 2 um.

The presence of such a thick layer of hyaluronan must influ-
ence the subsequent fate of the adhesion and of any other sig-
naling process to the cell. In particular, the layer must be modi-
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luronan receptor density
(Figure 6).

The density and affinity of
the molecular contacts will have
a determining effect on the
process. It may be expected
that establishment of a tight
network of high affinity and
high density contacts will lead
to rapid attachment, which may
be too strong and essentially irreversible (which is incompati-
ble, for example, with cell motility). This was observed on the
{011} faces of (R,R)-calcium tartrate crystals, where the cells at-
tached but did not spread further.

The situation of high affinity but low density receptor con-
tacts is well represented by the integrin interaction, which is
consequently slow but stable, once formed. Alone, the time
and space scales of these interactions are not sufficient to war-
rant adhesion. This is demonstrated by the inability of hyaluro-
nidase-treated cells to develop adhesion despite the presence
of integrins on their surface. These contacts have to be preced-
ed by the establishment of low-affinity, high-density transient
contacts, such as those of hyaluronan. On the other hand, low-
affinity and/or low-density contacts will not be efficient. The
last case is represented by the inability of hyaluronan-coated
cells to attach to hyaluronan-coated surfaces, on the {101}
faces of calcium-(R,R)-tartrate, or on any face of calcium-(S,S)-
tartrate.”®

Concluding Remarks

Herein we have developed the concept of a pivotal involve-
ment of the pericellular coat in the early stages of cell adhe-
sion. Quick, adaptable, and transient adhesion through multi-
ple cooperative weak interactions provide the cell with an ad-
ditional level of modulation in the decision-making process
that precedes the commitment to adhesion at a particular site.
Hyaluronan emerges thus as a mediator and modulator of cell
adhesion, through its properties of electrostatic attraction or
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b) First Contact

hyaluranan
binding site
hyaluronan
receptor RGD
20 pym 10 P
c1) Transport c2) Brush Collapse ©3) Degradation/Internalization

adhesion sites mature, cell spreads

Figure 6. Tentative phases leading to adhesion of cells covered with a hyaluronan brush of several microns thickness. The drawing is roughly to scale for epithelial
cells (10 um radius, 1-2 um pericellular coat). a) Cell in suspension approaches surface. b) Early attachment: Hyaluronan establishes contact to molecular binding
sites on the surface (circles). The cell is thus bound, but its membrane is still several microns away from the surface. From this stage, any one (or a combination) of
three following processes could lead to the next phase: c1) Receptor-bound hyaluronan diffuses or is actively pushed/pulled away from the developing adhesion
site. The underlying membrane is exposed, a protrusion can be directed towards the surface, and integrins (double ovals) can now bind to RGD sites (triangles) on
the surface. c2) Either by binding to the surface or by cell-induced changes in the medium the brush collapses, the cell is drawn to the surface, and integrin-mediat-
ed binding becomes possible. c3) The hyaluronan is either internalized or degraded by hyaluronidases. The cell can thus get closer to the surface and integrins can
bind to RGD domains (triangles). Once Integrin-RGD contacts have been established, adhesion sites mature and the cell spreads.
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Computational Design of Reduced Metabolic

Networks

Scott Holzhitter™ and Hermann-Georg Holzhiitter*®

Cellular functions are based on thousands of chemical reactions
and transport processes, most of them being catalysed and regu-
lated by specific proteins. Systematic gene knockouts have pro-
vided evidence that this complex reaction network possesses con-
siderable redundancy, that is, alternative routes exist along which
signals and metabolic fluxes may be directed to accomplish an
identical output behaviour. This property is of particular impor-
tance in cases where parts of the reaction network are transiently
or permanently impaired, for example, due to an infection or ge-
netic alterations. Here we present a computational concept to
determine enzyme-reduced metabolic networks that are still suffi-
cient to accomplish a given set of cellular functions. Our ap-
proach consists of defining an objective function that expresses
the compromise that has to be made between successive reduc-
tion of the network by omission of enzymes and its decreasing
thermodynamic and kinetic feasibility. Optimisation of this objec-
tive function results in a linear mixed-integer program. With in-
creasing weight given to the reduction of the number of en-

Introduction

Complex cellular functions, such as motility, defence against
toxic compounds, repair and replacement of impaired macro-
molecules and excretion of signalling compounds for commu-
nication with other cells, ultimately rest upon a complex net-
work of well-coordinated chemical reactions and transport
processes, most of them being catalysed by enzymes and fa-
cilitated by transport proteins. Throughout this paper the
terms “reactions” and “enzymes” will be used to designate
both chemical reactions and spatial transport processes as well
as any type of protein directly controlling the activity of a reac-
tion. Enzyme activities can be modulated by various modes of
regulation such as allosteric effectors, reversible phosphoryla-
tion and variable gene expression. These regulatory mecha-
nisms have evolved naturally and enable the cell to activate
and inactivate parts of the total reaction network according to
temporally varying functional requirements.

The synthesis of an enzyme is connected with the consump-
tion of energy and external resources (e.g., essential amino
acids). Thus, an economically reasonable way of activating
functionally relevant subnetworks and inactivating temporarily
irrelevant ones should consist of an effective regulation of
enzyme synthesis and degradation. Time-dependent gene ex-
pression enables the cell to follow such a plausible strategy.
For most cell proteins, the rate of their synthesis is controlled
by transcriptional activity, that is, the number of related mRNA

ChemBioChem 2004, 5, 1401 - 1422 DOI: 10.1002/cbic.200400128 © 2004 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim

zymes, the total flux in the network increases and some of the re-
actions have to proceed in thermodynamically unfavourable di-
rections. The approach was applied to two metabolic schemes:
the energy and redox metabolism of red blood cells and the
carbon metabolism of Methylobacterium extorquens. For these
two example networks, we determined various variants of re-
duced networks differing in the number and types of disabled en-
zymes and disconnected reactions. Using a comprehensive kinetic
model of the erythrocyte metabolism, we assess the kinetic feasi-
bility of enzyme-reduced subnetworks. The number of enzymes
predicted to be indispensable amounts to 14 (out of 28) for the
erythrocyte scheme and 13 (out of 77) for the bacterium scheme,
the largest group of enzymes predicted to be simultaneously dis-
pensable amounts to 3 and 37 for these two systems. Our ap-
proach might contribute to identifying potential target enzymes
for rational drug design, to rationalising gene-expression profiles
of metabolic enzymes and to designing synthetic networks with
highly specialised metabolic functions.

copies available at the ribosomes. Microarray techniques have
made it possible to monitor the mRNA levels of thousands of
different proteins in a time-dependent manner. Analysis of
such gene-expression profiles have provided evidence that
complete metabolic pathways can be switched on or off de-
pending on their relative importance for the accomplishment
of a specific pattern of cellular functions. For example, yeast
cells respond to progressive glucose depletion by turning
down the expression of glycolytic enzymes whilst turning on
the expression of enzymes belonging to those pathways that
are needed for an efficient utilisation of ethanol serving as a
substitute for glucose." Similar gene-expression studies have
been performed by Korke et al., who compared the gene-ex-
pression profiles of mammalian cells grown in culture under
low and high molar ratios of glucose consumption to lactate
production (0.08 and 1.4, respectively).? They found 1.4-3.0
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fold changes in the expression level of most enzymes involved
in glucose metabolism. These changes were accompanied by
three- to fivefold changes of the related metabolic flux rates.
Remarkably, most of the glycolytic enzymes identified as differ-
entially expressed catalyse unregulated, reversible reactions. As
the reduction of the glycolytic flux can be achieved by altering
the level of phosphofructokinase alone, such a concerted
down-regulation of the whole pathway points to a remarkable
economisation of enzyme usage. A further example demon-
strating the capability of cells to express genes of metabolic
enzymes “just in time” for achieving a maximal metabolic
output comes from recent work by Zaslaver et al”® They ob-
served that the promoters of various enzymes involved in
amino acid biosynthesis pathways of Escherichia coli are con-
secutively activated according the enzyme order along the
pathway. Such a wave-like activation of enzymes has been pre-
dicted in ref. [4] as an optimal strategy to rapidly reach a pro-
duction goal at minimal total enzyme production.

These observations raise the general question of which en-
zymes and associated reactions of the complete cellular reac-
tion network can be simultaneously down-regulated without
compromising those “target” reactions indispensable for ac-
complishing a well-defined functional state of the cell. To ad-
dress this problem, we have developed a mathematical ap-
proach that allows smaller subnetworks comprising a reduced
number of enzymes but still capable of producing a required
cellular output to be identified within the complete reaction
network. The decision as to whether or not any reduced set of
enzymes is indeed sufficient to maintain a stationary flux
regime at given side constraints is complicated by the fact that
the possible magnitude and direction of metabolic fluxes is de-
termined by kinetic and thermodynamic constraints that are
not, or only fragmentarily, known for most reactions.

Kinetic constraints on the maximal flux through an enzyme-
catalysed reaction arise from the maximal catalytic capacity (=
turnover number) of the enzyme and the enzyme concentra-
tion that can be realistically achieved under cellular conditions.
Even if these two parameters are known, they only provide a
rough estimate of the maximal possible flux as the catalytic ca-
pacity of an enzyme can be drastically reduced due to various
modes of inhibition, such as allosteric inhibitors or enzyme
phosphorylation. The concentration of an enzyme can also be
very low due to a low transcription rate. Thus, putting kineti-
cally realistic upper bounds to the magnitude of the metabolic
fluxes requires a profound knowledge of the in vivo kinetics
and genetic control of the underlying enzymes. This knowl-
edge is currently only available for a very limited number of
metabolic pathways, such as the main metabolic pathways of
erythrocytes®™ or glycolysis in yeast cells."? Thus, to make
our approach applicable to arbitrary metabolic networks with
unknown in vivo enzyme kinetics but known stoichiometry we
have adopted the well-established concept of flux-balance
analysis (FBA)™*' and extended it by introducing the costs for
enzyme synthesis and the thermodynamic feasibility of fluxes
as additional network properties that may be subjected to op-
timisation. FBA makes use of the fact that under steady-state
conditions the sum of fluxes producing or degrading any “in-
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ternal” metabolite has to be zero. Application of this method is
based on only two prerequisites: 1) the topology of the meta-
bolic network under consideration has to be known and 2) an
evaluation criterion is needed to pick out the most likely flux
distribution among all those flux distributions that are compat-
ible with the steady-state conditions. The topology of the met-
abolic network is given in terms of the so-called stoichiometric
matrix, which relates the time-dependent variation of the met-
abolite concentrations to the fluxes through all metabolic
processes for which an enzyme or transport protein is available
in a given cell type. The topology of central metabolic path-
ways is meanwhile available for numerous cell types (see for
example, http://www.genome.ad.jp/kegg).

In previous applications of FBA, the maximal production of
biomass at restraint influx of substrates has been used as eval-
uation criterion.">'® However, maximisation of biomass pro-
duction makes little sense for higher eukaryotic cells with mul-
tiple functions. Therefore, the minimisation of the weighted
sum of the internal fluxes has recently been proposed as a
novel and more general flux-evaluation criterion”” whereby
the thermodynamic equilibrium constants are used as weight-
ing factors, that is, the more the thermodynamic equilibrium
lies on the right-hand side of the reaction, the larger the
weighting factor (=costs) for the backward reaction. This dif-
ferential weighting of forward and backward fluxes takes into
account thermodynamic constraints of the flux directions aris-
ing from the Gibb's free energy of the reactions. The net reac-
tion always proceeds in that direction which is associated with
a decrease of Gibb's free energy (AG). The value of AG, howev-
er, depends upon the concentrations of the reactants, which
may change by several orders of magnitude when switching
the metabolic network from one functional state to another,
for example, from a glucose-consuming to a glucose-produc-
ing state."® This makes it difficult to put rigid constraints on
the directionality of the fluxes. Instead, our approach will take
into account the value of the free-energy change at standard
conditions (AG,) by an appropriate weighting of the fluxes.
The larger the absolute value of AG,, the greater the work that
has to be expended by the network to generate concentration
gradients capable of driving a reaction into a direction op-
posed to the direction dictated by AG,,.

The core of our approach is a mathematical objective func-
tion that evaluates the “costs” accruing for the cell on one
hand for the synthesis of enzymes and on the other hand for
the accomplishment of a balanced flux distribution. Identifica-
tion of subnetworks consists of the minimisation of this objec-
tive function with increasing weight given to the costs of
enzyme synthesis. The objective function will be constructed
as a linear function with respect to both the flux rates and the
Boolean variables designating whether an enzyme is present
or not. This linearity in the variables allows the objective func-
tion to be minimised by means of the well-elaborated mathe-
matical apparatus of mixed-integer programming.™? In the
second part of this article we demonstrate the application of
our method to two metabolic schemes of different complexity:
the energy and redox metabolism of red blood cells and the
carbon metabolism of Methylobacterium extorquens.
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Reduced Metabolic Networks

Computational Methods
Definition of basic quantities

We define the complete metabolic network under consideration
by the constituting reactions R; (j=1,2,...,n,) forming the reaction
vector R, the flux rates v; through these reactions forming the flux
vector V, the enzymes E, (k=1,2,...,n) capable of catalysing at
least one of the reactions forming the enzyme vector E and the
metabolites S; (i=1,2,...,n,) involved in the reactions forming the
metabolite vector S. To specify the relations between reactions, en-
zymes and metabolites we introduce the following entities.

The elements N;; of the stoichiometric matrix N indicate how flux v;
through reaction R; affects the concentration of metabolite S;: N;;>
0—N;; molecules of metabolite i are formed during a single reac-
tion, N;<0—N;; molecules of metabolite i are consumed during a
single reaction j, N;=0—metabolite i is not involved in reaction j.
For example, for the flux vg through the chemical reaction

2S, +5,%5S, + 35,

the elements of the stoichiometric matrix read N;g=—2, Nyg=-1,
Nyg=1, Njg=3.

To relate the reactions of the network to the participating en-
zymes, we introduce reaction-specific enzyme sets L; containing all
indices of enzymes capable of catalysing reaction R. For the sake
of completeness, we will introduce pseudo-enzymes for those reac-
tions or transport processes proceeding spontaneously (e.g. forma-
tion of reactive oxygen species or free membrane diffusion). By
definition, the reaction-specific enzyme set L; must contain at least
one enzyme index, otherwise the reaction can be neglected. If L,
contains more than one index, that is, if reaction R; can be cata-
lysed by several enzymes, it seems reasonable to classify these en-
zymes according to their relative capacities. Enzyme E, is a so-
called master enzyme for reaction R; if it catalyses this reaction with
significantly higher efficiency than all other reactions of the net-
work. Enzyme E, is a so-called assistant enzyme for reaction R; if it
catalyses the reaction with significantly lower efficiency than at
least one other reaction. For example, in hepatocytes, the phos-
phorylation of glucose to glucose-6-phosphate is catalysed by the
unspecific hexokinase as well as by the liver-specific glucokinase
whereby the glucokinase possesses a much higher activity than
the hexokinase and thus represents the master enzyme for this
reaction.

The expression status of an arbitrary enzyme E, is described by the
binary decision variable d,, which may assume the values 1 or 0 to
indicate that the enzyme is either available or not. The decision
variables form the expression vector D. If the L,-norm of D is small-
er than the total number of enzymes

IDf= Y de<ne
k=1

we will speak of an enzyme-reduced subnetwork.

In general, the fluxes v; may be positive or negative, that is, the
net reaction may proceed either in the forward or backward direc-
tion. To deal with non-negative variables, we write the flux as the
difference of the two positive-definite fluxes vjf*) and v}’), which
represent the absolute magnitude of the flux if the net reaction
proceeds either in the forward or backward direction:

v, = vty (1)
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O(x) denotes the unit-step function, that is, by definition only one
of the two components v(*) and v/~ can be different from zero at
any one time. This condition should not be used as a side con-
straint since it is always satisfied due to flux minimisation. The for-
ward direction is defined as that which would ensure a positive
Gibbs free-energy change under standard conditions (where all re-
agents are present at unit concentrations); at these standard con-
ditions the backward flux is defined as zero.

As pointed out above, a single reaction can be catalysed by several
enzymes, that is, the reaction-specific enzyme set of a reaction
may contain more than one enzyme index. Accordingly, the flux
through a reaction can be split into the partial fluxes through the
various enzymes capable of catalysing this reaction:

v = Z Wik = Z (Wi —wiy) 2)

kel kel

Here wi;) and w},’ (i=1,2,...,n,;) denote the absolute magnitude of
the partial forward and backward flux through reaction R; catalysed
by enzyme E,. Note that the number of partial fluxes for reaction R;
equals the number of elements of the reaction-specific enzyme set
L,
Evidently, the partial fluxes W;I/’) can only be different from zero if
enzyme E, is present, that is, d,> 0. This condition can be formulat-
ed by the inequality relation:

N Woade > > (W) +wip) (3)
j=1

here the positive constant n,W,,,, on the left-hand side represents
the product between the total number of reactions n, and the
highest possible flux W,,,, (see below).

Flux-balance conditions

Under steady-state conditions, the fluxes have to obey the flux-bal-
ance conditions:

n, n,
DNy =3 Ny v
= =

n, n,

Equations (4) constitute a homogeneous system with respect to
the unknown fluxes and represent the principle of conservation of
mass for a homogeneous reaction system. Depending on the
choice of the enzyme decision variables d, (k=1,2,...,n,) some of
the partial fluxes have to be zero according to Equation (3) so that
system (4) may possess either only the trivial solution v{")=v{~'=0
(for all j) or an infinite number of non-zero solutions, as all equa-
tions in (4) can be multiplied by an arbitrary non-zero constant. In
the latter case, additional criteria are needed to select a unique sol-
ution that is the most reliable one from the biochemical view
point.
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Fixing the target fluxes through functionally essential
reactions

All cellular functions are ultimately linked to a certain number (n,)
of target reactions producing the metabolites that are required for
building cellular structures and for driving functionally important
reactions. For example, movement of sperm cells requires the syn-
thesis of microtubules forming the flagella at the outer cell surface
(=functional structure) and the synthesis of ATP yielding the
energy for the flagella movement (=functional reaction). In gener-
al, defining the functions that the cell has to fulfil means to put
the fluxes through a certain number (r,) of target reactions to non-
zero values:

Vj:Tj’ T]>: (j:jnjz/-'-jn‘) (5)

Some of the target reactions, such as the production of energy
(ATP) or the synthesis of membrane phospholipids, are permanent-
ly required to ensure cell integrity. Other target reactions, for ex-
ample the synthesis of a hormone or the detoxification of a phar-
maceutical, may be only temporarily required.

Maximal fluxes

Due to physical laws governing the maximal number of collisions
between an enzyme and its substrates per unit time, the flux ca-
pacity of any enzyme-catalysed reaction must have an upper boun-
dary:

Wik < Winax (6)

J

The turnover rate of a catalytically perfect enzyme is determined
by the on-rate constant for the formation of the enzyme-substrate
complex, which is of the order ~108m~'s™ 2% The concentrations
of substrates and enzymes are typically below 107% and 10°m, re-
spectively. Thus, an ample estimate of the value of W,,,, should be
3.6x 10> mmh". This value was used in the following calculations.

Flux constraints arising from the availability of external
metabolites

The non-equilibrium state of biochemical reaction systems is main-
tained by a steady uptake of energy-rich, low-entropy substrates
and the release of low-energy, high-entropy products. The absence
of a certain substrate associated with the exchange flux v; can be
expressed by forcing the uptake component of the flux to zero:

vguptake) =0 (7)

i

Thermodynamic constraints: Irreversibility of reactions

The direction of any flux v; is dictated by the change of Gibbs free
energy:

ng NE‘F)
IT [S;]"

AG; = AG” +RTIn <7’j <—>> (8)
I [5]"

with N = N if N > 0, Ni» = —N; if N; < 0
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AG}O) denotes the change of free energy under the condition that
all reagents are present at unit concentrations (=1 molL™"). AG}O)
can be expressed through the thermodynamic equilibrium con-
stant K7 by:

AG® = —RT In (K;*) (9)

here RT=2.48 kJmol™" at room temperature (T=25°C). As stated
above, we will notate all reactions of the network such that under
standard conditions it holds that AG}‘” <0 (K*>1) and thus (v;>0
(vi'=0)). The second term in the right-hand side of Equation (8)
depends upon the actual concentrations of the reactants, which,
under cellular conditions, may strongly deviate from unit concen-
trations. With accumulating concentrations of the reaction prod-
ucts (appearing in the nominator) and/or vanishing concentrations
of the reaction substrates (appearing in the denominator) the con-
centration-dependent term in Equation (8) may assume arbitrarily
large negative values, that is, in principle the direction of a chemi-
cal reaction can always be reversed provided that other reactions
in the system are capable of accomplishing the required change in
the concentration of the reactants. For example, the standard free-
energy change of the glycolytic reaction (glycerol aldehyde phos-
phate —dihydroxy acetone phosphate) catalysed by the enzyme
triose phosphate isomerase amounts to=—7.94 kJmol™"' (=24.6).
Nevertheless, under cellular conditions this reaction proceeds back-
wards (dihydroxy acetone phosphate —glyceraldehyde phosphate),
as the reaction substrate glycerol aldehyde phosphate is rapidly
converted into 1,3-bisphosphoglycerate along the glycolytic path-
way. This example shows that a sharp classification into reversible
and irreversible reactions on the sole basis of AG? can be prob-
lematic. Instead, we will use the value of the equilibrium constant
as weighting factor in the definition of the flux-evaluation function
(see below).

The flux-evaluation function

By definition, maintenance of cell integrity requires the target
fluxes T; in Equation (5) to be different from zero. This excludes
system (4) from being satisfied by the trivial solution in which all
fluxes do vanish. Depending on the choice of the expression
vector D and of the constraints (3) and (5), equation system (4)
may have i) no solution, i) a unique solution (example: a linear
chain of monomolecular reactions with given non-zero target flux
for one of the reactions) or iii) an infinite number of solutions. In
the latter case, we need an evaluation criterion to decide which of
the possible solutions is the most reliable one. To this end, we
define a flux-evaluation function that attains its minimum for the
most reliable flux distribution. Based on the thermodynamic con-
siderations above, the flux-evaluation function should punish those
flux distributions in which reactions with large values of their equi-
librium constant are forced to proceed in the reverse direction.
This condition can be incorporated into the flux-evaluation func-
tion by weighting the backward fluxes more highly than the for-
ward fluxes. For the choice of the weighting factor, we take into
consideration the fact that the rate law of an enzyme-catalysed re-
action has the general form:

s N(.f) 1 s N(,Jr)
Vj = Vmax‘v F] Il:I1 [S,] vo— W Il:l1 [S,] v (1 O)
= ; =

Here v,,, denotes the maximal rate of the enzyme with respect to
reaction j, F; (< 1) is a nonlinear function with respect to the me-
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tabolites S; that captures specific kinetic properties of the enzyme,
for example, binding of the reactants and of allosteric effectors.
From this general form of the rate equation, it follows that to
obtain the same magnitude of the flux in either the forward or
backward direction requires the stoichiometric product H SV of
the reaction products to be Ki*-fold higher than the stou:hnomet—
ric product of the substrates. We thus will choose the equilibrium
constant as weighting factor for the backward fluxes.

A second aspect relevant to the definition of the flux-evaluation
function pertains to multifunctional enzymes, that is, enzymes cat-
alysing more than one reaction. Evidently, establishing a certain
flux value through a reaction should be easier by using a master
enzyme instead of using non-specialised assistant enzymes (for the
distinction between these two categories of enzymes see the defi-
nitions above). Such a constraint can be incorporated into the flux-
evaluation function by introducing the weights:

B, — p>1 if enzyme E, is assistant enzyme for reaction R
Ik 1 if enzyme E, is master enzyme for reaction R

(1)
of the enzyme-specific partial fluxes. Based on these arguments,
we define the flux-evaluation function as follows:

@V(W(“,W(’))
Kequ

_;‘ > ﬁ,k(m \/W )(12)

We weight the partial forward and backward fluxes by the equi-
librium constant in a reciprocal manner whereby the sum of
squared weights is normalised to unity. Reciprocal weighting of
the forward and backward fluxes is necessary because the value of
the flux-evaluation function should not depend on the way we
define the forward direction—changing this definition, that is, ex-
changing substrates and products, means inverting the equilibrium
constant.

Evaluating the costs of a metabolic network

Let 4 denote the average costs in terms of energy and external
metabolites that have to be paid by the cell for keeping the con-
centration of a single enzyme on a level that is sufficient to accom-
plish a “typical” flux through the reaction catalysed by this
enzyme. Accordingly, the total costs ©; for the realisation of an
enzyme-expression pattern defined by the expression vector D are
given by:
ne

@:(D) =1 Y d

k=1

(13)

The value of the flux-evaluation function (12) can also be interpret-
ed as the costs of maintaining the stationary flux distribution de-
fined by the partial fluxes w;,. Thus, we measure the total costs for
any subnetwork by the objective function:

OWH WD) = @,(WH, W) + (D)

5 ()
_ "

= k= ! 14 (Keq” 14+ ( Kequ
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The minimum of the objective function (14) defines the enzyme-
expression status (expressed or non-expressed) and the stationary
flux distribution of the network at a given value of the cost factor
A and imposed constraints (3), (4), (5), (6) and (7).

For the extreme case that A=0, that is, if there is no pressure on
the costs for enzyme expression, the minimum of the objective
function defines the so-called flux-minimised metabolic state, in
which the flux-evaluation function assumes its absolute minimum.
The flux-minimised metabolic state refers to a situation in which
no restrictions exist that limit the cellular capacity to synthesise all
enzymes of the network under study. Minimisation of the objective
function (14) at A=0 is the mathematical formulation of the princi-
pal of flux minimisation proposed in a previous work.!'”?

Increasing the value of the cost factor 4, that is, increasing the rela-
tive share of the costs for enzyme expression in the total costs of
the network, the cell will be progressively forced to economise en-
zymes that are dispensable without compromising the establish-
ment of a flux distribution that meets all side constraints. Hence,
by increasing the value of A we may generate subnetworks re-
duced in the number of enzymes and reactions. The minimum of
the objective function attained if A —c defines the enzyme-mini-
mised subnetwork. It comprises the minimal number of enzymes
required to generate a flux distribution still satisfying all constraints
introduced above.

The problem is that the values of the cost factor 1 at which the
minimum of the objective function changes and defines a new
subnetwork are not known a priori. Therefore, to generate all pos-
sible variants of reduced networks would require calculating the
minimum of the objective function (14) on a sufficiently fine dis-
crete grid of 4 values. Even for the relatively small networks stud-
ied in this article, such a strategy turns out to be very expensive in
terms of computing time. But even if this more technical problem
could be resolved, the question remains whether the chosen dis-
crete grid of 1 values was fine enough to capture all interesting
and biologically meaningful solutions. Because of this complica-
tion, we have decided to follow another strategy to generate sub-
networks.

We put the decision variable of one enzyme after the other equal
to zero and determine the minimum of the objective function (14)
at a value of the cost factor 4 that exceeds the maximum value of
the flux-evaluation function, that is, we consider the n, minimisa-
tion problems:

MIN{®(W™), W) D)|A = Ao|d, = 0} (15)
with:
fo = MAX {0, (W",W)} (16)

Because of the general upper limit W,,,, imposed on all fluxes ac-
cording to constraint (6), the maximal value of the flux-evaluation
function can be estimated to:

MAX {@ wo w,

WD Wi { ( )}<nrﬁ max (17)
Hence condition (16) will be met by putting:

/10 = nrﬁWmax (18)

Solving the minimisation problems (15) for enzyme E, (i.e. d,=0)
defines the so-called k-subnetwork. It lacks all enzymes that are dis-
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pensable under the prerequisite that enzyme E,—the generating
enzyme—is discarded. These dispensable enzymes together with
the generating enzyme constitute the k-enzyme cluster. According-
ly, we define the k-reaction cluster as the group of all reactions of
the k-subnetwork having zero flux (v;=0). If no solution of the min-
imisation problem (15) exists, the generating enzyme E, is called
essential, that is, it cannot be discarded without compromising the
functionality of the network. Solving the minimisation problem
(15) with respect to all enzymes (k=1,2,...,n,), we may identify all
essential enzymes and all variants of subnetworks characterised by
the maximal number of enzymes that can be conjointly discarded.

Results

1. Application to a metabolic scheme of human red blood
cells (erythrocytes)

As a first example for the application and reliability of our
method, we have chosen the representative metabolic scheme
of erythrocyte metabolism shown in Scheme 1. The scheme
takes into account two cardinal metabolic pathways of this
cell: glycolysis, including the so-called 2,3-bisphosphoglycerate
(2,3-P,G) shunt, and the pentose phosphate cycle, comprising
an oxidative and a non-oxidative part. The network comprises
30 reactions, 28 enzymes and 29 metabolites of which only 25
metabolites are independent because four conservation condi-
tions exist: AMP-+ADP+ATP=const.=A (total adenine nu-
cleotides), NAD +NADH=const.=ND, = NADP+NADPH=
const.=NDP and GSH+GSSG=const.=G. In Scheme 1, the
orientation of the arrows corresponds to the “natural” (=for-
ward) direction of the reactions which, as noted above, is the
direction of the net reaction at standard conditions. Note,

H.-G. Holzhtitter and S. Holzhiitter

however, that in the optimisation calculations no a priori as-
sumption is made about the directionality of fluxes, that is, all
fluxes may be directed in both direction with higher costs for
the backward direction.

The functionally essential target reactions that have to be
maintained by the network are the following: i) formation of
2,3-P,G (flux v,) required to modulate the oxygen affinity of
haemoglobin, ii) ATP-utilisation (flux v,¢), which is mostly spent
on the Na/K-ATPase to build up the Nat/K* gradient across
the plasma membrane, iii) oxidation of glutathione (GSH; flux
v,;) to prevent oxidative damage of cellular proteins and lipids,
iv) synthesis of phosphoribozyl diphosphate (PRPP; flux v,) re-
quired to salvage adenine nucleotides. The magnitude of these
four target reactions depends on the specific external condi-
tions of the cell, for example, osmolarity of the blood or pre-
servation medium, oxidative stress caused by reactive oxygen
species or lowering of the oxygen tension during hypoxia. In
our calculations, the flux values for these four target reactions
were chosen as reported for the normal in vivo state of eryth-
rocytes:® T,=0.49, T,s=2.38, T,;=0.093, T,,=0.026 mmolh~".
Table 1 depicts the stoichiometric matrix and the reaction-spe-
cific enzyme sets associated with Scheme 1. The equilibrium
constants for the reactions and the notation of the enzymes
are given in Table 2. The equilibrium constants were taken
from ref. [8]. Inspection of the link matrix reveals that most of
the reactions are catalysed by a single enzyme, the master
enzyme. Only reactions Ry, R, and R;; can also be catalysed by
an assistant enzyme. For example, for reaction R, (1,3P,G—
2,3P,G) enzyme E, (bisphosphoglycerate mutase) is the master
enzyme, but this reaction can also be catalysed by the assis-
tant enzyme E;; (phosphoglycerate mutase) although with

STP E4P
RusP TK1 TA
24 25
N
"‘DPH"“\ Kl ™\ psp GraP  FrusP
GPGD |19 ATP PRPPS 27| TK2
26
NADP'ﬂ“} ;
AMP PRPP [ i
PG [ e .
GSSG+, , NADPH 31 | g 2®
GSHox [21  GSSGR| 20 G6PD|18 ADP  ATP
GSH h‘ﬁ.DP '—/
GPI GAPDH PGK
Gle GicﬁP-—s———FmﬁP FMBPTG“P 1,3P,G s - 3PG
1" . DPGH BPG/aae’
/GleT i 9\23” 10
ATP ADP DHAP ™ paMI|11
AK NAD NADH 2PG
17 \:GT E"lu
AMP  ADP 28 14
LDH P"r (l]\ i
LDH(P)
T ATP  ADP
NADP NADPH

Scheme 1. Reaction scheme of the metabolic network in erythrocytes analysed. Note that the reaction arrows point into the direction of the net reaction under
standard conditions which for the reactions R;, Rs, Rs R, R;; and R,, differs from the direction under in vivo conditions. Reactions, enzymes, equilibrium constants

and metabolites are explained in Tables 1 and 2.
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Table 1. Stoichiometric matrix of the erythrocyte network.
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[a]l Non-zero elements are marked in bold.

much lower capacity. One enzyme, the lactate dehydrogenase,
is the master enzyme of two different reactions,* the oxida-
tion of lactate to pyruvate under formation of NADH, and
NADPH,.

We have determined the possible k-subnetworks (k=1,
2,...,28) of the complete network shown in Scheme 1 by solv-
ing the minimum problem (15) with respect to all enzymes.
These computations were performed by using the CPLEX pro-
gramme (http://www.ilog.com/products/cplex/). The value of
the parameter 3, which measures the costs of partial fluxes
catalysed by assistant enzymes, was arbitrarily put to f=100.
By measuring all fluxes in units of mmh™', the value of the
cost factor 1, for enzyme usage according to (18) was put to
Ao=30x100%x3.6x10°mmh™'=1.08x10°mmh™" to guaranty
fulfilment of condition (16). As the actual share of assistant en-
zymes in the accomplishment of fluxes is difficult to assess and
cannot be backed up by experimental data, a second series of
computations was performed under omission of the partial
fluxes catalysed by assistant enzymes. In this case it was suffi-
cient to choose A,=1.08x10*mmh™". The results obtained
under inclusion of partial fluxes through assistant enzymes are
given in parenthesis in Table 3 and in the following comments.
Eleven (ten) enzymes turn out to be essential, that is, no solu-
tion of problem (15) can be found if the decision variable for
one of these enzymes is put to zero. As mentioned before,
enzyme E, (bisphosphoglycerate mutase) is not strictly essen-
tial as the conversion of 1,3- to 2,3-P,G can be also catalysed
by enzyme E;;. Thus, enzyme E, becomes essential if the flux
through assistant enzymes is excluded. The remaining 18 non-
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essential enzymes constitute eight (nine) different k-subnet-
works listed in Table 3 and illustrated in Scheme 2 with ascend-
ing values of the flux-evaluation function.

To check the kinetic feasibility of the found subnetworks we
used a comprehensive mathematical model"® describing the
kinetics of the erythrocyte network in Scheme 1. Kinetic feasi-
bility of a proposed subnetwork was assessed by putting the
Vmax Values of the omitted enzymes (forming the k-enzyme
cluster of the subnetwork) to zero in the model equations,
constraining the fluxes through the four target reactions to the
values given above and trying to determine a stationary solu-
tion of this system by means of a global nonlinear regression
method (Large-scale solver, http://www.frontsys.com). If a lo-
cally stable stationary solution was found, the subnetwork was
classified as kinetically feasible. This regression calculation was
performed by decreasing the maximal activities of the disabled
enzymes in a step-wise manner in order to avoid the numerical
procedure’s starting too far from the attractor of a stable
steady state. Although it cannot be guarantied that stable sta-
tionary solutions can always be found by this strategy, the in-
ability to reach a stable kinetic steady state for five subnet-
works can be made plausible by kinetic arguments (see
below). The calculations have shown that stable stationary sol-
utions of the kinetic model exist for only three of the eight
subnetworks predicted. Intriguingly, these three kinetically fea-
sible subnetworks exhibit the lowest values of the flux-evalua-
tion function (panels A-C in Scheme 2). Note that the kinetical-
ly feasible subnetwork B represents the enzyme-minimised
network lacking three enzymes and four reactions.
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Table 2. Reactions and enzymes of the erythrocyte network.

A Reaction formula K Master Assistant  E, Enzyme name Abbr. EC no.
enzyme  enzymes

v, Glc(out)—Glc 1.00x10° E, E, glucose transporter GlcT

v, Glc+ ATP —GIc6P + ADP 3.90x10° E, E, hexokinase HK 2.7.1.1

Vs Fru6P —Glc6P 2.55x10° E, E; phosphohexose isomerase GPI 53.1.9

A Fru6P + ATP —Fru1,6P,+ ADP 1.00x10° E, E, phosphofructokinase PFK 2711

Vs DHAP 4+ GraP —Fru1,6P, 8.77x10° E, E, aldolase ALD 4.1.2.13

Ve GraP —DHAP 2.46x10' Es E¢ triosephosphate isomerase TPI 5.3.1.1

vy GraP +Pi+NAD —1,3P,G+ NADH 5.21x10° E¢ E, triosephosphate dehydrogenase (NAD) GAPDH 1.2.1.12

Vg 1,3P,G+ADP —3P,G+ ATP 1.46x10° E, Eg phosphoglycerate kinase PGK 2723

Vo 1,3P,G—2,3P,G 1.00x10° E, E, E, bisphosphoglycerate mutase DPGM 5424

Vio  2,3P,G—3PG+Pi 1.00x10° Ey E, E,,  bisphosphoglycerate phosphatase DPGase  3.1.3.13

Vi 2PG—3PG 6.90x 10° E,, E, E, phosphoglycerate mutase PGM 5.4.2.1

Vi, 2PG—PEP 1.70x10° E,, E,, enolase EN 42.1.1

Vi3 PEP + ADP —Pyr + ATP 1.38x10* Ei5 E,5 pyruvate kinase PK 2.7.1.40

Via Pyr+NADH —Lac+NAD 9.09x10° E,, E,, lactate dehydrogenase LDH 1.1.1.28

Vis Pyr+NADPH —Lac+NADP 1.42x10° E,, E,;  ATPase (total) ATPase

Vie  ATP—ADP+Pi 1.00x10° E E;s  myokinase (adenylate kinase) AK 2743

Vi, 2 ADP —ATP + AMP 4.00x10° E E;;  glucose-6-phosphate dehydrogenase G6PD 1.1.1.49

vig  Glc6P+NADP—6PG+ NADPH 2.00x10° E,, E;s  phosphogluconate dehydrogenase 6PGD 1.1.1.44

Vi  6PG+NADP—Ru5P +CO,+NADPH 1.42x10? Eg E,;,  glutathione reductase GSSGR 1.8.1.7

Voo  GSSG+NADPH—2GSH+NADP 1.04x10° E E,,  glutathione oxidation (total) GSHox

Vyy 2GSH—GSSG 1.00x10° Ey E,, phosphoribulose epimerase EP 5.1.3.1

7% Ru5P —X5P 2.70x10° E,, E,,  ribose phosphate isomerase Kl 53.1.6

78 Ru5P —R5P 3.00x 10° E,, E,;  transketolase TK 2211

Vs X5P+R5P—GraP+S7P 1.05x10° E,; E,, transaldolase TA 22.1.2

Vys S7P + GraP —E4P + Fru6P 1.05x10° E,, E;;  phosphoribosylpyrophosphate synthetase ~ PRPPS 2.7.6.1

Vae R5P + ATP —AMP + PrPP 1.00x10° E, E,s  phosphate transporter PT

Vs X5P + E4P —GraP + Fru6P 1.20x10° E,; E,, lactate exchange LacT

Vag Pi(out)—Pi 1.00x10° E,s E,s  pyruvate exchange PyrT

Vs  Lac(out)—Lac 1.00x10°  Ey

v,  Pyr(out)—Pyr 1.00x10°  E,

vs;  PrPP(out)—PrPP 1.00x10°  Ey

Subnetwork A gives the lowest value of the flux-evaluation
function (=flux-minimised network). It is characterised by a
lack of pyruvate-exchange flux (d,;=0, v;,=0). As a conse-
quence, the flux through the NADPH,-dependent lactate dehy-
drogenation must vanish (v;s=0). Setting the v, values of
the pyruvate exchange and of the NADPH,-dependent activity
of the lactate dehydrogenase to zero, the kinetic model pro-
vides a stable stationary solution. It has to be noted, however,
that putting the activity of the NADPH,-dependent activity of
the lactate dehydrogenase to zero appears to be in conflict
with the fact that the flux through the NADH,-dependent ac-
tivity of the lactate dehydrogenase has to be equal to the flux
through the glyceraldehydes-3-phosphate dehydrogenase to
balance the formation and utilisation of NADH,. Although the
two fluxes catalysed by one and the same enzyme (lactate de-
hydrogenase) can be differently regulated, it should not be
possible to drop one flux down to zero whilst the other has to
be kept at a finite value. The problem is that our theoretical
approach does not include side constraints that force the flux
to be different from zero if the catalysing enzyme is present. A
reasonable mathematical formulation of this obvious implica-
tion is difficult because it requires an a priori assumption
about the size of the non-zero fluxes to be made.

In subnetwork B, the flux through the reactions of the non-
oxidative pentose pathway is suppressed because the enzymes
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E,; (phosphoribulose epimerase), E,; (transketolase) and E,,
(transaldolase) are disabled. The kinetic simulations show that
such a reduced network may indeed operate under normal
physiological conditions, in that the flux through the oxidative
pentose pathway equals the flux of PRPP synthesis. For the in
vivo values of the load parameters chosen in our calculations,
the flux of PRPP synthesis (v,s=0.026 mmolh™") is lower than
the oxidative load (v,;=0.093 mmolh™). The flux through the
oxidative pentose pathway (v;3=v;5) must equal the flux of
PRPP synthesis (v,) and thus is not sufficient to provide all
NADPH, utilised by the glutathione reductase reaction. This re-
sidual amount of NADPH, is produced by the NADPH,-depen-
dent activity of the lactate dehydrogenase working in the
backward direction. In this subnetwork, the LDH works effec-
tively as a transhydrogenase: NADH,+ NADP —NADPH, + NAD.

Subnetwork C has no oxidative pentose pathway, NADPH, is
exclusively delivered by the NADPH,-dependent activity of the
lactate dehydrogenase. The kinetic model has no stationary
solution in this case. This is plausible considering that the max-
imal activity of the NADPH,dependent LDH is v, .=
243 mmolh™" and the equilibrium constant amounts to K% =
14182 so that, according to the general rate law (10), the mag-
nitude of the back flux yielding NADPH, cannot be larger than
Vimad/ K€ =0.017 mmol h™". Reducing the oxidative load to 10%
of the in vivo value, that is, setting v,; =0.0093 mmolh™', the

ChemBioChem 2004, 5, 1401 - 1422



www.chembiochem.org



Reduced Metabolic Networks

Table 3. Calculated reduced erythrocyte networks.
Generating Variant k-Enzyme k-Reaction e,
enzyme cluster cluster
1 H Ey, By (Eio Eqi) Vi vy 93.47 (382.63)
2 H Ey, By (Eyo Eyy) Vi v, 93.47 (382.63)
3 E Es, (Eqg Eqn) vs 17.06 (306.22)
4 G Ey Es, Es (Eio Evi) Vi Vs, Ve 44.95 (334.11)
5 G Ey Es g (Bio Evt) Vi Vs, Vg 44.95 (334.11)
6 G E, Es B (Eios Ei) V4 Vs, Vg 44.95 (334.11)
7 essential
8 essential
9 essential (I) (E, Es, Eq Eo) (V4 Vs, V) (301.26)
10 essential (G) (E, Es, Eq, Eqo, Eqq) (V4 Vs, V) (334.11)
1" essential (G) (E, Es, Eq, Eqo, Eqp) (V4 Vs, Vi) (334.11)
12 essential
13 essential
14 essential
15 essential
16 essential
17 C Eip Eig (Biz Eis)  Vigs Vio 12.21 (301.37)
18 C Ei7 Evg (B Ey3) Vig Vig 12.21 (301.37)
19 essential
20 essential
21 B (E1o, E11), Exqy Egs, Egy Voo, Vay Vs, Vy; 12,10 (301.26)
22 D (Evor Evt), Exo Vi 12.53 (301.69)
23 B (Evor Ev1)s By Basy Bag Vi Vagy Vas, Vo7 12.10 (301.26)
24 B (E1o, E11)s Exqy Egs, Egg Voo, Vag Vs, Vyy 12,10 (301.26)
25 essential
26 essential
27 F (Eyor Epy), Ey Vao 21.72 (310.88)
28 A (Evor Eqy), Esg Vis: Vo 12.05 (301.22)
[a] In brackets: disabled enzymes, disabled reactions and flux-evaluation
values if catalysis by assistant enzymes is allowed.

kinetic model indeed provided a stationary solution. Thus, the
proposed subnetwork C is only conditionally feasible from the
kinetic view point, since cancellation of the oxidative pentose
pathway can be compensated for by the NADPH,-dependent
activity of the lactate dehydrogenase only in the case of a very
low oxidative load.

Subnetwork D has no ribose phosphate isomerase (E,,), so
ribulose-5-phosphate cannot be converted into ribose-5-phos-
phate. As a consequence, the synthesis of ribose phosphate
for the synthesis of PRPP must proceed exclusively along the
nonoxidative pentose pathway. For balance reasons, a surplus
of ribose-5-phosphate remains that can only be compensated
for by directing the flux through the oxidative pentose path-
way in the backward direction. The kinetic calculations show
that the magnitude of the required backward flux exceeds the
maximal backward capacity of the oxidative pentose pathway.

In subnetwork E, the glycolytic flux is interrupted because of
lacking phosphohexose isomerase (E;). In principle, glycolytic
traffic can be bypassed through the pentose cycle constituted
by the oxidative and nonoxidative pentose pathway. The kinet-
ic calculations show, however, that the flux through the oxida-
tive pentose pathway cannot attain the required magnitude
because this flux is strictly controlled by the NADP/NADPH,
ratio. Thus, without the presence of a severe oxidative load
stimulating the flux through the oxidative pentose pathway at

ChemBioChem 2004, 5, 1401-1422  www.chembiochem.org

© 2004 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim

least 30-fold, this subnetwork cannot work from the kinetic
point of view.

Subnetwork F has no lactate exchange. Thus, all lactate
formed by glycolysis has to be converted into pyruvate by the
NADPH,-dependent lactate dehydrogenase. This is a kinetically
infeasible situation because the resulting high flux of NADPH,
production exceeds the maximal backward capacity of the oxi-
dative pentose pathway.

In subnetwork G, the middle part of the glycolytic pathway
cannot operate because the enzymes E,—E; are disabled. Anal-
ogously to in subnetwork E, the glycolytic flux cannot be by-
passed through the pentose cycle because of the restriction of
the flux through the oxidative pentose pathway by the oxida-
tive load.

Subnetwork H represents a network variant in which the eryth-
rocyte metabolism is fully supplied by the uptake of lactate. In
this case, all the energy driving the endergonic reactions is
brought about by a massive production of NADPH, in reaction
R,s. The required back flux through the oxidative pentose
pathway is incompatible with the maximal backward activities
of the G6PD and 6PGD. A second kinetic reason leading to the
rejection of this subnetwork is that, at normal lactate levels in
the blood (about 1-10 mm), the flux of lactate uptake into the
cell is much too low.

In summary, only three of the eight subnetworks predicted
by our optimisation approach proved to be kinetically feasible.
These kinetic subnetworks are characterised by a marginal in-
crease of less than 5% in the flux evaluation term compared
with the flux-minimised reference state. Remarkably, the small-
est subnetwork, that is, the subnetwork having the lowest
number of enzymes and non-zero fluxes, proved to be kineti-
cally feasible (see Scheme 2B). Rejection of the five remaining
variants of subnetworks by kinetic arguments was mostly due
to the occurrence of additional backward fluxes that according
to general rate law (10) are catalysed with (1/K*%)-fold lower
effective maximal capacity than the corresponding forward
fluxes. This finding is in line with the generally accepted opin-
ion that it is almost impossible to accomplish larger backward
fluxes through strongly exergonic reactions.

2. Application to a metabolic scheme of the C metabolism
in Methylobacterium extorquens AMD

As a second, more complex metabolic network, we have stud-
ied the central metabolism of Methylobacterium extorquens
AMD. This bacterium is capable of growth using C1 com-
pounds such as methanol as the only carbon and energy
source. The underlying metabolic scheme (Scheme 3 A) is simi-
lar to that in ref. [22] with slight modifications. In brief, formal-
dehyde is produced from methanol by the methanol dehydro-
genase complex. The formaldehyde may react with two pools
of folate compounds, tetrahydrofolate (H,F) and tetrahydrome-
thanopterin (H,MPT). Each of the methylene adducts is in-
volved in further reactions. The reaction scheme comprises the
following subsystems: formaldehyde metabolism, glycolysis
and gluconeogenesis, TCA cycle, pentose phosphate shunt,
serine cycle, poly-p-hydroxy buterate (PHB) synthesis, respira-
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Scheme 2. Reaction scheme for predicted reduced subnetworks of the erythrocyte network shown in Scheme 1. Reaction arrows in light grey indicate zero-fluxes
due to enzymes excluded (all parts that cannot be read easily represent disabled reactions and are not vital to the scheme). Note that the reaction arrows point
into the direction of the calculated steady-state fluxes. A) Kinetic feasibility: yes. Omission of pyruvate exchange implies balanced production and utilization of
NADH, so that flux through LDH(P) vanishes. B) Kinetic feasibility: yes. Omission of the non-oxidative pentose pathway can be compensated for by a higher flux
through the oxidative pentose pathway. C) Kinetic feasibility: conditionally yes. At (very) low oxidative load omission of the oxidative pentose pathway can be com-
pensated for by NADPH,-production by the LDH(P). D) Kinetic feasibility: no. Required backward flux through the oxidative pentose pathway (= flux of PRPP synthe-
sis) exceeds maximal capacity of the 6PGD. E) Kinetic feasibility: no. Maximal flux through the oxidative pentose pathway is restricted by the NADP/NADPH, ratio.
F) Kinetic feasibility: no. High production of NADPH, induced by full lactate consumption of the LDH(P) exceeds maximal backward capacity of 6PGD. G) Kinetic fea-
sibility: no. Maximal flux through the oxidative pentose pathway is restricted by the NADP/NADPH, ratio. H) kinetic feasibility: no. Required backward flux through
the oxidative pentose pathway (= rate of ATP synthesis) exceeds maximal capacity of the 6PGD.
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Reduced Metabolic Networks

tion and oxidative phosphorylation. The following metabolites
can be exchanged with the external medium by free or facili-
tated diffusion: methanol, CO,, formate, glycine, serine, succi-
nate, inorganic phosphate and formaldehyde. All reactions and
enzymes of the network are given in Table 4. As in the first ex-
ample, the reactions are notated such that they proceed from
the left to the right under standard conditions; this implies
that all equilibrium constants are larger than or equal to unity.
If available, the values of the equilibrium constants were taken
from ref. ", otherwise they were fixed to the standard values
1 (AG”=0) and 10° (AG/”’ =28.6 kJmol ") for reactions known
to proceed either close to or very far from equilibrium, respec-
tively. The stoichiometric matrix relating the 77 metabolites to
the 78 reactions and the reaction-specific enzyme sets are
shown in Table 5.

A number of metabolites participating in the central metab-
olism of Methylobacterium extorquens serve as precursors of
the so-called biomass of the bacterium or are formed during
biomass synthesis. The biomass consists mainly of proteins,
PHB and higher carbohydrates.?? The fluxes describing the in-
corporation of precursor metabolites into the biomass are con-
sidered as the target fluxes of the system. They are indicated
by red arrows in the reaction scheme. As the stoichiometric
proportions with which the precursor metabolites are con-
sumed or produced during biomass production have been de-
termined experimentally,”? all fluxes connecting the precursor
metabolites with the biomass can be expressed through a
single flux, the flux of biomass production (v;5), multiplied by
the corresponding stoichiometric coefficient (see reaction 78 in
Table 4).

The flux-minimised steady state of the central metabolism of
M. extorquens in which no pressure is exerted on the econo-
misation of enzymes (A=0) has already been calculated in
ref. [17], here methanol was considered to serve as the only
available carbon source, that is, the uptake fluxes vg—v,4 Of ex-
changeable carbon compounds except flux v,5 (exchange of
methanol) were constrained to zero. Intriguingly, 22 fluxes
become zero in the flux-minimised state, that is, they are pre-
dicted to be dispensable if biomass production is the only
function to be accomplished by the central metabolism of the
bacterium. Comparison of the calculated fluxes with experi-
mental data from ref. [23], available for 16 (out of 78) reactions
(see Figure 1), demonstrates the good overall quality of the
predicted flux distribution (?=0.68). For comparison, Fig-
ure 1B and C depict analogous correlation analyses for theo-
retical flux patterns predicted by two alternative methods of
computational flux-pattern analysis that are currently in use.
Van Dien et al.”? were the first to compute the hypothetical
flux distribution within a metabolic network of M. extorquens
that is very similar to that shown in Scheme 3A. Their ap-
proach was based on the calculation of elementary modes and
subsequent subjective assignment of flux values to the individ-
ual reactions. As shown in Figure 1B these theoretical flux esti-
mates also agree well with the experimental values, although
the correlation coefficient (?=0.42) is smaller than that ob-
tained with the flux-minimisation method. For the sake of
completeness, we have also calculated the flux pattern for the
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metabolic scheme in Scheme 3 A by employing the criterion of
maximal biomass production used in several applications of
FBA to microorganisms. To this end, we determined the maxi-
mum of the flux through reaction R, (biomass production) by
constraining the input of methanol to a fixed value and treat-
ing all reactions with K®" < 10% Surprisingly, the resulting flux
pattern is not in reasonable accordance with the experimental
data (see Figure 1C), although biomass production is assumed
to be the primary objective of this bacterium.

The calculation of subnetworks was performed for two ex-
perimental regimes where either methanol or succinate served
as the only carbon source (referred to as M and S in the follow-
ing). For both types of substrates, the minimisation problem
(15) was solved for all 77 enzymes. These calculations were run
under inclusion of assistant enzymes putting f=100 and the
cost factor 4, for enzyme usage according to (18) to 1,=78x
100%3.6x10°=2.81x10°mmh~". The flux of biomass produc-
tion was put to the low value of v,;=1mmh™". After optimisa-
tion, all fluxes were rescaled relative to a basis of 10 mol of C1
units entering the system through reaction 1.

The calculations provided 13 (M) and 14 (S) essential en-
zymes, the subnetworks generated by the nonessential en-
zymes split into 23 (M) and 22 (S) different variants detailed in
Table 6. Each row of the two matrices in Table 6 symbolises the
expression vector of a subnetwork. Components marked in
light blue indicate dispensable enzymes, yellow components
indicate essential enzymes, dark blue components refer to en-
zymes that proved to be dispensable in all subnetworks. The
two last columns of the matrices give the number of disabled
enzymes and the value of the flux-evaluation function of the
subnetwork.

With methanol as substrate, there are 13 essential enzymes,
two of them (E, and E;,) being trivially essential as they cata-
lyse the import of methanol and the first reaction step in
methanol conversion. All enzymes of the so-called serine syn-
thesis (Eq,—Eq,) proved to be essential in all subnetworks irre-
spective of whether methanol or succinate was used as carbon
source. This finding is not surprising and can be directly de-
rived from the stoichiometry of the network because the reac-
tions catalysed by these enzymes form a linear segment of the
serine synthesising pathway and serine is one essential bio-
mass precursor. Six other enzymes were also predicted to be
essential in all subnetworks for both the methanol and the
succinate regime. Five of them belong to the TCA cycle and
the PHB synthesis, which, next to serine biosynthesis, turn out
to be the most essential part of the network regarding the rel-
ative number of indispensable enzymes.

A general feature of the calculated subnetworks is that the
majority of the disabled enzymes are arranged in clusters that
can be assigned to historically defined pathways. Such a con-
certed disabling of enzymes makes sense as the inactivation of
a single enzyme (i.e. putting its decision variable to zero in the
optimisation problem (15)) normally makes it impossible to es-
tablish the flux-balance condition in the affected pathway. The
more linear the affected pathway, that is, the less branching
points before or behind the disabled reaction, the more reac-
tions cannot be balanced and thus will sacrifice their enzymes
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Figure 1. Correlation between theoretically predicted and measured flux rates
for the complete reaction scheme of M. extorquens. The experimental values
obtained by "*C labelling were taken from ref. [23]. A) Theoretical flux values
predicted by flux minimisation (solution of the minimum problem (14) with
A=20). B) Theoretical flux values taken from ref. [22]. The calculation of these
fluxes was based on an elementary mode analysis of the network and subse-
quent assignment of flux values according to the frequency with which the in-
dividual reactions occurred in the various elementary modes. C) Theoretical flux
values calculated by maximising the biomass flux (v,5) at fixed exchange flux
for methanol and treating all reactions with K*“ > 10" as irreversible. Note that
the theoretical flux values have been re-scaled to obtain a 45° linear regression
line.
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for economical reasons. Nevertheless, the observed clusters of
simultaneously dispensable enzymes cannot be simply inferred
from the stoichiometry of the reaction scheme. Creating over-
all reactions by lumping together all subsequent reactions
along a linear (unbranched) segment of the network that trivi-
ally carries the same flux at steady-state, the predicted subnet-
work 11 (see Table 6), for example, instead of the 41 disabled
individual reactions still encompasses 22 disabled overall reac-
tions that form a completely branched subnetwork; this
cannot be inferred from the stoichiometric matrix by mere al-
gebraic transformations.

Enzymes predicted to be dispensable in all or most predict-
ed subnetworks are to a larger extent resident in the acetyl-
CoA conversion pathway, the formaldehyde metabolism and
the membrane exchange fluxes. The conversion of formalde-
hyde may proceed along two alternative branches containing
either methylene-H4MPT or methylene-H4F as intermediate.
The branch via methylene-H4F leads to the need for formyl-
H4F as a precursor of the biomass production. This may ac-
count for the fact that enzymes located in the E;—E; branch of
the network are less dispensable than that in the alternative
branch (E;-E;;). The acetyl-CoA conversion pathway represents
a possible route to synthesise the central metabolite succinyl-
CoA. Obviously, the production of succinyl-CoA along the TCA
cycle is more favourable from the thermodynamic view point,
so enzymes of the acetyl-CoA conversion pathway are dispen-
sable in almost all proposed subnetworks.

Although the subnetworks calculated for the two alternative
carbon sources share a lot of similarities, a striking difference
between them concerns the enzymes for oxidative energy pro-
duction. For methanol as substrate, our algorithm predicts that
the majority of subnetworks will manage without the respira-
tory chain and F,F,—ATPase. In contrast, for succinate as sub-
strate, the system of aerobic energy production is predicted to
be obligatory. These predictions are consistent with the obser-
vation that mutants of M. extorquens lacking the ubiquinone
oxidoreductase showed normal growth on methanol and im-
paired growth on pyruvate and succinate.””’ Moreover, this
finding clearly shows that the apparent dispensability of en-
zymes also depends upon the concrete environmental condi-
tions of the cell.

Unlike the erythrocyte subnetworks, the subnetworks of
M. extorquens exhibit a considerable degree of overlap. With
methanol as substrate, they can be roughly subdivided into
three groups (separated by the horizontal thick black lines in
Table 6). Typical representatives of these three groups of sub-
networks are depicted in Scheme 3B-D. Group | comprises
subnetworks equipped with a minimum number of enzymes
in the formaldehyde metabolism and lacking several enzymes
of the acetyl-CoA conversion pathway albeit still capable of
synthesising succinyl-CoA from acetoacetyl-CoA along the
pathway constituted by the reactions R,;, Rs,, Rss, Rss, Rsy Rss.
Subnetworks belonging to group Il are even more reduced
compared with the subnetworks of group | in that they lack
some enzymes required for aerobic energy production and
completely lack the enzymes of the acetyl-CoA conversion
pathway. These subnetworks obtain succinate only as a by-
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product of the biomass synthesis. Group Il comprises the
smallest subnetworks lacking, on top of the enzymes lacking
in networks in group I, most enzymes of the serine cycle. The
network shown in Scheme 3D represents one of the two
enzyme-minimised subnetwork with methanol as substrate. It
comprises only 40 enzymes, that is, about 50% of the enzymes
should be dispensable at extreme limitations of the protein-
synthesising capacity of the cell without compromising the bi-
omass production of M. extorquens. The kinetic feasibility of
this extreme network could only be assessed by genetic ex-
periments (multiple knock-outs) or on the basis of a validated
kinetic model. Neither prerequisite is available at the moment.
Based on findings with the subnetworks of erythrocyte metab-
olism, kinetic feasibility correlates to the value of the flux-eval-
uation function. For the subnetworks of erythrocyte metabo-
lism, kinetic feasibility tested on the basis of a comprehensive
kinetic model was restricted to subnetworks having relative
flux-evaluation values of less than 105%. With this threshold
value, we had to conclude that none of the subnetworks calcu-
lated for M. extorquens is kinetically feasible. However, as the
relative increase in flux evaluation depends upon the absolute
magnitude of the fluxes affected as well as upon the flux distri-
bution as a whole, a slightly higher threshold value of 125%
still seems to be reasonable. In that case, one of the 23 calcu-
lated subnetworks (9) is expected to be kinetically feasible if
methanol is used as substrate. On the other hand, there
should be 9 kinetically feasible variants among the 22 subnet-
works calculated with succinate as substrate (see Figure 2). No-
tably, a significant higher number of kinetically feasible subnet-
works remains for the succinate regime if the upper threshold
value for flux evaluation is varied. This leads to the conclusion
that using a multiple carbon source instead of a C1-compound
increases the flexibility of the metabolic networks against
changes in enzyme activities.

Discussion

In this work we have applied mathematical optimisation meth-
ods to tackle the problem of reducing the number of enzymes
in a given metabolic network without compromising its func-
tionality. Our interest in this problem arises from several bio-
logical aspects.

First, there is a steadily growing body of publications devot-
ed to the phenomenon of robustness of cellular networks
against mutations. This phenomenon is often accounted for by
overlapping functions of genes according to which loss-of-
function mutations in one gene will have little phenotype
effect if there is one or more additional genes with similar
functions. However, as correctly pointed out by Wagner®* and
Kitami et al.” the more important source of robustness has its
origin in the interaction between genes with unrelated func-
tions, or more precisely, in the ability of the cellular reaction
network to compensate for the loss of certain reactions by
using alternative routes. By putting increasing pressure on re-
ducing the number of enzymes and related reactions, our ap-
proach enables such compensation strategies of the cellular
metabolism that assure the maintenance of essential output

1418

© 2004 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim www.chembiochem.org

H.-G. Holzhtitter and S. Holzhiitter

800
substrate: methanol

£ 600
—
[
]
; 400
] enzyme-minimised subnetworks
: I )

200 L

4 |
EFNOTONORORO =N TNO~ONO =N T
B e e ai i R i T o W ot [
sub-network
600
substrate: succinate
&
~ 400
©
3 anzyme-minimised subnetworks —
» \
=
L
B 200 T
0 1018 | | B |

FNMTNON OO NN TINDOMNO0NO - N
e NN

sub-network

Figure 2. Relative flux-evaluation value (= % flux-evaluation value of the sub-
network with respect to the flux-evaluation value of the flux-minimised net-
work) for the various subnetworks of M. extorquens. The horizontal red line in-
dicates an arbitrarily chosen threshold value of 125 % to classify the subnet-
works as kinetic feasible (relative flux-evaluation value is smaller than 125 %)
or unfeasible.

fluxes by various modes of internal flux distributions to be
studied.

Secondly, elucidating groups of enzymes that can be con-
jointly disabled in order to concentrate the protein-synthesis-
ing capacity of the cell on more relevant biochemical subsys-
tems offers a way to better rationalise gene-expression profiles
monitored by microarray techniques. Typically, genes that
appear to be coexpressed or cosuppressed in the microarray
analysis cannot be simply attributed to larger functional units
of the cellular network. Rather, the expression pattern appears
to be rather enigmatic in that certain enzymes of a well-de-
fined pathway are up-regulated and other enzymes of the
same pathway are down-regulated. Exactly this type of expres-
sion pattern is predicted by our approach and is due to the
fact that disabled reactions are bypassed by using parts of or
even single reactions of other pathways normally used in a dif-
ferent context.

Thirdly, studying interactions in larger networks on the basis
of smaller synthetic networks is a convenient method of hy-
pothesis testing and makes these systems more amenable to

ChemBioChem 2004, 5, 1401 - 1422
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mathematical analysis. For example, unravelling the sequence
of whole genomes has strengthened efforts to better under-
stand interaction among genes by creating and analysing net-
works composed of a limited number of genes.?*?” Similar
analyses based on smaller reconstituted enzyme systems al-
ready have a longer tradition in computational studies aimed
at elucidating the key modes of regulation in metabolic net-
works (e.g.,?®). We think that the theoretical approach devel-
oped in this paper may serve as a heuristic to design minimal
metabolic networks capable of performing a restricted number
of specific functions.

Evidently, the ultimate way of studying the possible effects
of reduced or completely down-regulated enzyme activities on
the stationary states of a metabolic network by computational
methods consists of computer simulations based on reliable ki-
netic models. Unfortunately, mathematical models of this quali-
ty are currently available for only a few metabolic pathways
with known kinetics of all enzymes involved. Therefore, we
have chosen an approach that falls into the field of “structural
modelling” going without enzyme-kinetic information. Only
the stoichiometry of the system and, if available, some plausi-
ble side conditions constraining the external fluxes are used as
input. Several methods for the structural (=topological) analy-
sis of metabolic networks have been developed and success-
fully applied in the last decade. These methods can be group-
ed into two categories.

One group of methods aims at the identification of basic
flux modes of “basic” metabolic operation modes in which
only some of the reactions are active. Mathematically speaking,
these basic flux modes constitute the edges of the steady-
state flux cone defined by the flux-balance conditions and ad-
ditional (linear) side constraints imposed on the fluxes. Knowl-
edge of these basic flux modes allows metabolic pathways to
be redefined in a rigorous quantitative and systemic way®"*"
and the robustness of metabolic networks against insertions or
deletion of certain enzymes to be assessed.®>*¥ Schuster and
co-workers have proposed an algebraic procedure to break
down the stationary fluxes in a metabolic network into so-
called elementary modes, which they define “as smallest sets
of enzymes that can operate at steady state, with all enzymes
weighted by the relative flux they need to carry out for the
mode to function”®¥ These elementary flux modes have
strong similarities with the so-called extreme pathways form-
ing a basis in the space of flux distributions restraint by in-
equality relations.*” Besides other applications,®*¥ such an
extreme pathway analysis has been applied to the metabolism
of human red blood cells® by using a kinetic scheme similar
to that shown in Scheme 1. This analysis has helped to detect
functional units in the metabolism of this cell that deviate
from the historically defined metabolic pathways. However, a
direct comparison of the calculated extreme pathways with
the reduced networks predicted in this paper is not possible
because extreme flux modes, as well as elementary modes, by
definition represent minimal stand-alone parts of the network
and thus do comprise neither all target reactions yielding the
functionally important products nor all available resource
fluxes. Thus physiologically meaningful subnetworks that
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enable the maintenance of simultaneously required cellular
functions represent combinations of extreme flux patterns, and
the determination of these linear combinations is beyond the
scope of extreme-pathway analysis and requires methods as
those developed in this paper.

A second group of methods in the field of structural model-
ling is commonly referred to as flux-balance analysis (FBA).'®
In contrast to decomposition methods, this method includes
the steady-state fluxes of the network and allows all metabo-
lites (including co-enzymes) to be treated in an equal manner.
FBA is based on the premise that the most likely distribution
of stationary fluxes in the metabolic network has to be optimal
with respect to a feasible optimisation criterion. The definition
of the optimisation criterion is the key point of the whole ap-
proach. It is the common view that the principles governing
the design of cells, tissues and organisms can only be grasped
in the context of natural evolution. In the Darwinian sense,
natural evolution is a permanent optimisation process leading
to the survival of phenotypes that are best adapted to their
natural environment. With respect to metabolism, best adapta-
tion to environmental conditions may involve multiple proper-
ties, like robustness against fluctuations in the supply of exter-
nal substrates or relative insensitivity to alterations in the struc-
ture and function of the underlying proteins (enzymes, trans-
porters). Accordingly, various optimisation criteria have been
suggested, including maximisation of steady-state reaction
rates**"! or the stability of steady states and system responses
to parameter changes.">™* It is very unlikely that a single evo-
lutionary principle accounts for the sophisticated regulation of
metabolic systems of currently existing cells. Thus, resting the
computational prediction of system properties on a single op-
timisation criterion a priori will necessarily hold a considerable
degree of arbitrariness.

In previous applications of FBA, the maximisation of biomass
production was used as flux-optimisation criterion. Despite nu-
merous applications of FBA*® based on this criterion, a
direct demonstration of its feasibility by comparison with
measured flux rates was only provided in ref.[57]. On the
other hand, our calculations have shown that its application to
another relatively simple cell as bacterium M. extorquens led to
the prediction of a flux pattern that clearly differs from the ob-
served one. It has to be emphasised that this finding by no
means compromises the concept of FBA, which traditionally
focused on microorganisms that had growth as their main ob-
jective. It simply indicates the need to look for alternative opti-
misation criteria, in particular for studying the metabolism of
multifunctional vertebrate cells, such as hepatocytes or nerve
cells, where the maximal production of biomass can hardly be
taken as an appropriate optimisation criterion.

To overcome the obvious shortcomings associated with
using biomass production as the only ultimate goal of cellular
metabolism, the minimisation of total internal fluxes was pro-
posed as an alternative to account for the flux distribution in
metabolic networks at steady state.'” This principle captures
the obvious fact that gaining functional fitness with minimal
expense of external resources and along the shortest route in
the evolutionary landscape must have been a decisive selec-

1419



www.chembiochem.org



BIO

tion factor during the natural evolution of cellular systems. In
this paper, we have adopted this concept and extended it by
defining an objective function that measures two different
kinds of expenses that arise when keeping a metabolic net-
work in operation. On one hand, expenses arise for the energy
and external metabolites needed to keep the participating en-
zymes on a sufficiently high level. In our approach, these ex-
penses are measured by a single parameter, the cost factor A.
For the sake of simplicity, we have ignored the fact that main-
taining the cellular concentration of short lived proteins will
certainly require more energy for protein synthesis and ATP-
dependent proteolysis than maintaining the concentration of
proteins with long half-life. Thermodynamic expenses arise
from establishing a nonequilibrium state, that is, accomplish-
ing nonvanishing fluxes through the various reactions of the
network. These expenses are measured in terms of a flux-eval-
uation function representing the weighted sum of all fluxes.

Weighting of the fluxes is necessary for two reasons. First,
establishing a sufficiently high flux through a given reaction by
the side activity of an assistant enzyme is more difficult than
by using a master enzyme. In our approach this fact was taken
into account by putting a higher weight (3> 1) on fluxes cata-
lysed by an assistant enzyme. It has to be mentioned that a
systematic study of the reaction, specificity of known enzymes,
has been undertaken only in a few cases, so their side activities
are often not known. In the examples considered in this paper,
assistant enzymes played a minor role. It is conceivable howev-
er, that increasing experimental knowledge about the whole
spectrum of catalytic capabilities of enzymes will make this
part of our theoretical approach an essential prerequisite for
fully understanding the striking flexibility of cellular metabo-
lism in the face of external perturbations. Secondly, reversing
the direction of fluxes with respect to the “natural” forward di-
rection defined at standard conditions becomes more and
more unfavourable from the thermodynamic viewpoint, the
larger the thermodynamic equilibrium constant of the reaction.
Differential weighting of the forward and backward fluxes
takes into account that the increase in the concentration of
the reaction products necessary to reverse the “natural” direc-
tion of a reaction is proportional to the thermodynamic equi-
librium constant K%, which, for larger values of K*", should
give rise to an unfavourable osmotic balance. As suggested by
Atkinson,”® living cells encompass myriads of metabolites,
while their solvent capacity is limited and the internal osmotic
pressure must not exceed certain critical values. Is has to be
emphasised that the standard free-energy change AG, or the
thermodynamic equilibrium constant K% may serve only as a
crude measure of the true thermodynamics of a reaction be-
cause of the strong dependence of the free-energy change
from the (unknown) concentrations of the reactants [Eq. (8)].
For example, the standard free-energy change for ATP hydroly-
sis (ATP4+H,0—ADP+P) amounts to about —30kJmol™
(K*“=1.6%x10°, whereas under cellular conditions with
[ATP]~1 mm, [P] ~1 mm and [ADP]~0.1 mwm, the actual value
of the free-energy change is about —50 kJmol™, correspond-
ing to an apparent equilibrium constant of about 4.9x 108
that is about three orders of magnitude higher than K®“.
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Defining the objective function as the sum of expenses for
enzyme synthesis and flux accomplishment, we postulate the
most reliable metabolic network to be given by the minimum
of the objective function at the side constraints that the flux
balance relations are met with respect to all internal metabo-
lites and that those target fluxes directly linked to the physio-
logical functions of the cell have to assume prescribed values.
In order to generate various variants of enzyme-reduced sub-
networks, we have determined the minimum of the objective
function under the additional constraint that the activity of an
arbitrary enzyme—the so-called generating enzyme—is put to
zero. Constraining the activity of a single enzyme to zero may
even imply that no stationary flux distribution can be establish-
ed anymore. In this case, the generating enzyme is said to be
essential.

The proposed mathematical approach was applied to identi-
fy reduced metabolic subnetworks in two metabolic networks
of different complexity, the energy and redox metabolism of
erythrocytes and the central carbon metabolism of the M. ex-
torquens. For the metabolic scheme of the erythrocyte, a com-
prehensive and validated kinetic model was available that al-
lowing the kinetic feasibility of the predicted subnetworks to
be assessed, that is, to check whether a locally stable station-
ary solution of the kinetic model can be obtained if the maxi-
mal activity of all enzymes predicted to be dispensable is put
to zero. This analysis revealed that the likelihood of a subnet-
work’s being kinetically feasible decreases with increasing flux-
evaluation value. High flux-evaluation values indicate that one
or more endergonic reactions would have to proceed in the
backward direction to bypass disabled reactions. As the maxi-
mal backward flux is limited by v,,,,/K", this turns out to be
impossible for strongly exergonic reactions. Intriguingly, the
flux-evaluation value (and thus the likelihood of failing the cri-
terion of kinetic feasibility) is not strictly proportional to the
number of disabled enzymes. For the erythrocyte network, the
enzyme-minimised subnetwork (lacking three enzymes and
four reactions) is among those subnetworks that proved to be
kinetically feasible.

Our analysis provided evidence that 14 out of 28 enzymes
(=50%) of the erythrocyte are essential. In the metabolic net-
work of M. extorquens 13 (for methanol as substrate) and 14
(for succinate as substrate) enzymes out of 77 (=17 %) are pre-
dicted to be essential. Obviously, the relative portion of essen-
tial enzymes decreases with increasing connectivity of the net-
work if network connectivity is quantified by the average
number of reactions associated with a single metabolite, that
is, the average number of non-zero elements in the rows of
the stoichiometric matrix. This connectivity measure amounts
to 2.94 and 4.18 for the erythrocyte and bacterial networks, re-
spectively. A fraction of about 17 % essential enzymes theoreti-
cally predicted for the network of M. extorquens is in good
agreement with experimental results obtained by systematic
genetic analysis with ordered arrays of yeast deletion mutants,
according to which more than 80% of the approximately
~ 6200 predicted genes in Saccharomyces cerevisiae are nones-
sential.?¥ It has to be noted that our approach yields a lower
boundary for the number of essential enzymes because kinetic
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constraints not considered in our approach may only further
increase this number.

Inspection of the subnetworks predicted for the metabolic
network of M. extorquens leads to the following main conclu-
sions. i) The type and number of dispensable enzymes depends
upon the external conditions of the cell. A similar conclusion
was drawn by Papp et al.,*? who analysed the dispensability
of enzymes in yeast using an in silico flux model. For example,
we found striking differences in the usage of enzymes of aero-
bic energy production with either methanol or succinate as
metabolic input. i) Disabled enzymes form groups that can be
related to well-defined metabolic pathways. However, only in a
few cases are all enzymes of a “textbook pathway” simultane-
ously disabled. In most cases, only a fraction of enzymes is dis-
pensable whereas others are still required to allow a flux
through a certain part of the pathway. Such patterns resemble
those typically seen in microarray gene-expression studies.

Enzymes

Hexokinase [2.7.1.1]; phosphohexose isomerase [5.3.1.9]; phos-
phofructokinase [2.7.1.11]; aldolase [4.1.2.13]; triosephosphate
isomerase [5.3.1.1]; glyceraldehyde-3-phosphatedehydrogenase
[1.2.1.12]; phosphoglycerate kinase [2.7.2.3];bisphosphoglycer-
ate mutase [5.4.2.4]; bisphosphoglycerate phosphatase
[3.1.3.13]; phosphoglycerate mutase [5.4.2.1]; enolase
[4.2.1.11]; pyruvate kinase [2.7.1.40]; lactate dehydrogenase
[1.1.1.28]; adenylate kinase [2.7.4.3]; glucose 6-phosphate de-
hydrogenase [1.1.1.49]; phosphogluconate dehydrogenase
[1.1.1.44]; glutathione reductase [1.8.1.7]; phosphoribulose epi-
merase [5.1.3.1]; ribose phosphate isomerase [5.3.1.6]; transke-
tolase [2.2.1.1]; transaldolase [2.2.1.2]; phosphoribosylpyro-
phosphate synthetase [2.7.6.1]; transketolase [2.2.1.1]; ethanol
dehydrogenase [1.1.1.244]; methylene H4F dehydrogenase
(MtdA)[1.5.1.5]; ; methenyl H4F cyclohydrolase [3.5.4.9]; formyl
H4F synthetase [6.3.4.3]; formate dehydrogenase [1.2.1.2];
formaldehyde activating enzyme [unknownl; methylene
H4MPT dehydrogenase (MtdB) [unknown]; methylene H4MPT
dehydrogenase (MtdA) [unknown]; methenyl H4MPT cyclohy-
drolase [3.5.4.27]; formyl MFR:H4MPT formyltransferase [un-
known]; formyl MFR dehydrogenase [1.2.99.5]; serine hydroxy-
methyltransferase [2.1.2.1]; serine-glyoxylate aminotransferase
[2.6.1.45]; hydroxypyruvate reductase [1.1.1.81]; glycerate
kinase [2.7.1.31]; PEP carboxylase [4.1.1.31]; malate dehydro-
genase [1.1.1.37]; malate thiokinase [6.2.1.9]; malyl-CoA lyase
[4.1.3.24]; pyruvate dehydrogenase [1.2.4.1]; citrate synthase
[2.3.3.1]; aconitase [4.2.1.3]; isocitrate dehydrogenase
[1.1.1.42]; 0-KG dehydrogenase [1.2.1.52]; succinyl-CoA synthe-
tase [6.2.1.4]; succinyl-CoA hydrolase [3.1.2.3]; succinate dehy-
drogenase [1.3.5.1]; fumarase [4.2.1.2]; malic enzyme [1.1.1.38];
pyruvate carboxylase [6.4.1.1]; PEP carboxykinase [4.1.1.32]; -
ketothiolase [2.3.1.16]; acetoacetyl-CoA reductase (NADPH)
[1.1.1.36]; PHB synthase [2.3.1.—]; PHB depolymerase [3.1.1.75];
p-hydroxybutyrate dehydrogenase :[1.1.1.30]; acetoacetate-
succinyl-CoA transferase [2.8.3.5]; p-crotonase [4.2.1.17]; L-cro-
tonase [4.2.1.17]; acetoacetyl-CoA reductase (NADH) [1.1.1.35];
crotonyl-CoA reductase [1.3.1.8]; propionyl-CoA carboxylase
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[6.4.1.3]; methylmalonyl-CoA mutase [5.4.99.2]; NADH-quinone
oxidoreductase [1.6.99.5]; cytochrome oxidase [1.10.2.2]; ubig-
uinone oxidoreductase [1.5.5.1]; NDP Kinase [2.7.4.6]; transhy-
drogenase [1.6.1.2]; 3-phosphoglycerate  dehydrogenase
[1.1.1.95]; phosphoserine transaminase [2.6.1.52]; phosphoser-
ine phosphatase [3.1.3.3]; glutamate dehydrogenase [1.4.1.4].

Keywords: cellular functions - kinetics - metabolic networks -
redundancy - systems biology - theory
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Preliminary Studies on the In Silico Evolution of

Biochemical Networks

Anastasia Deckard™® and Herbert M Sauro** ¢

Due to the variety and importance of roles performed by signal-
ling networks, understanding their function and evolution is of
great interest. Signalling networks allow organisms to process
and react to changes in their internal and external environment.
Current estimates suggest that two to three percent of all ge-
nomes code for proteins involved in signalling networks. The
study of signalling networks is hindered by the complexities of
the networks and difficulties in ascribing function to form. For ex-
ample, a very complex dense network might comprise eighty or
more densely connected proteins. In the majority of cases there is
very little understanding of how these networks process signals.
Unlike in electronics, where there is a broad practical and theo-

Introduction

Computation is usually associated with man-made devices,
such as the ubiquitous digital computer or the lesser-known
analogue computer. However there is also a vast array of com-
putational devices to be found in living organisms in the form
of protein and genetic networks. When changes are sensed in
the state of their external and internal environments, biological
systems utilize signalling pathways made up of interacting pro-
teins to process the information, allowing them to coordinate
and integrate a response appropriate to the actual milieu.

One of the most common examples of motifs found in bio-
logical signalling networks is the reaction cycle formed by a
phosphorylating protein kinase and dephosphorylation phos-
phatase (Figure 1). Such cycles are commonly chained together

X

ADP ATP

Figure 1. The phosphorylation cycle: A commonly found network motif in
biological signal-processing pathways.

to form “cascades”, which are cross-linked with other cascades
to form a dense network of interacting chemical cycles. In eu-
karyotes, especially in higher organisms, these signalling net-
works can be quite large, comprising up to eighty or more ki-
nases and phosphatases." The signalling networks receive a
variety of inputs, generating one or more outputs that range
from changing gene expression to modifying enzyme activities
in metabolic pathways. Understanding what these networks
“compute” is one of the most interesting questions in the
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retical understanding of how to construct devices that can pro-
cess almost any kind of signal, in biological signalling networks
there is no equivalent theory. Part of the problem stems from the
fact that in most cases it is unknown what particular signal pro-
cessing circuits would look like in a biological form. This paper
describes the evolutionary methods used to generate networks
with particular signal- and computational-processing capabilities.
The techniques involved are described, and the approach is illus-
trated by evolving computational circuits such as multiplication,
radicals and logarithmic functions. The experiments also illustrate
the evolution of modularity within biochemical reaction net-
works.

study of signalling networks. Unfortunately, the exact decision
making that occurs and how it is achieved is not well under-
stood. When disrupted, many of these networks can result in
malignancy in higher organisms, and thus their study has both
academic and heath-related importance.

There are less than a handful of signalling networks for
which we are confident that we understand the nature of the
computation, two examples are E. coli chemotaxis and the eu-
karyotic mitogen-activated protein kinase (MAPK) pathway.

The E. coli chemotaxis network is believed to include at least
three functional units: an actuator and error generator, a time-
delay unit and, most remarkable of all, a numerical integrator.””
Essentially the circuit acts as a simple but effective analogue
computer. The chemotaxis network enables E. coli to sample
the local nutrient conditions at intervals, allowing it to coordi-
nate movement up a nutrient gradient.” E. coli must employ
this sampling strategy because it is too small to detect concen-
tration gradients directly by differential sampling across its
length.

The MAPK pathway seems to perform different roles de-
pending on its context. In certain situations, MAPK is believed
to act as a switch, enabling the system to translate a continu-
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ous graded signal into an on/off response. In different situa-
tions, the MAPK may take on the role of a classic feedback am-
plifier or an oscillator.>®

Understanding the functioning of specific networks offers in-
sight into the roles and mechanisms of signalling networks in
general. Expanding on such understanding is the central goal
in the field of “Systems Biology”, perhaps more aptly called
“Molecular Physiology”. This goal has proven elusive, as often
only the structure of a network is known; in rarer cases, the
computational model of the network is known. Either way, the
extreme difficulty of ascribing function to networks limits un-
derstanding of the network’s signal processing capacity. In the
majority of cases it is unknown what control systems are em-
ployed and whether networks carry out simple or elaborate,
analogue or digital signal processing.

The similarity between biological signalling networks and
man-made devices is quite compelling, particularly when com-
pared to electronic networks. For example, the properties of a
phosphorylation cycle are remarkably similar to the response
exhibited by an electronic transistor.”’ Other motifs that have
electronic equivalents have been found in biological systems,
including bistable switches, oscillators and delay units.”” How-
ever, there is no equivalent “circuit theory” of signalling net-
works. In Systems Biology there is no engineering handbook
for understanding signalling networks, whereas in electronics
there is an extensive body of theory and a large amount of
practical knowledge (however, see ref. [8]). Unfortunately, it is
unknown what many of the common signal processing ele-
ments found in electronic systems would look like in a biologi-
cal network. Therefore it is difficult to pinpoint the exact type
of signal processing that occurs in large biological signalling
networks. In addition, biological networks may contain novel
signal processing capabilities that lack counterparts in man-
made devices; this makes the discovery and classification of bi-
ological networks even more problematic.

Simple Boolean units constructed from chemical networks,
such as AND, OR and NOT gates, have been studied theoreti-
cally for a number of years.” ™ It is known that chemical kinet-
ics can be used to create universal Turing machines."™ In the
study of analogue-signal processing, Wolf and Arkin,”’ and
Tyson etal.™ in particular have discussed a variety of ana-
logue motifs in biological networks, for example, the existence
of distinct modules such as feedback loops, oscillators,
switches, noise filters, amplifiers and memory elements (both
analogue and digital). It is suggested that these modules form
interacting building blocks capable of combining into hierar-
chies."® While interest in this field is clearly growing, it is still
at a very early age of development.

Computational Systems Utilizing Biological
Methods

Just as biological systems use computation, humans have
been building computational devices that use biologically in-
spired processes. We are proposing to use evolutionary tech-
niques"” to build biochemical networks with particular signal-
processing capabilities. There are three general types of evolu-
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tionary algorithm: genetic algorithms (GA),"® evolutionary

strategies (ES),"® and evolutionary programming (EP).2 All
these techniques are generally based on the evolutionary pro-
cesses of selection, crossover, and mutation. Kacser and
Beeby" may have been one of the first to employ an evolu-
tionary strategy to evolve networks. They used an evolutionary
approach to try to reconstruct the general course of early
enzyme evolution. Bray and Lay"? applied a GA method to the
problem of optimizing reaction rates in a model for signal
transduction. Gilman and Ross™ studied the selection of a reg-
ulatory structure that directs flux in a simple metabolic model
using a GA. Genetic algorithms have also been used to deter-
mine reaction mechanisms and reaction rates for a network in-
volving the Ce-catalyzed minimal bromate system.”*? In more
recent work to identify bistable switches and oscillators in
gene networks, Francois and Hakim utilized evolutionary pro-
cedures.” They claim to evolve networks from basic interac-
tions between genes and proteins. The fitness of the network
was defined by its dynamics, either bistability or oscillatory be-
haviour. Shin and Iba used the S formalism to evolve gene net-
works,”” and evolutionary algorithms have also been used to
design a glycolysis network that interacts with an external ATP-
consuming reaction.”® It was found in this work that evolu-
tionary algorithms are very useful in determining the optimal
stoichiometry of metabolic pathways. Efforts to define the ro-
bustness of networks against changes in their stoichiometry
have also been made, and it was found that populations
evolve towards clusters of networks that perform a common
function.””

Probably the most prolific and successful application of evo-
lutionary algorithms in designing devices has been performed
by Koza,®@ who has been highly successful in using genetic
programming to evolve electronic circuits, such as filters and
analogue computational units, to name but two. Koza has also
done some preliminary investigations into using genetic pro-
gramming to study metabolic pathways.?” Following Koza, we
propose to use an evolutionary approach to evolve signal-
processing biochemical reaction networks able to perform
mathematical calculations.

Design by Evolution

Why use an evolutionary approach to solve a problem? An
evolutionary approach is very efficient in situations in which
many possible solutions exist and it is not necessary to find
one perfect solution. This will be illustrated by a brief discus-
sion of search spaces and how evolutionary techniques isolate
workable solutions.

The search space is the sum of all possible unique networks
that must be evaluated. Allowing for five species nodes where
0, 1, 2, ..., 10 reactions can exist of one of four types (uni-uni,
uni-bi, bi-uni, or bi-bi), the number of unique topologies
would be approximately 10?2 Each of the 10? topologies must
be considered as a possible solution. Testing each topology in
order would be like sitting next to the haystack and plucking
the next thing from the pile hoping it might be a needle. This
is very efficient if the first network is the best, but very ineffi-
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cient if the best network happens to be the
10000 000000000000 000000th. When the rate constants are
considered part of the search space, each topology contains a
near infinite search space.

Using an evolutionary approach restructures the search
space and changes the way it is explored. In the search space,
any given unique network is surrounded by similar unique net-
works. You are randomly dropped onto a network, and any
single mutation moves you to an adjacent network. If you
move blindly from one network to a worse one, you abandon
your search in that area. If you move to a better network, you
keep moving blindly in that general direction. This allows for
movement towards a better solution without having to exam-
ine every solution.

Finding the single perfect solution by using evolutionary
techniques is never assured. The solution depends on the
starting conditions and the chance mutations that occur. The
program may end up stuck in a local optimum, unable to
make a large enough jump to escape to a new region that
possibly contains a better solution. The solution found might
be a workable solution, but it is probably one of many and not
necessarily the best.

The program called Lakhesis was developed in order to find
networks able to perform mathematical calculations by using
evolutionary techniques. Lakhesis was created in two steps:
the creation of a program able to accurately model and simu-
late a network of chemical reactions, and then the extension
of the program to evolve the networks.

Modelling and Simulating Networks of
Chemical Reactions

With Lakhesis, the reaction networks are modelled such that
the molecular species are nodes with an attribute for concen-
tration, and the reactions between the species are connections
with attributes for rate constants and reaction types. All attri-
butes in Lakhesis are numeric values, following the evolution-
ary-strategy approach. The networks have external input and
output nodes that serve as sources and sinks in the system,
enabling the networks to reach a stable steady state. Networks
that go to thermodynamic equilibrium are not of interest. The
external input node also serves as the signal input to the
system and can be changed during a simulation. The external
output nodes are always fixed. The internal floating nodes of
the network serve as the readout nodes, any one of which
might be capable of computing the desired objective function.
An example of a typical random network is shown in Figure 2.

To compute the steady state of a network, the input and
output rates for each node are computed, and the change in
concentration is calculated by subtracting the total output rate
from the total input rate for that node. This process is carried
out for each floating node in the network to yield a set of ordi-
nary differential equations. The differential equations are
solved by using a 4th-order Runge-Kutta solver with a step
size of 0.05. The solutions to the differential equations describe
the changes in node concentration of the network in time.
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Figure 2. A typical network constructed during the first generation of the evolu-
tion software. The concentration of node 0 is considered the input to the net-
work (x). The concentration of node 2 is the output of the function f(x), as
measured dfter the system reaches steady state.

Viable networks are determined by their node’s ability to
sustain a steady state, in which concentrations settle to a con-
stant value. If the change in concentration for a particular
node is less than some pre-prescribed threshold value, the
node is marked as temporarily being in a steady state. If it re-
mains in a steady state over successive iterations, the node is
marked as having a continuing steady state. If the network
failed to reach steady state on any of its nodes at the end of
an input-value run, it is immediately removed from the popula-
tion.

To test the accuracy of modelling and simulating, network-
simulation results from Lakhesis were compared to those from
Jarnac 2.0.5? The comparison verified that Lakhesis was indeed
accurately simulating the reaction networks.

Evolving Networks of Reactions

For evolution to occur, it is necessary that genotypic variation
exists among individuals in the population and that a selection
process acts upon this variation to eliminate the individuals
with poor phenotypes. Genotypical variation is maintained
through stochastic processes, such as mutation or crossover
during reproduction. In Lakhesis, selection is a deterministic
process in which only the best networks are selected for repro-
duction. The cycle of creating variable offspring and then se-
lecting the best of the offspring is repeated for many genera-
tions, as shown in Figure 3. This repetition of mutation and se-
lection gently pushes the survivors towards an optimal level of
adaptation.

A) Creating a genetically diverse initial population

As the raw material for evolution is genetic variability, it is nec-
essary to have as many genetically diverse networks as possi-
ble in each generation. For the initial generation, the popula-
tion size is ten times larger than subsequent generations in
order to create a relatively large amount of initial diversity. The
amount of genetic variability is determined by the number of
unique topologies in the population, where unique topologies
have different combinations of numbers of connections per
node, different types of connections and the rate constants as-
sociated with each connection. To create this diversity, the net-
works in the initial population are created by assigning them
random connections and rate constants.
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A) Genetic Diversity

Create Initial
Population
D) Reproduce B) Evaluate
Clone & Mutate Fitness
Survivors Next
® Generation
&
]
C) Selection
Kill Unfit
Networks

Network Unfit Network @ Cloned Network

Figure 3. Diagram of the in silico evolution A) Genetic Diversity: An initial pop-
ulation is created by generating random networks. B) Evaluate Fitness: The
output of the network is the network’s phenotype, which is compared to the ex-
pected output in order to calculate a fitness score for the network. C) Selection:
Networks with poor fitness scores are removed from the population. D) Repro-
duction: The surviving networks are cloned or bred, and the offspring are ran-
domly mutated to maintain genetic variability. Evaluation of fitness, selection,
and reproduction are repeated for each generation.

Every network consists of a fixed number of nodes and a
maximum number of connections between the nodes, as set
in the program’s configuration. The number of connections for
a given node is randomly generated at the time the node is
created, and can be from zero to the maximum number of
connections specified. Then each connection must be assigned
a type (uni-uni, uni-bi, bi-uni, bi-bi) and a rate constant as
shown in Figure 4. This procedure for generating connections
is repeated for every connection in the network. The bimolecu-
lar reaction types are essential as they contribute nonlinear be-
haviour to the networks.

When the process is completed, the network has a topology
that describes a set of differential equations representing the
genotype of a network. If no other nodes connect to a given

o

lOQOQﬁ
5 & 668

Figure 4. To create a random connection, first a connection type is randomly
selected from one of the above types for node A. The other nodes, marked as
X, necessary for the connection type are randomly selected from the existing

network. Finally, a random number is generated for the rate constant k.
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node, then it will not be involved in the network. If a node has
connections coming into it but no connections going out, the
node will serve as a waste node for the network and will not
be assigned a differential equation.

B) Evaluating the fitness of a network

To evaluate the fitness of a network, the network’s genotype in
the form of a set of ordinary differential equations is translated
to a phenotype by computing the steady-state solution with a
4th-order Runge-Kutta method. The fitness of a network is
based on the amount it deviates from the expected value of
the objective function f(x). An input value x is set for the input
node, and the time course behaviour of the network is evaluat-
ed. If the system cannot reach a steady state, it is immediately
removed from the population. If the system reaches a steady
state, the deviation of each node is calculated by subtracting
the output of the node from the exact value of f(x). The input
value x is set to a new value, and the test is repeated. For ex-
ample, the training inputs for evolving a square-root network
might be 27, 2%, 23, ..., 2", where n ranges from 6 to 11.

Each node receives a total-deviation score, which is the sum
of the deviation scores that particular node received for each
input value. The node that has maintained a steady state and
has the least amount of deviation is marked as the best node
in the network. The best node is considered the output func-
tion (f(x)) for the system, and the best node’s total deviation is
the fitness for that network as shown in Figure 5. The lower
the deviation score, the higher the fitness of the network.

Input x
4
)
: 0> 0
25 j
\'___'o Goal:
flx) =[x
Output f(x) Expected Deviation
1.8 2 2
3.1 3 A
4.2 4 2
53 5 .3

Total Deviation: 0.8

Figure 5. Calculating deviation for a network. The network is simulated for
several different inputs, and the readouts measured. All the deviation scores
are summed for each of the nodes. Each node is tested, and the node with the
lowest total deviation score is the output for the network.

C) In silico selection: Survival of the least deviant

Before reproduction occurs, selection must remove the least-fit
networks from the population. Lakhesis uses a selection tech-
nique called elitism, in which the networks with the best fit-
ness scores are always guaranteed survival"® The number of
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best fitness scores to select for the next generation is specified
in the configuration of the program. For example, the ten
lowest deviation scores are found in the population, and any
networks that have deviation scores that are worse are re-
moved from the population. Where a neutral mutation occurs
and causes several networks to have the same deviation score
and the deviation score is not selected for elimination, all net-
works with that phenotype remain in the population. Because
of this, more networks usually remain in the population after
selection than the number of top scores.

Even though Lakhesis was designed to simulate evolution,
the “species” that exist in the program are not subject to the
same physical and environmental constraints as their biological
counterparts. For example, in Lakhesis no genetic drift occurs
because individuals are never randomly removed from the
population. Once a good solution appears it is never lost until
it is replaced by a better solution. To make this more comfort-
able for the biologically inclined, the solution that is copied
into the next generation can be thought of as an exact clone
of the fit parent. Therefore any fluctuations in the frequencies
of unique genotypes between generations are due wholly to
natural selection and not to any stochastic processes.®™

As the individuals in Lakhesis are haploid agamospecies,
their evolution follows a slightly different path from that with
sexual diploid species. Genetic variability is only kept through
continuous mutations, and speciation can only occur at the
death of intermediate clones. For these reasons, the rate of
mutation and the strictness of selection are intentionally high.
An exact clone of a highly fit individual is guaranteed in the
next generation; this circumvents the concern that too high an
error rate will lead to loss of adaptation.®

D) Asexual reproduction and mutations

After the unfit networks have been removed from the popula-
tion, the survivors have offspring by either asexual or sexual re-
production. Currently Lakhesis uses asexual reproduction as it
proved to be more efficient than sexual reproduction for small-
er networks. Each of the remaining networks has enough off-
spring to bring the population back to capacity, so few surviv-
ing networks will have many offspring. Surviving networks
remain in the population to compete in the next generation.

Lakhesis uses a base mutation rate that sets a range of mu-
tation rates for each offspring. For example, the first offspring
of a network will have a '/; base mutation rate, and the next
'/, and the next '/;. This allows for a continuum of similarity
between the offspring and the parent, in which the highly sim-
ilar offspring may be a refinement of the parent’s solution and
the highly mutated offspring might find novel and possibly
better solutions. In addition to the base mutation rates, muta-
tions of different parts of the connections occur at differing
probabilities. The probability of the mutation type is inversely
proportional to the amount of disruption it will cause, as
shown in Figure 6. Rate-constant mutations are the smallest
possible change in the genotype and generally cause the
smallest variation in the phenotype, following the principle of
strong causality."*® These mutations occur most frequently to
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Figure 6. Types of mutations in descending order of frequency. A) Rate-constant
mutation, B) Reaction-type change, C) Reaction deletion or addition. Rate-con-
stant mutations occur most frequently, as they are the least disruptive. Reaction
deletion or addition occurs least frequently, as they are the most disruptive to
the functioning of the network.

maximize the exploitation of the given topology’s associated

search space. The other mutations are very disruptive as they

change the topology of the network, allowing for exploration
of the search space associated with different topologies.

The product of the base mutation rate for a given offspring
and the rate for a given mutation type determines the proba-
bility that a given mutation type will occur. For example, given
a range of base mutation rates of '/; to /s and mutation rates
for rate constants of '/, connections types of '/, and adding/
removing connections of '/;:

e For the offspring with the highest mutation rate, each rate
constant has a '/; chance of mutating, each connection has
a '/; chance of mutating and, for each connection, there is
a '/, chance of a connection being added or removed.

e For offspring with the lowest mutation rate, each rate con-
stant has a '/;s chance of mutating, each connection has a
'/5 chance of mutating and, for each connection, there is a
'/5 chance of a connection being added or removed.

Results

After much testing and refinement, Lakhesis has evolved net-
works capable of computing multiplication by constants,
square roots, cube roots and natural logarithms. Multiplication
by a constant is a trivial computation for a reaction network,
and was only employed in the initial stages to test the soft-
ware. Networks capable of computing the square root proved
to be relatively easy to evolve, with more than 75% of total
runs returning a viable network. Networks of the cube root
and log variety were much more difficult to evolve; here less
than 10% of attempted runs returned functioning networks.
Figure 7 shows the step-like changes in fitness as evolution
proceeds, which are typical of genetic algorithms. Each step
represents a new and better solution appearing in the popula-
tion.

Square-root networks

As mentioned previously, it was very common to evolve a net-
work able to compute the square root. In fact an entire family
of networks was generated. A sample of these networks is il-
lustrated in Figure 8.
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Figure 7. Comparison of decreasing deviation scores in three selected runs
evolving a network capable of computing a square root. The scores plotted are
the lowest deviation score found in the given generation. Once the deviation
score falls below 1, it indicates that a viable topology has been found. In most
runs, a viable topology is found within the first 50 generations.

The networks evolved by Lakhesis are complex and highly
connected. In all cases, evolved networks contained redundant
connections, either reactions that carried no flux, reactions
that consumed and produced the same node or reactions that
connected the same nodes but in multiple ways. In order to
study the networks more easily, all redundant connections
were removed at the final generation. The examples shown in
Figure 8 are examples of networks after redundant connec-
tions have been removed. The pruned square-root networks
are concise and in many cases have an appealing symmetry.
Network A shown in Figure 9 illustrates a typical network as it
emerges from a simulation; B shows the same network but
with redundant connections removed.

The network shown in Figure 9 is one of the most common
motifs to evolve. By solving the steady-state solution from the
differential equations for this system, it is easily shown that it
is capable of computing the square root exactly.

Square Root
Calculators

o
CeaS
\_/ f(x)

)
.6

x Waste
0O
f(x)

Waste

()

Figure 8. Evolved square root networks. Most of these networks are able to compute the square root exactly. x desig-
nates the input node, and f(x) the readout node. Redundant connections have been removed or combined. In several
networks, it may appear that mass conservation has been violated; however, there are implied waste nodes not indi-
cated in the figures. The presence or absence of waste nodes does not affect the computation.
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A) Waste

f(x) Waste

Figure 9. Network A) illustrates a typical network as it emerges from an evolu-
tion run. Many connections are redundant, and only a core set of reactions
contributes to the phenotype. Network B) illustrates the same network but with
redundant connections removed and rate constants adjusted. The numbers
next to the reactions are values for the rate constants. Network B) is able to
compute the square root exactly.

Differential equations and steady-state solution for the
system shown in Figure 9B:

dn
d_t3 = kyn,—k,nsn,

n
d_t4 = ksns—k,n,

kiksn,
n, =
3 \/ kyk,
So long as k;k;=kyk,, n; is exactly the square root of the input
node, n;.

Analysis of the network’s evo-
lution shows that the square-
root module is a derived charac-
teristic, as shown in Figure 10.
Network A occurred in genera-

o tion 185 and only has the first
part of the module, 1+4—4,
with two separate uni connec-
tions cycling between nodes 1
and 4. Through chance muta-
tions, this ancestral network is
eventually replaced by a net-
work with a  square-root
module, shown as the final win-
ning network B in generation
499. While both topologies are
capable of computing a perfect
square root, chance bestowed

o(@é_

& ©

Waste
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Figure 10. Comparison of an ancestral network A, found in generation 185, to
the final network B, found in generation 499. Both networks compute the
square root exactly for all points tested after their rate constants have been ad-
justed. In both networks, mass conservation is achieved by implied loss from re-
actions k, and k;. In network B, there is additional conservation from an explicit
reaction given by ks. Note the root-finding module between nodes one and
four in network B.

rate constants on the square-root lineage that yielded a more
accurate solution, allowing them to replace their non-square-
root competitors. In this particular example, several equally
viable topologies may have popped into existence between
generations 185 and 499, only to suffer extinction after being
repeatedly dealt losing combinations of rate constants. This
serves as a reminder that evolutionary computation cannot be
depended upon to return the single best solution, and biologi-
cal evolution can only seize upon the opportunities afforded
by chance.

An interesting variation on the square root circuit shown in
Figure 9b is given in Figure 11. In this network, an additional
reaction exists between nodes 1 and 2. This network will solve
a second-order polynomial equation in which the coefficients
of the quadratic equation are functions of the rate constants

and input node.
X k
o /—§ ks
TS S
fix)

kg4 Waste

Figure 11. The quadratic module solves the equation ax’> + bx 4+ c=0. The
coefficients, a, b, and c are formed from combinations of the rate constants
and the input species, n0.

Cube-root networks

More interesting were attempts to evolve a network capable
of finding the cube-root of an input node. These proved to be
much more difficult to evolve and only roughly one in ten of
all simulations yielded a successful cube-root network. The un-
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successful networks were mainly networks that could replicate
the training data but could not generalize beyond the training
set. Figure 12 illustrates two cube-root networks.

Cube Root Calculators

-—

waste )

Figure 12. Example cube root networks evolved by Lakhesis. Cube-root
networks are more complex and considerably more difficult to analyze than
square-root networks. The node marked with x is the input node and the node
marked with f(x) is the output, as measured after the system reaches a steady
state.

While it is interesting that the cube-root networks appear
quite different, the differences become striking when the net-
works are examined in detail. While it was quite simple to
solve the steady-state equations and prove unambiguously
that the square-root networks computed exactly, the same
could not be done for the cube-root networks. Even though
attempts to prove by hand that these networks could com-
pute cube roots exactly were unsuccessful, computer simula-
tions indicate that the networks can solve a cubic equation
very accurately over at least ten orders of magnitude.

As the steady-state solutions could not be calculated by
hand, Mathematica 5 was used. For network A in Figure 12,
Mathematica was able to find a closed solution, but it was
over ten pages of dense algebra. Network B was more amena-
ble to algebraic analysis, and a solution derived by Mathemati-
ca was reduced to a simple quintic polynomial after some sim-
plification. This result suggested to us that the second network
was not in fact solving the cube root exactly but might have
been approximating the solution using a fifth order Taylor ex-
pansion.

The first network (12A) is of much more interest and is re-
drawn in Figure 13 to highlight a particular part in grey. Many
readers will immediately recognize this motif to be the quad-
ratic-equation solver shown in Figure 11.
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Figure 13. Cubic solver network from Figure 12 A, redrawn to highlight the
modular structure. The grey panel highlights the quadratic module present in
the cube-root network.
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It seems that this is an example of functional modularity
that arose during the evolution of the network. While this
motif is critical to the functioning of the network, it is un-
known whether the motif is actually operating as a quadratic-
equation solver in this cube-root network. Especially intriguing
is the existence of a 16th century algorithm by Cardano for
computing cube roots, that depends on solving a quadratic.®”

Attempts to evolve networks capable of computing natural
logarithms were only partially successful. The networks that
evolved could not compute natural logarithms outside the
given training set. This may be because log is defined as a
series expansion, and the networks simply reproduced the
series only as far as it matched the training set.

Discussion

This paper presents some preliminary results on the artificial
evolution of biochemical networks capable of performing com-
putations. The program Lakhesis was able to accurately simu-
late and evolve models of chemical networks, and was used to
show that an evolutionary strategy is capable of evolving net-
works that can perform relatively complex computations, such
as square roots and cube roots. In the case of the evolution of
square-root networks, an entire family of networks that could
perform the computation was discovered. More interesting
was the evolution of networks capable of solving cubic equa-
tions. One could imagine that solving square or square-root
problems should be relatively straightforward since squaring is
already available in the form of bimolecular reactions; this was
illustrated by the ease of evolving square-root networks. How-
ever, solving cube roots is more problematic, as illustrated by
the much greater difficulty in evolving cube-root networks.

What was interesting and rather surprising was the appear-
ance of a modular structure in one of the cube-root networks,
where the module was capable of solving quadratic equations.
This quadratic module is especially interesting in light of a
16th century algorithm by Cardano for solving cubic equations
that uses the solution to a quadratic as part of the solution
process.®¥ It is currently unknown whether the network has
stumbled upon the same 16th century algorithm, but the evi-
dence is very suggestive.

Since there is modularity in the artificially evolved networks,
it might be tempting to suggest combining the modules to
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generate new functionality. For example, a simple idea might
be to put two square-root circuits one after the other so that
the result of the first feeds into the second. The net effect of
this would be a network capable of computing roots to the
power of four. However, such a process is not so simple and
would not actually work. The problem is well known in elec-
tronics and involves the notion of impedance. Take, for exam-
ple, the process of connecting a speaker to an amplifier. The
speaker, termed the load, will draw current from the amplifier.
This in turn can affect the output voltage on the amplifier,
which, if not curtailed, will ultimately cause the amplifier’s per-
formance to deteriorate and lead to distortion in the speaker
output. Electronic engineers take great pains to make sure that
different modules match so that they do not interfere with
each other in this manner. In the example of the amplifier and
speaker, the solution is to add negative feedback from the
output of the amplifier to its input; this stabilizes the output
voltage as the load draws current. In the case of our simple
root-four solver, we are confronted with exactly this same
problem. If one square-root circuit is attached to another, the
second circuit (the load), will draw mass (current) from the first
circuit. This will cause changes in the output species level (volt-
age) that will ultimately cause further changes in the internal
dynamics of the network. As a result, the computational per-
formance of the network will deteriorate and result in gross
computational errors. Nature may cope with this by matching
one signalling module to another, just as electronic engineers
must. For example, such matching may exist in the MAPK
pathway, where it is known that negative feedback occurs
across the MAPK stack.” While it is generally unknown what
the matching circuits might look like, we believe they must be
present in order for the signalling networks to function effec-
tively.

The preliminary results have shown it is possible to evolve
networks with a desired functionality and provided a proof of
concept that will allow us to develop this work further. There
are several areas of study that are of particular interest and
that we intend to pursue. The first area is the systematic inves-
tigation of how the various mutations rates and mutation
types affect the performance of the evolution. Another is to in-
crease the flexibility of the networks by allowing variable num-
bers of nodes. In addition, since the goal is to build a library of
different signal-processing elements, it is highly desirable to
evolve not just basic mathematical functions but a variety of
networks. These networks would be of biological interest as
they can be compared to real signalling networks.

In the long term, we are very interested in exploring the
evolution of modularity and intend to devise a more biologi-
cally inspired genome in order to implement robust crossover.
The initial version of Lakhesis attempted to use crossover;
however, crossover invariably resulted in offspring that were
no fitter than their parents. Part of the problem might have
been the crossing of heterologous networks rather than ho-
mologous networks; however, this is an active area of re-
search.

Finally, one observation stood out above all: the evolved
networks look nothing like real biological signalling networks.
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Whereas biological signalling networks are composed of re-
peated cyclic motifs, the artificially evolved networks lacked
this kind of architecture. We believe this is due to a number of
factors, one of which is the mode by which biological systems
evolve. One of the main methods by which biological networks
evolve is through gene duplication. For example, many of the
kinases and phosphates that are found in biological signalling
networks can be traced to common ancestors. It is presumed
that these ancestral genes duplicated and diverged and were
utilized to enlarge the original network. Therefore instead of
evolving completely new architectures, gene duplication, par-
ticularly module duplication, allows networks to grow without
changing the basic architecture and results in similar motifs
being appended to an existing network. Our simulations had
no such constraints; this allowed the networks to take on any
pattern, and they were thus highly variable in architecture. We
intend to look seriously at gene duplication as a means to
evolve artificial networks.

Computational Methods

The software (called Lakhesis) used to carry out the evolutionary
simulations was developed by using VB.NET. The program was con-
figured to run up to 500 generations of 500 networks. For the
Runge—-Kutta algorithm, a time step of 0.05 was used, and the reac-
tions were simulated for 400 time points or until steady state was
reached. In the initial stages of development, output runs from
Lakhesis were compared to output from Jarnac 2.0%% in order to
verify the accuracy of the solutions. In addition, all final networks
and examples shown in this paper were tested in Jarnac 2.0 to
verify their accuracy.

Typical runs lasted from twenty minutes to a few hours for the
more demanding objective functions. All simulations were run on
a 1.67 GHz machine with Windows XP. The software is freely availa-
ble for download from http://www.sys-bio.org/research/lakhe-
sis.htm.
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MRNA Openers and Closers: Modulating AU-
Rich Element-Controlled mRNA Stability by a
Molecular Switch in mRNA Secondary Structure

Nicole-Claudia Meisner,” Jérg Hackermiiller,™ ¢ Volker Uhl,”) Andrés Aszédi,"™

Markus Jaritz,™ and Manfred Auer*®

Approximately 3000 genes are regulated in a time-, tissue-, and
stimulus-dependent manner by degradation or stabilization of
their mRNAs. The process is mediated by interaction of AU-rich
elements (AREs) in the mRNA’s 3'-untranslated regions with
trans-acting factors. AU-rich element-controlled genes of funda-
mentally different functional relevance depend for their activa-
tion on one positive regulator, HuR. Here we present a methodol-
ogy to exploit this central regulatory process for specific manipu-
lation of AU-rich element-controlled gene expression at the
mRNA level. With a combination of single-molecule spectroscopy,
computational biology, and molecular and cellular biochemistry,
we show that mRNA recognition by HuR is dependent on the pre-
sentation of the sequence motif NNUUNNUUU in single-stranded
conformation. The presentation of the HuR binding site in the
mRNA secondary structure appears to act analogously to a regu-
latory on/off switch that specifically controls HuR access to
mRNAs in cis. Based on this finding we present a methodology
for manipulating ARE mRNA levels by actuating this conforma-
tional switch specifically in a target mRNA. Computationally de-
signed oligonucleotides (openers) enhance the NNUUNNUUU ac-

Introduction

Control of mRNA stability represents an essential regulatory
level in eukaryotic gene expression. It ensures tight time-de-
pendent regulation, which is of particular relevance for the co-
ordinated expression of early response genes (ERGs). The pres-
ence of AU-rich elements (AREs) in the 3’-untranslated regions
(UTRs) of messenger RNAs mediates their rapid degradation or
stabilization. AREs exert their function by specific interaction
with trans-acting factors. Among the at least 21 ARE-binding
proteins identified so far, a positive regulatory effect has been
attributed only to HuR (ELAVL1, RefSeq accession: NP_001410)
and its neuronal homologues HuB, HuC, and HuD.!"?

Up to 3000 potentially ARE-regulated genes have been pro-
posed recently.”’ Highly tissue- and stimulus-specific upregula-
tion of individual messengers by HuR was shown for VEGF in
response to hypoxia,” for TNFa in response to LPS or proin-
flammatory cytokine stimulation,” for p21® and p53" after UV
irradiation, for nitric oxide synthase Il upon cytokine stimula-
tion,”® for cyclins A and B1 in cell proliferation,”” or for c-fos
during G, to G transition in NIH3T3 cells."”

HuR appears to be a central node in the network of regula-
tory processes controlling functionally diverse ARE genes. A
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cessibility by rearranging the mRNA conformation. Thereby they
increase in vitro and endogenous HUR-mRNA complex formation
which leads to specific mRNA stabilization (as demonstrated for
TNFa and IL-2, respectively). Induced HuR binding both inside
and outside the AU-rich element promotes functional IL-2 mRNA
stabilization. This opener-induced mRNA stabilization mimics the
endogenous IL-2 response to CD28 stimulation in human primary
T-cells. We therefore propose that controlled modulation of the
AU-rich element conformation by mRNA openers or closers
allows message stabilization or destabilization in cis to be specifi-
cally triggered. The described methodology might provide a
means for studying distinct pathways in a complex cellular net-
work at the node of mRNA stability control. It allows ARE gene
expression to be potentially silenced or boosted. This will be of
particular value for drug-target validation, allowing the diseased
phenotype to ameliorate or deteriorate. Finally, the mRNA open-
ers provide a rational starting point for target-specific mRNA sta-
bility assays to screen for low-molecular-weight compounds
acting as inhibitors or activators of an mRNA structure rear-
rangement.

tool that exploits the function of HuR to specifically up- or
downregulate genes at the mRNA level will be equally attrac-
tive in systems biology and drug discovery.

We characterized the molecular mechanisms of HuR ARE rec-
ognition in vitro as well as in cellular systems by a combination
of computational biology and quantitative confocal fluores-
cence fluctuation analysis at single-molecule resolution. The
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identification of a secondary-structure dependence of HuR-
mRNA recognition led us to the development of an algorithm
for the rational design of mRNA openers or closers. These oligo-
nucleotides manipulate ARE mRNA levels by inducing a confor-
mational rearrangement in the mRNA. We propose the use of
these openers/closers as a novel tool for the manipulation of
mRNA stability, potentially allowing up to 3000 functionally
different ARE genes to be boosted or silenced. Additionally,
this methodology now provides a new concept in drug-dis-
covery research: targeting mRNA regulation through specific
manipulation of mRNA secondary structure in cis.

Results
NNUUNNUUU is the HuR binding site

Exploiting the HuR ARE interaction for gene manipulation re-
quires a detailed understanding of this molecular recognition.
To date, neither the mechanism nor the RNA-sequence and
structural prerequisites determining the recognition are clear.
For a quantitative analysis of HUR RNA complexation, we used
confocal fluorescence fluctuation analysis (2D fluorescence in-
tensity distribution analysis or 2D-FIDA anisotropy™). The
method allows affinities to be determined in homogeneous
solution, based on the measurement of true particle concen-
trations. It is particularly advantageous to conventional meth-
ods for measuring interactions between species of low solubili-
ty, high affinity, or variable stoichiometry. By using the IM-
PACT™-CN purification strategy (New England Biolabs), full-
length HUR was obtained in soluble form as native protein
without a hydrophilic fusion tag. HUR bound to its native ARE
target sequences with a high variation in affinities, with K s
ranging from 130 pm to 13.6 nm (Table 1, exemplary binding
curves in Figure 1).

Resolving the mechanistic reason for the 100-fold differences
in dissociation constants might potentially enable us to active-
ly modulate HUR-mRNA associations. The first step in this di-
rection was a precise definition of the unresolved HuR binding
site. In a recent study, De Silanes et al."? observed that a short
stem-loop without sequence constraints other than one uracil
position is predictive for HuR targets. While it will be interest-
ing to see whether this stem-loop motif contains binding sites
for proteins associated with the HuR pathway, there is accumu-
lating knowledge on the general RNA sequence preferences of
HuR in the literature: essentially, multiple (AUUUA) repeats
(e.g., ref. [13]) and U-rich stretches (e.g., ref. [14]) are known to
be bound by HuR with high affinity. Additionally, a consensus
binding motif of eight nucleotides (N-U/C-U-N-N-U/C-U-U/C)
was deduced for the close homologue HuD,, from two X-ray
structures of cocrystals with 11-mer RNAs." In contrast to the
ARE core elements AUUUA and UUAUUUAUU," the presence
or absence of this motif within the tested RNA sequences was
consistent with our observed binding or nonbinding of HuR.
However, no binding of HuR to 8-mer N-U/C-U-N-N-U/C-U-U/C
variants (Ug as well as AUUAAUUU, CUUCCUUU, GUUGGUUU)
was observed experimentally. In previous experiments, we had
found that HuR binds to U;, with high affinity. We therefore
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Figure 1. HUR-ARE interaction monitored with 2D-FIDA. Exemplary binding
curves from anisotropy measurements with 2D-FIDA for monitoring HuR bind-
ing to TMR-labeled ARE RNAs (A) and 9-mer RNAs (B). For illustration, the ani-
sotropy data were converted to the fraction of HuR-bound RNA according to
fraction bound = (r—r,; )/[(r—" i) + Q(rmax—1)], With r,,;,: anisotropy of free
RNA, Tay: anisotropy of HUR RNA complex, r: anisotropy of the RNA-HuR com-
plex equilibrium at the given HuR, and RNA, concentrations; Q: quenching.
The apparent dissociation constant K,,,, was determined by nonlinear curve
fitting of the anisotropy data as described in the Experimental Section. HUR
binds to its target AREs with 100-fold different affinities. A)  TNFo ARE
(Figure 3, (6); pin: 0.110£0.003, 11, 0.21331+0.003), @ IL-4 ARE (Figure 3, (4);
Imin? 0.162 £0.004, t,,,,: 0.27840.003), © Cox-2 ARE (Figure 3, (1), topi:
0.162£0.001, 1,4 0.248+0.004), x (AUUU),A. B) « AAUUUAUUU (Figure 2,
(9); Yrpin: 0.062£0.001, 1,4, 0.106+0.001), x UUAUUUAUU (Figure 2, (4c)). All
ARE sequences and K, values are specified in Table 1 and Figure 2.

determined the minimal required length of oligoU for HuR
binding. Remarkably, a one-nucleotide elongation from Ug to
U, was sufficient for high-affinity binding of HuR (K4=0.97 +
0.19 nm). Hence, HuR requires a minimum of nine nucleotides
for recognition. As detailed in Figure 2, we deduced that the
HuR binding site is the 9-mer N-N-U-U-N-N-U-U-U in a series of
binding experiments with strategically designed fragments.
This HuR binding motif is further supported by an HuR ho-
mology model (data not shown) based on the structures of
HuD (1FXL,1G2E)"and SxI (1B7F)."" It is present in all vali-
dated HuR target mRNAs currently described in the literature
(see Table 2) and in 98.7% of all 896 sequences in ARED 1.0, a
database of in silico-identified ARE mRNAs™! (100% in clusters
[-1V, 97.9% in cluster V). Additionally, the frequency of NNUUN-
NUUU-containing sequences is significantly higher in the set of
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(I} Consensus motif from HuD crystal structure

fragment Ky
1 not bound
2 = 0.97 (#0.19) nM ==
position:
3 not bound (AUUU)SA
4 == 1.40(x0.39) nM = (AUUU)3A
4a [ fragment 1 not bound A U U U
4b /fragment2 ™ 0.77 (£0.25) nM == A U U
4c / fragment 3 not bound AU
4d / fragment 4 not bound A
(1) Preliminary consensus motif for HuR
5a not bound
5b not bound
Sc not bound
5d not bound
6a not bound
6b not bound
6o not bound
7 = (.96 (£0.02)nM == (CUUU)4C
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Figure 2. Experimental deduction of the HuR binding site. The experimentally determined affinity (K,) of full-length HuR to the individual synthetic RNA fragments
(nucleotides connected with gray bars) is shown. The proposed and tested consensus motifs are given in bold. While the simplest variant of the previously proposed
consensus motif for HUD, Uy (fragment 1) was not recognized by HuR/""® an elongation by one nucleotide to U, (fragment 2) was necessary and sufficient for high-
dffinity binding. An influence of the fluorescent dye was excluded by competition experiments with unlabeled RNA fragments (data not shown). A 3'-terminally elon-
gated HuD motif (9-mer fragment 3) was not bound by HuR.I"'® However the high-affinity binding to fragment 4 indicates that non-U nucleotides are tolerated
within the HuR binding motif, but only at certain positions. Knowing that nine nucleotides are sufficient for recognition, one finds four different 9-mer frames
within (AUUU);A. Among the four corresponding fragments (4a-4d) the exclusive recognition of fragment 4b demonstrates that HuR binds to frame 2 within
(AUUU);A. This frame is consistent with the HuD motif, but 5'-terminally elongated by one uracil residue; this suggests the preliminary binding motif N-N-U/C-U-N-
N-U/C-U-U/C. Fragments 5a-5d, 6a-6c, 7, 8, and 9 served to test the tolerance for non-U (exemplified by A) and C, respectively, at the depicted (bold) positions. In
consequence, we propose that the HuR sequence binding motif is N-N-U-U-N-N-U-U-U. This interaction appears to follow an “all-or-nothing”""® mechanism. While
sequences with single mismatches are not recognized,”’ sequences fulfilling this motif are bound with high affinity and an invariable Ky Ksna of 0.96 +0.48 nm.

(All' concentrations represent equilibrium concentrations). Ac-
cordingly, Ky, is a function of p and can be expressed as:

1
Ka :Kun .
dapp d fund p

(3)

We express this accessibility p as the thermodynamic probabili-
ty of structures that contain at least one NNUUNNUUU in
single-stranded conformation within the secondary structure
ensemble of an RNA sequence, henceforth also denoted as
p(ssNNUUNNUUU). For NNUUNNUUU-containing fragments
that are too short to form stable secondary structures, p=1. p
becomes <1 for an ensemble of an ARE sequence containing
NNUUNNUUU hidden in the secondary structure. This leads to
an increase in the experimentally observed Ky, Ky,,, compared
to Kypng- As detailed in Figure 3, experimentally determined
K4app values show the anticipated reciprocal dependence on
the calculated accessibility, p. Following a statistical test de-
scribed in ref. [20], Ky,p, is shown to be significantly correlated
with 1/p at the 99% level. For the relatively short RNA sequen-
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ces tested, any trapping in local secondary-structure optima
was neglected, as they typically have a rather simply structured
free-energy landscape. Such effects might rather play a role for
longer sequences like UTRs or full-length mRNAs. In such a
case, we should observe a strong deviation from the predicted
dependence of Ky,,, on the accessibility p. However, the corre-
lation even holds for HuR binding affinities to AREs within the
tested full-length 3'UTRs (Figure 3, fragments 14 and 15). To
corroborate our motif-accessibility model, we followed a strat-
egy of sequence elongation starting from an exemplary
NNUUNNUUU core. By synthesizing up- and downstream elon-
gated variants of the natural TNFa-ARE, we modulated the sec-
ondary structure. Thereby the accessibility of NNUUNNUUU
within the secondary structure was reduced without altering
the core ARE sequence. The experimentally measured affinities
of the elongated ARE fragments were decreased, and in good
agreement with the predicted values based on the accessibility
p(ssNNUUNNUUU) as compared to the core ARE fragment
(Figure 3, fragments 7 and 8; Figure 4, TNFa,, and TNFays).
Also a strategically designed variant of given theoretical acces-
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Table 2. NNUUNNUUU is present in validated mammalian HuR targets."

Gene Gene name, alternative names Sequence ID Ref. ARED2.0 Contains NNUUN-
symbol NUUU
Cytokines, chemokines, growth factors
BMP6 bone morphogenetic protein 6 NM_001718 (6] % X
ccn chemokine (C-C motif) ligand 11, eotaxin NM_002986 69 X
CSF2 colony stimulating factor 2, GMCSF NM_000758 122,70-72) I X
FSHB follicle stimulating hormone {3 AH003599 73 X
IL1b interleukin 1 beta NM_000576 ] X
IL2 interleukin 2 NM_000586 (ra.26.72) I X
IL3 interleukin 3 NM_000588 @r.7576) v X
IL4 interleukin 4 NM_000589 1] X
IL6 interleukin 6 NM_000600 (e8) v X
IL8 interleukin 8 NM_000584 (68.77.78) Il X
MYOD1 myogenic factor 3 NM_002478 79,801 X
MYOG myogenin NM_002479 79,801 X
NF1 neurofibromin 1 NM_000267 81 X
PITX2 paired-like homeodomain transcription factor 2 NM_000325 2 X
TNFa tumor necrosis factor o NM_000594 15,30,83-85] n X
VEGF vascular endothelial growth factor NM_003376 86-89] \% X
Tumor suppressor genes, proto-oncogenes, cell-cycle regulators
CCNA2 cyclin A NM_001237 (9,901 X
CCNB1 cyclin B1 NM_031966 to.50 X
CCND1 cyclin D1 NM_053056 (982,901 v X
CCND2 cyclin D2 NM_001759 82 X
CD83 CD83 antigen NM_004233 on X
CDKN1A cyclin-dependent kinase inhibitor 1A, p21, Cip1 NM_000389 16,79,92] X
CDKN1B cyclin-dependent kinase inhibitor 1B, p27,kip1 NM_004064 28] X
DEK DEK oncogene NM_003472 153] X
FOS v-fos FBJ murine osteosarcoma viral oncogene homologue, c-fos NM_005252 [10,75,94,95] v X
HLF hepatic leukemia factor NM_002126 193] X
JUN v-jun sarcoma virus 17 oncogene homologue (avian), c-jun NM_002228 182,94] X
MYC v-myc myelocytomatosis viral oncogene homologue, c-myc NM_002467 196.97] X
MYCN v-myc myelocytomatosis viral related oncogene, neuroblastoma de- NM_005378 75,981 X
rived, n-myc
TP53 tumor protein p53 NM_000546 7,99 X
Enzymes
HDAC2 histone deacetylase 2 NM_001527 193] X
MMP9 matrix metalloproteinase 9 NM_004994 froo,101) X
NDUFB6 NADH dehydrogenase (ubiquinone) 1 subcomplex NM_002493 193] X
NOS2A nitric oxide synthase 2A NM_000625 8l X
PLAU urokinase plasminogen activator NM_002658 23 v X
PTGS2 prostaglandin-endoperoxide synthase 2, COX2 NM_000963 68,89,102-105] n X
SERPINB2 serine (or cysteine) proteinase inhibitor, PAI-2 NM_002575 f1oe] v X
UBE2N ubiquitin-conjugating enzyme E2N NM_003348 93] X
Receptors, membrane proteins
ADRB1 B1-adrenergic receptor NM_000684, 1107.108] X
U29690
ADRB2 B2 adrenergic receptor NM_000024 1107,108] X
AR androgen receptor NM_000044 14,109] X
CALCR calcitonin receptor NM_001742 (ol X
CDH2 cadherin 2, type 1, N-cadherin NM_001792 93] X
GAP43 growth associated protein 43 NM_002045 fm X
SLC2A1 solute carrier family 2 member 1, GLUT1 NM_006516 m2 X
PLAUR urokinase plasminogen activator receptor NM_002659 23 \% X
SLC5A1 solute carrier family 5, SGLT1 NM_000343 ms X
TNFSF5 tumor necrosis factor (ligand) superfamily, member 5, CD154 NM_000074 4l 1% X
Miscellaneous

ACTG1 actin, y1 NM_001614 3] X
CTNNB1 catenin (cadherin-associated protein), beta 1 NM_001904 2 X
MARCKS myristoylated alanine-rich protein kinase C substrate NM_002356 @3 X
MTA1 metastasis associated 1 NM_004689 93 X
PITX2 paired-like homeodomain transcription factor 2 NM_000325 &2 X
SLC7A1 cationic amino acid transporter, CAT-1 NM_003045 (sl X

[a] The presence of NNUUNNUUU in human orthologous mRNAs of validated mammalian HuR targets has been tested. ARED2.0*" cluster numbers are
specified for sequences contained in this database. Binding of HuR to mRNAs without a reference in the table has been shown in this study for the first
time (Table 1). Renin mRNA, for which HuR associated stability control has been reported recently,”®” contains the motif but with a single U to C mismatch.
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ARE secondary structure as a molecular switch

The categoric-sequence and secondary-structure dis-
crimination between binding of HuR to AREs with
very high affinity and no detectable binding at all"'®
points to a regulatory switch in the binding-site pre-
sentation. To exploit such a switch, the secondary
structure of endogenous mRNA needs to be specifi-
cally and actively modulated. We rationally designed
short oligonucleotides (length arbitrarily set to 20 nt)
as trans-acting secondary-structure modulators,
henceforth denoted openers (closers). These reverse
complementary openers (closers) were constructed
to maximize (minimize) the HuR binding-site accessi-
bility of their target mRNA upon hybridization

0 041

Figure 3. Correlation between accessibility of NNUUNNUUU within AREs and observed K,
(Kgapp)- Experimentally determined affinities of HuR to the AREs of Cox-2 (1), IL-1f3 (2), IL-2
(3), IL-4 (4), IL-8 (5), to (AUUU);A (10), (AUUU),A (11), (AUUU)A (12), (CUUU),C (13) (e), to
the 3'UTRs of IL-2 and TNFa (14 and 15, x), and to the ARE of TNFa. (6) as well as the stra-

0.2 0.3 04 05 06 07 08 0.9
p(ssNNUUNNUUU) = % mole fraction of free, accessible RNA
R —

(Figure 5). We performed opener predictions for IL-2
and TNFa (Figure 6). Remarkably, a significant acces-
sibility change is restricted to “hotspots” within the
mMRNA, mainly located outside but in proximity to
the HuR binding sites. At other positions, hybridiza-
tion leaves the local ARE conformation almost unaf-
fected. Three individual openers targeting either of

tegically designed variants TNFa,, (7), TNFays (8), and TNFa,,,. (9) () and their predicted

values (<) are plotted against the corresponding accessibilities of the HuR binding motif
p(ssNNUUNNUUU), which is the thermodynamic probability of structures in the ensemble
which contain NNUUNNUUU in a single-stranded conformation. As shown in Figure 2, HuR

the two HuR binding sites within the IL-2 3'UTR were
selected for experimental verification (Op,, Op,, and
Op; in Figure 6 A, see also Table 3).

binds to NNUUNNUUU elements with an almost invariable K, Ky, The correlation be-
tween measured affinities K, and calculated accessibilities p follows the derived reciprocal

dependence Ky, = Kysna/P. The dotted line depicts the resulting graph for the approxima-
tion of Kyz.q by the experimentally determined value of 0.96 +0.48 nm (Figure 2). The solid
line depicts the graph obtained by nonlinear curve fitting of the data (K4,,,= (0.49 £ 0.09)/

p)-

sibility showed the predicted apparent K; in the binding ex-
periments (Figure 3, fragment 9). These data provide strong
evidence for the validity of the accessibility hypothesis. We
conclude, that it is the ARE secondary structure that deter-
mines the effective concentration of the HuR binding motif
and thereby the extent of HuR-mRNA complex formation.

Designed secondary structure modulators enhance
HuR-mRNA complexation in vitro and increase
mRNA stability in cell lysates

We proceeded to provide the biochemical and cell

biological proof of concept for the functionality of
such a secondary-structure mediated regulatory on/off mecha-
nism. The opener effect was initially validated in vitro. As
measured in a 1D-FIDA assay, HuR binds to the IL-2 3'UTR
(281 nt) with significantly higher affinity in the presence of any
of the openers (Figure 7B). The HuR IL-2 3'UTR affinity increas-
es with the concentration of added opener (Figure 7C). A neg-

TNFo TNFu;% TNFct,s
Mt p=077, Ky =0.35nm 42 nt, p=0.33, Kyap = 0.84 nm 45 nt, p=0.19, Kynoo = 3.25 M
?AUU*UU
EEE‘ 5 o PR u L U.f:u .J“S.II
: il
EEE "= :JU: ”‘“\h‘}__-;ﬂ"'-l-" u sy u
SED
EE o
WES 2 H W=-13.0 k T
W=0.0 kJmol™, f=0.62 W=-7.5 k) mal™, f=0.14 =130 k) mol™, f=0.13
5 ) N g
EE A u"uu““u‘."_;uuu\] s Au.,-.n.uuunu \A')L U:\l l aucalua’ ,.-AuiJf‘-UU\::l
A \ u u/f AUUAUL AU N AU J
Ei% |.,"-"_|u " j’;\'fv_u,,lj Ay s AU U'E”A&_“—.E'/'w ) VI'; "y R Ay g NS
BRE N\AyX s
2" w= 8.0 kd mol™, f= 0.03 W=-5.0 kdmol™, f=0.05 W=-13.0kdmol™, f=0.13

Figure 4. Secondary structure controls ARE recognition by HuR. The decrease in HuR affinity through ARE sequence elongation demonstrates the impact of binding
site accessibility. Elongation of the 34-mer TNFa-ARE to the 42-mer and 45-mer variants TNFa,, and TNFa,; leads to a decrease in motif accessibility p which ex-
plains the observed decrease in affinity (increase in K,,,,). Red nucleotides: elongation of the wild-type (WT) sequence; blue nucleotides: elongation by additional
AUG insertion. To illustrate the change in secondary structure, the minimum-free-energy conformation and the best suboptimal structure are shown for each se-
quence (W = free energy; f=frequency in the thermodynamic ensemble). Accessible (i.e. single-stranded) NNUUNNUU HuR binding sites are underlined in blue, inac-

cessible sites are underlined in red.
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Degradation Stabilization

Degradation

Degradation

Figure 5. mRNA openers induce HuR access to mRNAs in cis. HUR binding to a messenger RNA is impaired by the inac-
cessibility of the binding site (marked in blue) within the mRNA secondary structure. Hybridization of the opener (de-
picted in violet) specifically provokes a conformational rearrangement in the target mRNA (mRNAa) to present the
binding site in an accessible conformation. Any other HuR target mRNA present (exemplified by mRNA) is protected
from a malapropos activation by the inherent sequence specificity of the opener oligonucleotide. As a result, HuR is
able to recognize the NNUUNNUUU motif and stabilize the “opened” mRNA specifically in cis.

M. Auer et al.

co-immunoprecipitated in the
presence or absence of the
opener or negative control and
HuR-bound IL-2 mRNA was
quantified by real-time reverse-
transcriptase polymerase chain
reaction (RT-PCR). Unspecific im-
munoprecipitation was excluded
by using a control antibody
(goat IgG, data not shown).
Indeed, both openers increase
the level of HuR IL-2 mRNA as-
sociation up to 6.5-fold in a con-

centration-dependent  manner
(Figure 8).
We finally examined the

impact of the IL-2 openers in

ative control was performed with an IL-2-specific 20-mer,
which does not affect the accessibility p(ssNNUUNNUUU). Hy-
bridization of this oligonucleotide to the IL-2 3'UTR does not
influence the HUR-IL-2 3'UTR association (Figure 7B, C).

To verify that the opener oligonucleotides also function in a
more complex cellular environment, we quantified endoge-
nous HuR IL-2 mRNA association in cell lysates as a model
system. Cytoplasmic lysates of human peripheral blood mono-
nuclear cells (PBMC) were treated with the opener oligonucleo-
tides. This experimental approach allows defined concentra-
tions to be achieved and prevents cellular stress responses in-
duced by opener transfection. IL-2 mRNA HuR complexes were

ARE-dependent mRNA degrada-
tion. In human PBMC lysates
IL-2 mRNA decay—which we
found to be Mg®* dependent (data not shown)—was moni-
tored in the presence and absence of either openers Op,, Op,
as well as Neg. Upon Mg?* addition, the amount of remaining
IL-2 mRNA was quantified over time by real-time RT-PCR. In ab-
sence of any opener, endogenous IL-2 mRNA is rapidly degrad-
ed (t;;,=10.9+2.27 min), while the mRNA of a non-ARE gene
(elongation factor 1a, EF1a) is stable throughout the observa-
tion time of 70 min (Figure 9). The observed half-lives are com-
parable to previously described values;?" this indicates that
such a degradation system (adopted from previously described
protocols, such as refs. [22,23]) is a valid approximation of an
in vivo situation. In the presence of opener Op; (c=10 pum),

4 g ARE— p—=
L] — = — |
03 10p, Op
[ Op:
fo2 '
bo.q Neg
50 100 " 150 200 250
plssNNUUNNULLY opener start position —————»
% ——— —— .
! DpT =
—0.8 -~ fo ||
|= | | ) -
Foe f i I i P
I } J i R .-'JI l.'|| ;UM«V_#J\_ N —
0.4 R [
L o2 !I 1
@00 1000 1100 1200 1300 1400 1500 1600
plssNNUUNNUUUY

opener start position ——

Figure 6. Design of opener oligonucleotides. The HuR binding-site accessibility p(ssNNUUNNUUU) in the IL-2 3'UTR (A) or TNFa. mRNA (B) is shown in dependence
of hybridization to a reverse complementary 20-mer oligonucleotide at a given start position within the respective target mRNA sequence (x-axis). The AU-rich ele-
ment is indicated as a white box, NNUUNNUUU HuR binding sites are marked by black boxes. Putative “opener” positions are identified based on a significant in-
crease in the NNUUNNUUU accessibility (local maxima), putative “closer” positions are marked by a predicted decrease in the accessibility (local minima). Interest-
ingly, the opener positions are restricted to discrete “hotspots” in proximity to the HuR binding sites. The closers cluster mainly within the opener hotspot region.
The locations of experimentally tested opener molecules Op; (for TNFa) and Op,, Op,, Op; (for IL-2) are indicated in blue, negative control Neg (for IL-2) is shown in
red (sequences specified in Table 3). Openers Op, and Op; target primarily the HuR binding site within the IL-2 ARE, Op;, is directed to the second NNUUNNUUU

motif within the IL-2 3'UTR.
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R y i R el this degradation is completely halted over a period of 15 min
aole 3. lested opener and negative-control oligonucleotides. . . .

4 o 2 (Figure 9A). At that time untreated IL-2 mRNA is already de-

Target  RefSeq Opener/  Positions  Sequence (5'—3') graded to 79.9%. Also after 15 min incubation time, the decay

mMRNA Control is significantly slowed down. At 40 pm concentration (Fig-

IL-2 NM_ Op, 804-823  AATATAAAATTTAAATATTT ure 9C), Op, blocks the degradation over the entire incubation

000589 time of 70 min. Op,, which targets another HuR binding site,

Op, 909-928 TAGAGCCCCTAGGGCTTACA L L . |

op. 920-930  TGAAACCATTITAGAGCCCC sho.ws a.5|m.|lar stablllzmg eff(.ect (Figure 9B and C). Th.e .cleg.ra

Neg 050-969 CATAATAATAAATATTTTGG dation kinetics are not significantly changed by hybridization

TNFa NM_ Op; 1315-1334  ATCACAAGTGCAAACATAAA with the negative control oligonucleotide Neg (t;,=6.82+

000594 1.96 min). To ensure that the opener-induced IL-2 mRNA stabi-

[a] Sequences of putative opener or negative control oligodeoxynucleo- lization is indeed a specific effect, we monitored the mRNA sta-

tides selected for experimental testing are specified. The sequences are bility of other ARE-containing HuR targets. Neither TNFa nor

reverse complementary to the specified region in the target mRNA and ”__1[3 MRNA decay is influenced by our IL-2 specific openers
iven in 5’ to 3’ direction. . . .

J (Figure 10). Additionally, a TNFo. opener (Op; Figure 6B) pro-

5, +0p1 Sl =

IL-2 J'UTR IL-2 FUTR + Opy

Kaapp = 32.77 (*/- 4.48) nM Kjapp = 11.80 (+/- 1.48) ni
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Figure 7. IL-2 openers increase HuR-IL-2 3'UTR complex formation in vitro. A) Predicted minimal free energy (MFE) secondary structure of the IL-2 3'UTR and of the
IL-2 3'UTR hybridized to opener Op, (Op, represented in violet). NNUUNNUUU elements are shown in blue. As exemplified and illustrated by the predicted MFE con-
formation of the complex, the opener shifts the equilibrium towards conformations with accessible (i.e. single-stranded) NNUUNNUUU elements—following the
model sketched in Figure 5. MFE secondary structures for 3'UTR-opener complexes were computed by using RNAcofold (available with the Vienna RNA package’®).
B) All three tested IL-2-specific openers enhance the HuR association with the IL-2 3'UTR, reflected by a decrease in the apparent dissociation constant K, (Op,:
Kaapp = 11.80£ 1.48 nm; Op;: Kygp, = 18.911.91 nm, Ops: Kyqp, =8.38 £ 1.18 nm,; without opener: Kgy,,, =32.77 £ 4.48 nm; IL-2 3'UTR at 0.5 nm; Op; and Op; at the
concentration optimum of 1.56 and 5nm, respectively; Op, at 25 nm). Hybridization of the negative-control oligonucleotide Neg to the IL-2 3'UTR leaves the interac-
tion with HuR unaffected (Kyq,, = 32.77 £ 3.72 nm, Neg at 25nm concentration). C) The affinity increase induced by opener hybridization shows a saturation curve
with half-maximal saturation at an opener concentration of 0.38 nm (shown for Op;, apparent affinity of Op; hybridization =134+ 54 pm). The apparent affinity of
HuR binding to the opened IL-2 3'UTR approaches a maximum at a K; minimum of 8.57+1.33 nm. (@ Op; o Neg at 1.56 nm, IL-2 3'UTR is at 0.5 nm in all experi-
ments).
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Figure 8. IL-2 mRNA openers increase endogenous HuR-IL2 mRNA association.
HuR-mRNA complexes were co-immunoprecipitated from lysates of human
PBMC without or after treatment with opener or negative-control oligonucleo-
tides Op,, Op,, Neg, and Op; HuR-bound IL-2 mRNA was quantified by real-time
RT-PCR. IL-2 mRNA amounts were normalized to the levels in untreated cells
(white bar). Openers were added to 2.5 um (gray bars) or 10 um (black bars),
negative controls Neg and Op; to 10 um concentration. Op; and Op, boost
HuR-mRNA complexation to up to 6.5- or 3.1-fold higher levels, respectively.

motes TNFa mRNA stabilization in an equally specific manner
(Figure 10). Furthermore, the opener-induced IL-2 mRNA stabi-
lization is neutralized in the presence of an HuR specific anti-
body; this supports the HUR dependence of the opener action
(Figure 11, opener Op,). We conclude that mRNA openers pro-
vide a functional tool to manipulate HUR-mRNA complex for-
mation and the associated mRNA half-life through a switch in
mRNA conformation.

Discussion
Molecular mechanism of HuR ARE recognition

Previous studies on HUR-mRNA interactions in the literature
had mapped HuR binding to mRNA subfragments containing
AUUUA repeats or U-rich stretches (e.g. ref. [13,14]). Starting
from the previously suggested HuD consensus motif (N-U/C-U-
N-N-U/C-U-U/C™) we identified the 9-mer N-N-U-U-N-N-U-U-U
as the precise HuUR binding site that so far had remained unre-
vealed in U-rich elements. The relevance of the NNUUNNUUU
motif is emphasized by its presence in all validated HuR target
mRNAs currently described in the literature (Table 2) and its
compliance with previous data on mapping HuR binding to
mRNAs.2*?) That adenosines are not essential for the recogni-
tion by the “ARE binding” protein HuR is consistent with the
previously noted existence of HuR targets that lack classical
AREs.>>28 A conservation of adenosines in HuR binding sites is
hence not associated with HuR recognition. Rather, it could be
the result of an overlap with binding sites for negative regula-
tors such as AUF-1 or TTP. Another evolutionary rationale for
A’s in AREs could be to interfere with the formation of a stable
stack between U-rich stretches and the polyA tail as this would
affect proper ARE and polyA function.

While the degenerate nature of the motif NNUUNNUUU is
consistent with the high number of ARE-controlled genes, the
presence of the sequence motif alone does not provide an ex-
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Figure 9. IL-2 mRNA openers inhibit IL-2 mRNA degradation. Degradation of
endogenous IL-2 mRNA was monitored in human PBMC lysates. Upon the addi-
tion of Mg?* (t=0 min), the amount of remaining IL-2 mRNA was quantified
over time in the presence and absence of openers Op,, Op, or Neg at A) 10 um
(i.e. 2 fmol per cell), B) 25 um (i.e. 5 fmol per cell), and C) 40 um (i.e. 8 fmol per
cell) by quantitative real-time RT-PCR. All data represent averages of at least
three independent samples and were normalized to the levels at time point
t=0 min. The data were fitted to a single exponential decay (— no opener,
----- Neg). IL-2 mRNA is rapidly degraded with a half-life of t,,,=

10.9+ 2.27 min without any opener (o), as well as in presence of 10 um nega-
tive control Neg (X, t,,=6.82+ 1.96 min). Addition of openers Op, (e) or Op,
(¥) promotes a transient IL-2 mRNA stabilization in a concentration-dependent
manner. At 40 um, Op, blocks the degradation over the entire incubation time
of 70 min. Op, shows a similar stabilizing effect, although it targets another
HuR binding site (¥). EF-1a, a non-ARE mRNA, remains stable over the entire
observation time of 70 min (o).
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Figure 10. Opener oligonucleotides specifically promote ARE mRNA stabiliza-
tion. The specificity of the opener-induced mRNA stabilization was tested by
monitoring the IL-2 openers’ effect on the decay of other ARE-containing cyto-
kine mRNAs (TNF-a (A) and IL-1/3 (B)). TNF-a and IL-13 mRNA degradation is
characterized by a half-life of t,,=36.0+2.2 min (o, A) and t,,,=

37.6+5.6 min (o, B), respectively. In presence of either of the IL-2-specific open-
ers Op, (®) or Op, (¥, both at 25 um), neither TNF-a. nor IL-13 mRNA decay is
altered. Under the same conditions, an opener designed for TNF-a (Op;, 3%, se-
quence specified in Table 3) specifically stabilizes the TNF-a mRNA without
affecting IL-1 mRNA levels.

planation for the specificity in mRNA stability regulation.
Rather, we found that, in addition to a sequence match, HuR-
ARE recognition is dependent on the presentation of NNUUN-
NUUU in single-stranded conformation within the mRNA sec-
ondary structure. By combining RNA primary- and secondary-
structure properties into a motif accessibility model, we are
able to quantitatively understand and predict in vitro and cel-
lular, as well as in vivo HUR-RNA associations. Previous studies
on the NZW mouse strain®® have attributed the TNFa-deficient
phenotype to a GAU trinucleotide insertion into the TNFa
3’'UTR, 5" adjacent to the ARE. It has been shown that the asso-
ciated down-regulation occurs at the post-transcriptional level,
along with reduced complex formation of the mutant mRNA
with HURB? The effect of an insertion outside the ARE core
without disruption of HuR binding sites could not be explained
mechanistically. If we apply our accessibility model, the de-
creased HuR binding-site accessibility in mutant versus wild-
type TNFo. ARE (accessibility ratio 0.59) is in good agreement
with the extent of HUR-ARE complex formation (ratio of 0.655%).
This provides strong evidence that it is the mutationally altered
ARE secondary structure that is responsible for this phenotype.
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Figure 11. Opener-mediated stabilization can be neutralized with anti-HuR an-
tibody. IL.-2 mRNA decay A) in the presence of an HuR-specific antibody, B) con-
trol reactions. The stabilization of the IL-2 mRNA induced by opener Op,

(o without opener; ¥ opener Op, at 40 um) is neutralized in the presence of a
monoclonal anti-HuR antibody.

That the accessibility hypothesis holds in biochemical, cellular
biological, and, potentially, also in in vivo systems not only
supports the validity of the NNUUNNUUU consensus and the
“all-or-nothing” mechanism. It also suggests the feasibility of
using the HuR binding-site presentation as a target for modu-
lation of ARE gene expression in complex biological systems.

mRNA stability manipulation by mRNA openers/closers

With this starting point we proceeded to provide a biochemi-
cal and cell biological proof of concept for such a secondary-
structure mediated manipulatory on/off switch. Short oligonu-
cleotides were computationally designed to modulate the pre-
sentation of the HuR binding motif by hybridizing to their
target mRNAs distant or proximal to the HuR binding site.
Thereby, these openers (closers) induce a conformational rear-
rangement in the mRNA, maximizing (minimizing) the proba-
bility of single-stranded NNUUNNUUU to promote increased
(decreased) stabilization by HuR. Short oligonucleotides or
PNAs (peptide nucleic acids) have been used previously to
drive the equilibrium between competing secondary struc-
tures, for example, in the spliced leader RNA of Leptomonas
collosoma,® to induce RNA “misfolding”®? or to allosterically
regulate ribozyme activity.*>3% A related concept by Goodchild
and co-workers uses facilitator oligonucleotides to enhance ri-
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bozyme substrate binding. These facilitators act by coaxial
stacking rather than modulating substrate secondary struc-
ture B

We validated our method by designing opener oligonucleo-
tides for IL-2 and TNFa as two ARE-controlled cytokines. Re-
markably, predicted opener hybridization sites were confined
to “hotspots” within the mRNA, mainly located outside but in
proximity to the HuR binding sites. Consequently, the openers
target mainly local mRNA secondary structures, for which the
prediction is most plausible in a cellular situation. The tested
openers were experimentally confirmed to i) enhance HuR-
mRNA complex formation in vitro and endogenously as pre-
dicted by the algorithm and ii) to specifically induce stabiliza-
tion of the short-lived ARE mRNA by HuR. While the approxi-
mately three- to sevenfold affinity increase induced by the
opener demonstrates the functionality of the mechanistic prin-
ciple, it is not clear why the effect is lower than predicted. One
possible explanation might be the limited validity of the as-
sumption that the opener mRNA hybridization reaches satura-
tion, particularly where we used DNA openers. However, the
critical parameter for the opener methodology is the functional
modulation of the mRNA half-lives in a cellular context. Impor-
tantly, this range of affinity increase is sufficient to enhance
the stability of IL-2 mRNA in cell lysates from a half-life of 10
to >70 min, close to the endogenous effect in T-cell activa-
tion. Also, a similar difference in HuR binding to wild-type
versus mutant TNFa. mRNA (—40%) leads to a TNFa deficient
phenotype of NZW mice.

In the IL-2 mRNA, one of the HuUR binding sites individually
targeted by two different openers is located outside “the” IL-2
ARE. The functional IL-2 mRNA stabilization by HuR binding to
an NNUUNNUUU site downstream to the ARE has implications
for the understanding of how HuR promotes its stabilizing
function. Remarkably, HuR appears to be functional also by
binding to sites outside an ARE. No binding site for the nega-
tive regulator tristetraprolin®® is present in close proximity to
the downstream NNUUNNUUU site. Consequently, HUR seems
not to act by pure displacement of one of its most prominent
counterplayers, tristetraprolin.

IL-2 and TNFa were independently stabilized with their re-
spective designed opener oligonucleotides; this leaves the
decay of IL-18 as an additional control, ARE mRNA is unaffect-
ed. Thereby, the artificial secondary-structure modulation
meets the requirements of high target specificity one would
desire for a biochemical and cell biological tool for pathway
analyses or other applications in fields like systems biology or
drug discovery.

mRNA openers act as a surrogate for CD28 stimulation—a
link between functional RNAs and the ARE pathway?

In T-cell activation, the co-stimulatory signal (transduced via
CD28) is known to explicitly trigger IL-2 expression by a stabili-
zation of its messenger RNA (e.g. refs. [37,38]). The opener-in-
duced increase in IL-2 mRNA half-life was comparable to the
CD28-induced effect previously reported in the literature.*”
Consequently, the openers mimic the endogenous down-
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stream effect of CD28 stimulation in T-cell activation and
hence allow specific interference with cellular pathways. This,
together with the functional and specific stabilization of indi-
vidual ARE mRNAs, suggests that such a molecular on/off
switch, controlling HuR access in cis might be an elegant and
universal solution the cell uses to address specificity in post-
transcriptional regulation. A regulatory model based on selec-
tive opening/closing of the ARE conformation analogous to
the mechanism of the openers (Figure 5) would fulfill all crite-
ria for this regulatory process in a cell: i) a triggerable on/off
switch, ii) allowing fast responses and iii) mediating selective
upregulation of individual messengers in the ubiquitous pres-
ence of HuR and target mRNAs.

mRNA openers/closers as tools in systems biology and drug
discovery

With the mRNA openers we introduce a method for controlled
manipulation of AU-rich element-dependent mRNA levels, po-
tentially complementary to RNAi (see refs. [40-43] for recent
reviews). While providing a comparable level of target specifici-
ty, the opener (closer) methodology differs from RNAI in sever-
al aspects: i) the artificially induced conformational reorganiza-
tion allows the recognition site of a regulatory factor such as
HuR to be both hidden or presented, and can thereby be used
to drive the associated regulatory process in both directions.
Unlike RNAi or antisense approaches, it therefore not only
allows the expression of the target gene to be potentially si-
lenced but also boosted, a particular advantage for target vali-
dation in drug discovery. ii) The high precision of the computa-
tional mRNA opener design reduces the effort that is often re-
quired to experimentally assess functional siRNA or antisense
hybridization positions. iii) The manipulation is further quanti-
tatively tunable and correlates with the applied opener dose.
iv) Functional openers are not dependent on recognition and
processing by host cell enzymes (i.e. the Dicer/RISC machi-
nery™). This offers a higher flexibility with respect to the
opener nucleic acid length and species, provided that the se-
quence specificity is not affected. Single-stranded RNA, DNA,
or PNA oligonucleotides with virtually any 2’- or backbone
modification might be usable; this would allow the metabolic
opener stability and its biochemical properties to be adjusted.
Also, labeling with fluorescent tags appears feasible. v) In addi-
tion, multiple HuR binding sites within one messenger RNA
might be individually opened or closed. This would allow the
biological role of individual HuR binding sites in the regulation
of an mRNA to be successively studied.

While RNAI is applicable to virtually any target gene, the
opener methodology remains confined to the set of HuR-con-
trolled genes. However, with an estimated 3000 ARE genes,*
most of them being tightly controlled and ultimately related
to disease-relevant processes, there remains a wide field for
potential applications. As this set encompasses functionally di-
verse genes, distinct pathways in the regulatory network can
be studied by interfering at the node of mRNA stability con-
trol. As for RNAI, the main issue is the delivery of the opener
oligonucleotides into the target cells. It has to be emphasized
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that, so far, we have validated the opener effect in human
PBMC lysates. Advances in effective but mild transfection
methods like optoinjection,“® delivery by TAT-peptide chime-
ras,”! or viral vectors for small RNA transcripts promise to
make a final proof in vivo attainable.

Given the disease relevance of the majority of HUR-ARE con-
trolled genes, this regulatory system is particularly attractive
for therapeutic intervention. Our opener oligonucleotides may
serve as tools for making ARE-controlled genes druggable at
the level of mRNA conformational rearrangements. Screening
for target-specific low-molecular-weight compounds acting as
“opener- or closer-mimics” might represent an attractive and
suitable concept in drug discovery. With a prototype assay es-
tablished, virtually any target mRNA within the ARE target plat-
form of up to 3000 genes should become screenable by using
a common assay format. In fact, nature exemplifies the poten-
cy of small molecules to specifically modulate mRNA secondary
structure in the example of riboswitches in the metabolism of
Vitamin B12 or glucosamine-6-phosphate./**%

Altogether, we believe that the mRNA openers/closers will
serve as a suitable tool in systems biology and drug discovery
research and may encourage future studies addressing a po-
tential link between the ARE pathway and functional RNAs.

Experimental Section

Fluorescently labeled RNA: 5 amino-C6-modified RNA was syn-
thesized on a 394A synthesizer (Applied Biosystems) by using 5'-O-
dimethoxytrityl-2'O-triisopropyloxymethyl-protected ['-cyanoethyl-
(N,N-diisopropyl)nucleotide phosphoramidites (Glen Research) and
adopting published procedures®*? and manufacturer’s protocols.
The oligoribonucleotides (ORNs) were cleaved from the support,
base-, phosphate- and 2'-deprotected and then purified by dena-
turing polyacrylamide gel electrophoresis by following standard
protocols. RNA concentrations were calculated from UV absorption
at 260 nm according to Beer’s Law, with the exact molar extinction
coefficient at 260 nm as determined according to ref. [53]. All
ORNs were >99% pure according to analytical reversed-phase
high performance liquid chromatography (RP-HPLC) analysis
(VYDAC C,g column, 5 um, 300 A, 4.6x250 mm in triethylammoni-
um acetate (0.1 ™, pH 7.0) with gradient elution, 0-50% CH,CN in
45 min, UV detection at 260 nm). 5-Carboxytetramethylrhodamine
(TMR, Molecular Probes) was attached to the 5 aminolinker in a
standard treatment of the primary amine with a succinimidyl ester-
activated fluorophore to form a stable carboxamide. Unreacted
dye was hydrolyzed by addition of hydroxylamine-hydrochloride
(1.5 ™). The labeled RNA was separated from the free dye by gel fil-
tration, purified from unlabeled RNA by RP-HPLC, and the concen-
tration was determined by UV absorption spectroscopy as described
above, but with correction for the dye absorption at 260 nm.

3'UTRs were prepared by run-off transcription from dsDNA tem-
plates with T7 RNA polymerase (T7 MEGASCRIPT in vitro transcrip-
tion kit, Ambion). The T7 promoter was incorporated into the tran-
scription templates during PCR amplification by using primers en-
compassing the 3'UTRs of IL-2 and TNFa (IL-2: nt 707-1035, TNFa
nt 872-1568, GenBank accession numbers NM_000589 and NM_
000594, respectively). The transcript was 3’ terminally oxidized with
Na(m-)IO, and coupled to hydrazide-activated Cy3 (AP Biotech), es-
sentially as described in ref. [54]. The product was subsequently
purified by RP-HPLC, as described for synthetic oligoribonucleo-
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tides, desalted, and transferred into aqueous solution by gel filtra-
tion. A 1:1 labeling stoichiometry was controlled by determination
of the Cy3 and RNA concentration by UV/Vis absorption spectros-
copy with correction of the dye absorbance at 260 nm.

Recombinant human HuR: The coding sequence for full-length
HuR (amino acids 1-326, RefSeq accession: NP_001410) was ampli-
fied from cDNA prepared from activated human T-lymphocytes.
The product was cloned directionally into the Ndel and Sapl sites
of the vector pTXB1 (IMPACT™ -CN system, New England Biolabs),
allowing C-terminal fusion with an intein-chitin binding domain
tag without additional amino acid insertion. The fusion protein
was expressed in E. coli ER2566 (New England Biolabs) upon induc-
tion with IPTG (1 mm, for 6 h at 28°C). The bacterial cells were
lysed by successive freezing/thawing cycles in a buffer of Tris/Cl
(tris(hydroxymethyl)aminomethane, 20 mm, pH 8.0), NaCl (800 mm),
EDTA (N,N,N',N'-ethylenediaminetetraacetic acid, 1 mm) and Pluron-
ic F-127 (0.2% w/v, Molecular Probes). After DNA digestion, the ly-
sates were cleared by ultracentrifugation, and the fusion protein
was captured onto chitin agarose beads (New England Biolabs).
After extensive washing with lysis buffer, the recombinant protein
was recovered by thiol-induced on-column self-splicing of the
intein tag with 2-mercaptoethanesulfonic acid (sodium salt,
50 mm) for 12 h at 4°C5* Any co-eluted intein tag and uncleaved
fusion protein were removed from the eluate in a second, subtrac-
tive affinity step. The protein was transferred into the storage
buffer (Na,HPO,/NaH,PO, (25 mm) pH 7.2, NaCl (800 mm), Pluronic
F-127 (0.2% w/v)) by gel filtration (DG-10 columns, Bio-Rad), shock-
frozen in small aliquots in liquid nitrogen and stored at —80°C.
Under these conditions, full-length HUR was soluble without pres-
ence of higher aggregation states (analytical size-exclusion chro-
matography), and showed the characteristic CD spectra for RRM
domains,*® data not shown. The protein was >99% pure accord-
ing to liquid chromatography/electrospray ionization mass spec-
trometry, RP-HPLC, and SDS-PAGE analysis. N-terminal sequencing
revealed a correct N terminus quantitatively missing Met,. For a
precise determination of the concentration, purified HuR was
lyophilized, dissolved in guanidinium hydrochloride (6 m), and the
concentration was determined by UV spectroscopy according to
ref. [57] This solution was used as external standard for the deter-
mination of HUR concentrations by RP-HPLC quantification.

2D-FIDA anisotropy HuR-RNA binding assay: The fluorescently
labeled RNA was thermally denatured for 2 min at 80°C in assay
buffer (PBS, Pluronic-F-127 (0.1% w/v), MgCl, (5 mm)), refolded by
cooling to room temperature (—0.13°Cs™"), and diluted to 0.5 nm;
this ensured an average of <1 fluorescent particles in the confocal
volume in the described setup.”® The accurate concentration in
each sample was determined based on the particle number de-
rived from a parallel fluorescence correlation spectroscopy evalua-
tion and the size of the confocal volume, as given by the adjust-
ment parameters for the point spread function.®® Fluorescently la-
beled RNA was titrated against increasing concentrations of re-
combinant HuR (at least 11 titration points). HUR-RNA samples
were incubated for at least 15 min at room temperature prior to
each measurement.

HuR-RNA complex formation was monitored under true equilibri-
um conditions by determination of the fluorescence anisotropy
with 2D-FIDA. Measurements were performed in 96-well glass-
bottom microtiter plates (Whatman) on an EvotecOAl Picko-
Screen 3 instrument at ambient temperature (constant at 23.5°C).
The Olympus inverted microscope IX70 based instrument was
equipped with two fluorescence detectors, a polarization beam
splitter in the fluorescence emission path, and an additional linear
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polarization filter in the excitation path. A HeNe laser (A=543 nm,
laser power=495 uW) was used for fluorescence excitation. The
excitation laser light was blocked from the optical detection path
by an interference barrier filter with optical density (OD)=5. TMR
in assay buffer (at 0.5 nm) was used for the adjustment of the con-
focal pinhole (70 pm) and for the determination of the G-factor of
the instrument.®” The molecular brightness g was extracted from
the 2D-FIDA raw data
for each polarization

(Gmax—Gmin) - [([RNAG] + [HUR,] + Kdapp)_\/([RNAO] + [HUR,] + Kyapp)®—4 - [RNA,] - [HUR,]] (

M. Auer et al.

measurements, by using only one detection channel and no polari-
zation beam splitters in the optical paths. The molecular brightness
was extracted from the 1D-FIDA raw data by using the FIDA algo-
rithm® and averaged from 20 consecutive measurements (10 s
each). The molecular brightness data were fitted based on an
equation analogous to Equation (4), adapted for fluorescence in-
tensity measurements:

6)

channel by using the 4 = Gmn t
FIDA  algorithm.["¢”

The anisotropy was then calculated as described in ref. [59]. The
2D-FIDA anisotropy signal was averaged from 10 consecutive
measurements (10 s each). The G-factor (calculated by using Py

TMR =0.034) was determined after every 11 measurements.

The anisotropy data were fitted based on the exact algebraic solu-
tion of the binding equation describing the average steady-state
anisotropy signal r in dependence of the degree of 1:1 complex
formation derived from the law of mass action,”” to extract the
equilibrium dissociation constant Kj,,, (nonlinear least-squares re-
gression, GraFit 5.0.3, Erithacus software, London):

o F'min + (rmax ) Q7”min) A
=T 1-(1-Q) A “)

where:

1
A—2_

W : |:[RNAO} + [HURO] + Kdapp_

()

\/(RNAG] + [HURG] + Kyppp)—4 - [HURy] - [RNA,

where [RNA,]: total concentration of RNA, [HuR,]: total concentra-
tion of HuR, r,,,: anisotropy of free RNA, r..,: anisotropy of RNA-
HuR complex at saturation, r: average anisotropy of the RNA-HuR
complex at equilibrium at the given HuR, and RNA, concentra-
tions; r=(q;—Gq .)/(q, + 2Gq.), q|, q,: molecular brightnesses
in parallel and perpendicular polarization channels, Q: quenching
factor; for 2D-FIDA anisotropy measurements, Q = Gistminy/Grotmax; at
Gr=q + 2q . All presented data are averages of at least three
independent experiments.

1D-FIDA HuR-mRNA binding assay: The relative size increase
that a fluorescently labeled mRNA or 3'UTR undergoes upon bind-
ing the relatively small HuR does not provide a significant detec-
tion parameter for the interaction. For this reason, a one-dimen-
sional FIDA assay for HuR binding to 3’ terminally Cy3-labeled
mMRNAs was established. The labeled mRNA was thermally dena-
tured for 2 min at 80°C in assay buffer (PBS, Pluronic-F-127 (0.1%
w/v), MgCl, (5 mm)) and refolded by cooling to room temperature
(—0.13°Cs™"). Opener or negative-control oligodeoxynucleotides
Op;, Op,, Op;, or Neg (MWG Biotech, sequences see Table 3) were
added to final concentrations between 0.5 and 100 nm. The final
concentration of Cy3-labeled mRNA was 0.5 nm, accurate particle
numbers were determined as described for the 2D-FIDA anisotropy
measurements.

The labeled mRNA was titrated against increasing concentrations
of HUR in the presence and absence of openers or negative-control
oligodeoxynucleotides. HUR-mRNA complex formation was moni-
tored under true equilibrium conditions by determination of the
molecular brightness with 1D-FIDA®? A HeNe laser (1=543 nm,
laser power=495 uW) was used for fluorescence excitation, the
optical setup was analogous to the setup for 2D-FIDA anisotropy
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2 - [RNA,]

Gmin: Molecular brightness of free RNA, gn.,: molecular brightness
of RNA-HUR complex, g: average molecular brightness for the
steady-state equilibrium at the given HuR, and RNA, concentra-
tions. All presented data are averages of at least three independent
experiments.

RNA secondary-structure prediction: RNA secondary structures of
minimal free energy were predicted with the program RNAFoLbD,
and suboptimal structures with RNAsusorT, both of which are
part of the Vienna RNA Package (Version 1.4 available at
www.tbi.univie.ac.at). lllustrations of RNA structures were compiled
by using RnaViz.®” The distribution of all possible secondary struc-
tures o; for an RNA molecule of sequence s is called the ensemble,
&(s). The frequency (thermodynamic probability) of each individual
structure o; in the ensemble is determined by its stability, that is,
its free energy E(o,s), and can be calculated by using Boltzmann's
law:

E(ois) /KT E(0i,s)/kT

e e
eECIT — T Q, (7)

o€e(s)

p(ois) =

Where Q; is the partition function of the ensemble.®™ The probabil-
ity of a particular structure element A, for example, the probability
to find NNUUNNUUU in single-stranded conformation is the proba-
bility of the ensemble subset containing A and thus a sum of prob-
abilities for all individual structures within this subset (structure
probabilities considered to be independent):

E(0i,s)/kT

e
oice(As) Q /S
p(A’S) - Z oice(As) p(Oi’S) - : AOS - TAS (8)

Where ¢(A;s) denotes the ensemble subset constrained to struc-
tures containing A, and Q,; is the respective partition function.
For a correlation with affinity data, only the discrimination accessi-
ble and inaccessible will be of interest. Equation (8) is valid for
structure elements with single occurrence in a molecule. As an ele-
ment of interest may occur repeatedly and may overlap, the defini-
tion of p is extended to the probability of structures containing at
least one element A. A computation via the probability of its com-
plement is not possible due to limitations for constrained folding.
As the probabilities of jointly occurring substructures are not inde-
pendent, the sum of the individual probabilities has to be correct-
ed:
OA,,s QAi,AJ,s
i<n Ts_ Z igi<n  Qq

§ : QAirAJIAkrAIrS
i<j<k<l<n Qs

P(A UAU...UA UAL) =Y

n Z QA“AJ»,Ak,s _
i<j<k<n OS

(9)

Where Qy4,..4,s denotes the partition function of the ensemble
constrained to structures containing the i, j ,..., n" occurrence of

element A. To minimize numerical errors, the probabilities are cal-
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culated with the ensemble free energies W of &(s) and &(A,s) (W=
—RTInQ); this results in p(A,s) =exp(W,y—W,nag)R"'T"). Ensemble
free energies are computed by using the Perl module of RNAFoLD.
The calculation of Qs is straightforward; Q, is calculated by con-
straining the subsequence corresponding to the i occurrence of A
to the structure element A.

Prediction of opener oligonucleotides: We define openers (clos-
ers) as short oligonucleotide sequences reverse complementary to
their target mRNA that, upon hybridization, change the secondary
structure of their target so that the HuR binding-site accessibility is
maximized (minimized). For simplicity of calculation we assume:
i) all opener nucleotides form base pairs with their respective re-
verse complement in the target mRNA exclusively, that is, no sub-
optimal interactions between opener and target are considered,
i) the equilibrium between opener-bound target and free target is
neglected, that is, all target mRNA molecules are hybridized to the
opener, iii) no energy contributions from the opener-target hybrid-
ization are included in the prediction of the opener-bound target
mMRNA's secondary structure. The effect of the opener is solely
modeled by excluding the opener-bound nucleotides in the target
mRNA from internal base pairing.

The binding-site accessibility of an mRNA with an opener hybrid-
ized at mRNA sequence position n p(ssNNUUNNUUU | opener,) was
calculated for all (lengthy,ge—length,,e,e+1) possible opener posi-
tions by using the above-described algorithm, additionally con-
straining the opener-bound nucleotides in the target mRNA to be
single stranded. The opener length was arbitrarily set to 20 nucleo-
tides. Opener positions at which the binding-site accessibility was
locally maximized were finally selected for experimental testing.
The described approach can be generalized for the prediction of
reverse complementary oligonucleotides that favor any RNA secon-
dary-structure element in the ensemble.

Preparation and stimulation of cells: Human peripheral blood
monocyte cells (PBMC) were isolated from heparinized blood by
Ficoll-Hypaque centrifugation, washed with PBS containing bovine
serum albumin (BSA, 15% w/v), resuspended at 2x10°mL™" in
RPMI1640 (Gibco/BRL) supplemented with heat-inactivated fetal
calf serum (10% v/v), L-glutamine (2mm), streptomycin
(100 pgmL™"), and penicillin (100 umL™"), and incubated in a 37°C
CO, incubator. PBMC were stimulated for 4 h with phorbol 12-myr-
istate 13-acetate (PMA, 25 ngmL~", Sigma-Aldrich) and anti-CD3
mAb (TugmL™", Pharmingen) in the absence and presence of anti-
CD28 mAb (TugmL~', Pharmingen).

Co-immuneprecipitation of HUR-mRNA complexes: For each im-
muneprecipitation, 5x 10° nonstimulated cells were washed with
PBS/BSA and lysed at 4°C in hypotonic buffer (100 pL, Tris/Cl
(10 mm) pH 7.5, NaCl (10mm), EDTA (10mwm), protease inhibitor
(Complete Mini EDTA-free Protease Inhibitor Cocktail, Roche; 3 tab-
lets per 50 mL lysis buffer) and Nonidet-P-40 (0.5% v/v)). RNAsin
(0.4 umL™", Promega) and Superasin (0.2umL™1, Ambion) were
added to inhibit unspecific RNA degradation. The lysates were cen-
trifuged at 4°C for 4 min at 15000x g to pellet nuclei. The cleared
lysates were incubated for 5 min with anti-HUR mAb (5 ugmL™',
19F12, Molecular Probes) at 4°C in the presence and absence of
opener or negative-control oligonucleotides Op,, Op,, or Neg (at
2.5 or 10 um). After addition of biotinylated anti-mouse IgG mAb
(10 pgmL™1, Amersham Pharmacia), the immune complexes were
captured on streptavidin sepharose beads (Amersham Pharmacia).
The beads were washed thoroughly with lysis buffer. HuR and the
complexed mRNA were eluted under acidic conditions (Glycin/HCl
(50mm, pH 2.5), NaCl (50 mm), prewarmed to 95°C). The eluates
were passed by centrifugation through BioSpin gel filtration col-
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umns (BioRad), pre-equilibrated with H,O. Co-precipitated RNA was
quantified by real-time RT-PCR.

mRNA decay: 5x10° stimulated PBMC were lysed in lysis buffer
(250 L) as described above, in the presence or absence of opener
or negative-control oligonucleotides Op,, Op,, Op; Neg (at 10, 25,
or 40 um). For neutralization studies, a monoclonal antibody specif-
ically recognizing HuR (19F12, Molecular Probes) was added to the
lysates to a final concentration of 30 ugmL~'. mRNA degradation
was initiated in the cleared lysates by addition of MgCl, (net con-
centration of 5 mm free Mg*). The degradation reaction proceed-
ed at room temperature and was stopped after various time points
between 2 and 70 min incubation (50 pL aliquots for each time
point) by addition of EDTA and guanidinium isothiocyanate-con-
taining buffer (Qiagen). RNA was isolated by using the RNeasy
Miniprep RNA isolation kit (Qiagen) according to the manufactur-
er's protocol, with DNAse | treatment for the elimination of residual
DNA.

Quantitative real-time RT-PCR: RNA was reverse transcribed to
cDNA with the TagMan RT-PCR reagents (Applied Biosystems) and
random hexamers for priming by following standard protocols.
Control reactions for genomic DNA contamination were performed
without addition of reverse transcriptase. Quantitative RT-PCR was
performed with SYBR Green detection on an ABI7700 instrument
(Applied Biosystems) with the following primers: IL-2 mRNA: for-
ward: 5'-TCACCAGGATGCTCACATTTAAGTT-3’; reverse: 5'-GGAGTTT-
GAGTTCTTCTTCTAGACACTGA-3'; TNFo. mRNA: forward: 5'-
AGGCGGTGCTTGTTCCTC-3;  reverse: 5-GTTCGAGAAGATGATCT-
GACTGCC-3’; IL-13 mRNA: forward: 5'-GTACCTGAGCTCGCCAGTGA-
3'; reverse: 5-TCGGAGATTCGTAGCTGGATG-3' (Primers were a gift
from F. Kalthoff, Novartis Institute for Biomedical Research Vienna).
EF-1a. was used as endogenous control (primers: forward 5'-
TTTGAGACCAGCAAGTACTATGTGACT-3, reverse 5-TCAGCCTGA-
GATGTCCCTGTAA-3). The AACt method was used for relative
quantification of IL-2 mRNA levels (as described in, for example,
ref. [66]) with in vitro transcribed IL-2 mRNA for calibration. All pre-
sented data are averages of at least five identical independent
samples and representative of at least two independent experi-
ments with cells from independent donors.
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Synthesis of GTP-Derived Ras Ligands

Laurent Soulére,” Courtney Aldrich, Oliver Daumke,™ Robert Gail,"*’
Lars Kissau,””! Alfred Wittinghofer,*® and Herbert Waldmann*® 9

A practical and convenient method for the synthesis of acid- and
base-sensitive GTP analogues carrying a further substituent at
the terminal phosphate has been developed. Key to the successful
synthesis of these potential ligands of the Ras protein is the use
of Pd’-sensitive allyl protecting groups in a one-pot synthesis

Introduction

GTP-binding proteins play major roles in signal transduction
pathways that control cellular processes such as differentiation
and proliferation." In particular, proteins of the Ras superfamily
act as molecular switches cycling between an inactive GDP-
bound and an activated GTP-bound state. Ras proteins possess
an intrinsic GTPase activity that is stimulated by GTPase-acti-
vating proteins (GAPs).”) Impaired GTPase activity is typical for
mutants of the Ras protein, which remain activated (that is,
GTP-bound) and contribute to malignant transformation in
approximately 30% of all human tumours.”

The development of small molecules that interfere with the
transforming activity of Ras is of major interest to chemical bi-
ology and medicinal chemistry.” While approaches aiming at
this goal have primarily focused on the inhibition of Ras farne-
sylation or inhibiting the interaction of Ras with its down-
stream effector Raf, very recently the development of mole-
cules that bind to oncogenic Ras and induce hydrolysis of GTP
to GDP was suggested as a new principle for Ras deactiva-
tion.”® Specifically, diaminobenzophenone-GTP (DABP-GTP)
was found to undergo aminolysis to give GDP when bound to
oncogenic Ras (Scheme 1). This indicates that small-molecule
deactivators of Ras might indeed be developed. However,

o
N
NH
0 o o o (fﬁ\
H b7
N-P£0-P-0-P-0 N7 NTONH,
SASURR R
OH OH
DABP-GTP
| 0
o N NH
H o o < |l
N A
N O o O %
H
OH OH

Scheme 1. Cleavage of Ras-bound DABP-GTP through intramolecular aminoly-
sis.

1448 © 2004 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim

that avoids evaporation steps. Initial biochemical analysis of a
representative compound revealed that such GTP analogues can
bind to Ras and might open up the possibility of developing
small molecules that can act as deactivators of oncogenic Ras.

DABP-GTP is not a suitable lead structure for the development
of Ras-deactivating compounds, since its affinity for Ras is 400-
fold lower than the affinity for the native ligand GTP and since
it does not activate water to induce hydrolysis (as one would
expect from an externally supplied Ras deactivator) but rather
attacks the terminal phosphoric acid amide intramolecularly to
form GDP (Scheme 1).

Thus, in order to delineate structure parameters for the de-
velopment of suitable candidate compounds, we embarked on
the synthesis of DABP-GTP analogues that 1) bind to Ras,
2) do not undergo spontaneous or Ras-catalysed intramolecu-
lar aminolysis and 3) leave room for the subsequent introduc-
tion of functional groups that might induce GTP cleavage or
binding to the surface of Ras close to the GTP-binding site.

Here we describe the development of a method for the flexi-
ble synthesis of such GTP derivatives and the preliminary in-
vestigation of three DABP analogues resulting in the identifica-
tion of one compound that fulfils the criteria given above.

Results and Discussion
Synthesis

The synthesis of modified nucleotide triphosphates related to
DABP-GTP is challenging, since these compounds are unstable
under both acidic and basic conditions; this calls for the appli-
cation of synthesis methods that proceed under very mild con-
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ditions.”” We envisioned that the synthesis of target com-
pounds 14-16 could be achieved by employing allylic protect-
ing groups,"” which can be cleaved selectively under weakly
acidic or basic conditions for the construction of the function-
alised triphosphate core. To this end, the phosphate building
blocks 8 and 9 were synthesised from commercially available
3-hydroxybenzoic- (1) and 4-amino-3-hydroxybenzoic acid (2),
respectively (Scheme 2). Both acids were protected in high

HO, HO
a), b)
R COOH —> R COOMe

1R=H 3R=H
2R =NH, 4R =NH,
5 R = NHAlloc
0.0 2BuNH Et0 %
P P
07 "o EtO” "0
d)
R COOMe = R COOMe
8R=H 6R=H
9 R = NHAlloc 7 R = NHAlloc
?
-P-0O
OH oN .
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Scheme 2. Synthesis of phosphate and phosphonate building blocks 8, 9, 11
and 13. a) 3-hydroxybenzoic acid (1) or 4-amino-3-hydroxybenzoic acid (2),
SOCl,, MeOH, RT, 3 h, 97% (3), 93% (4); b) 4, allyl chloroformate, pyridine, THF,
RT, 1 h 30, 45% (5); c) 3 or 5, I, P(OEt);, DMAP, CH,Cl,, 0°C—RT, 1 h, 96 % (6)
or 88% (7); d) 6 or 7, (CH,);SiBr, RT, 18 h, 79% (8) or 72 h, 90% (9); e) I,
P(OEt);, DMAR, CH,Cl,, 0°C—RT, 1 h, 82%; f) (CH;);SiBr, RT, 18 h, 70%; g) L-glu-
tamic acid, SOCl,, AllOH, 4, 3 h, 57 %; h) diethylphosphonoacetic acid, benzo-
triazol-1-yl-N-tetramethyluronium hexafluorophosphate (HBTU), diisopropyl-
ethylamine (DIEA), DMF, RT, 6 h, 41 %; i) (CH,),SiBr, RT, 18 h, 98 %.
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yield as methyl esters by treatment with thionyl chloride in
methanol. In the case of the 4-amino-3-hydroxybenzoic acid,
the amino group was additionally protected with an allyloxy-
carbonyl (Alloc) protecting group under established conditions.
The two masked phenol derivatives 3 and 5 were then phos-
phorylated with iodophosphate diethyl ester formed in situ by
using iodine and triethylphosphite. In deviation from this
method, initially described by Stowell et al.,"" we employed
N,N-dimethylaminopyridine (DMAP) instead of pyridine as base
to prevent the formation of iodic acid and to activate the
phenol groups. The reaction efficiently yielded the phosphory-
lated compounds 6 and 7 with 96% and 88 % yield, respective-
ly. Both were deprotected by treatment with trimethylsilyl bro-
mide and subsequent hydrolysis. The resulting phosphates
were converted to the tributylammonium salts 8 and 9 to in-
crease their solubility in organic solvents. The salicylic acid-de-
rived phosphate building block 11 was synthesised by employ-
ing a similar sequence (Scheme 2). Allyl ester 10 was obtained
from the acid by treatment with thionyl chloride in allyl alco-
hol. The L-glutamic acid derived phosphonate building block
13 was prepared starting from the corresponding amino acid
by protection as a bisallyl ester and subsequent coupling to di-
ethylphosphonoacetic acid (Scheme 2). Deprotection of the
phosphonate was achieved as described above, and the result-
ing phosphonate was converted into the monobutylammoni-
um salt 13.

Building blocks 8, 9, 11 and 13 were subjected to coupling
with GDP by employing imidazolyl-GDP as activated reagent in
N,N-dimethylformamide as solvent. To this end, GDP was con-
verted to the tributylammonium salt by using a DOWEX
50WX2-100 ion-exchange resin and tributylamine and then ac-
tivated with 1,1-carbonyldiimidazole."”? The initial coupling
products were not isolated but rather the allylic protecting
groups were removed directly in a convenient one-pot Pd°-
mediated deallylation procedure in the presence of a dimethyl-
amine-borane complex (Scheme 3)."¥ The efficiency of this de-
protection and thereby the success of the subsequent product
isolation critically depends on the choice of the allyl-cation
trapping nucleophile. As a preliminary experiment to evaluate
the relative efficiency of several scavengers, we monitored the
Alloc removal using RP-C18 HPLC analysis for the phosphate
building block 7, which was taken as reference compound (see
the Experimental Section). This study revealed that the depro-
tection is quantitative and complete within 10 minutes when
using the dimethylamine-borane complex, whereas 80% yield
was obtained within the same reaction time if N-methyl aniline
or morpholine were employed. No improvement was observed
after an hour. N,N'-dimethyl barbituric acid was found to be
less potent than the amine-borane complex but more efficient
than N-methyl aniline and morphline, with 75% conversion
after 10 minutes and up to 90% after an hour. Due to the effi-
ciency of the deprotection reaction with the amine-borane
complex, a one-pot procedure could be developed that gave
access to compounds 14-16 in pure form after one simple
ion-exchange chromatography step. Attempts to isolate the
products after evaporation of the solvent led to extensive de-
composition of the triphosphates. This problem could be over-
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Scheme 3. Synthesis of GTP derivatives 14-16. a) imidazolyl-GDP, DMF, 50°C,
24 h; Pd(PPh),, Me,N-BH;, DMF, RT, 1 h, 39% (14); 47 % (15); 26 % (16). Note:
compound 11 did not provide the expected phosphoester derivative.

come by means of a precipitation/centrifugation step. Finally,
compounds 14, 15 and 16 were isolated with acceptable
yields ranging from 26% to 47%. Unexpectedly, the phos-
phoester derivative derived from 2-hydroxybenzoic acid turned
out to be very unstable and could not be isolated (compound
shown in brackets in Scheme 3). Rather, the corresponding
phosphate building block 11 and GDP were recovered by ion-
exchange chromatography and characterised by using
3P NMR. In order to ensure that the initial coupling was suc-
cessful and to confirm the instability of this compound, we
prepared and purified the corresponding protected allyl ester
triphosphate nucleotide in 51 % yield (not shown). Deallylation
attempts led to the same result, that is, decomposition pre-
sumably due to nucleophilic attack of the ortho carboxylate
group on the y-phosphate to give a mixed anhydride that is
then hydrolysed to the deprotected phosphate building block
and GDP. This assumption is in accordance with the results of
previous studies on the hydrolysis mechanism of bis(2-carboxy-
phenyl) phosphate.™

Binding of the GTP analogues to the Y32W Ras mutant

Compound 15 embodies a potentially nucleophilic amino
group ortho to the site of attachment to the GTP core and an
ester para to the amino function. Thus, it is a relatively close
analogue of DABP-GTP although it is not a phosphoramidate.
In order to determine whether this compound is cleaved like
DABP-GTP via intramolecular aminolysis when bound to onco-
genic Ras, its stability in the presence of the Y32W Ras mutant
either in the nucleotide-bound or the nucleotide-free form was
investigated by using fluorescence spectroscopy">'® and RP-
HPLC.' Cleavage of GTP analogues in the presence of this Ras
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mutant, which has been extensively used as a Ras wild-type
reference protein,"® can be monitored by the increase of the
fluorescence intensity of the Y32W Ras mutant, which occurs
as result of the conformational switch from the GTP-bound
state to the GDP-bound state. In the RP-HPLC experiments, ali-
quots taken from an incubation solution of Y32W Ras and GTP
analogues at different time intervals were analysed. Both ana-
lytical methods revealed that compound 15 was stable in the
presence of Y32W Ras. Not only is the compound significantly
more stable than DABP-GTP in the presence of the protein, it
is also stable in the presence of magnesium ions for at least
one day whereas DABP-GTP is fully hydrolysed within 5 hours
under the same conditions.””” This stability in the presence of
the protein might be explained by the inability of compound
15 to bind to the Ras mutant employed. However we charac-
terised the complex between Y32W Ras and compound 15 by
MALDI mass spectrometry (Figure 1). The MALDI-MS spectrum
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Figure 1. Mass spectrometric analysis of complex formation between Y32W Ras
and compound 15. A) MALDI-MS spectrum of the complex between Ras and
the compound 15. B) Magnification of the region of singly charged molecular
ions. C) ESI mass spectrum of compound 15.

of the enzyme alone (not shown) shows the singly charged
molecular ion (21337 Da) and other signals corresponding to
singly charged molecular ions of enzyme adducts with inor-
ganic phosphate. Doubly charged molecular ions (10667 Da)
were also observed. MALDI-MS analysis of the enzyme incubat-
ed with compound 15 shows the same ions and, in addition,
doubly or singly charged molecular ions with masses of 11007
and 22013 Da, respectively, corresponding to the complex
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(Figure 1A and B). The difference between the molecular
masses of the complex and the enzyme is 676 Da, which corre-
sponds within the error of the instrument to the molecular
mass of compound 15 as determined by ESI-MS (Figure 1C).
Considering the accuracy of the MALDI-MS technique for pro-
teins, this result clearly indicates that the complex was formed
and that compound 15 binds to the Ras mutant employed. In
addition, even if the affinity of GTP analogues for Ras is not as
high as the value recorded for the natural ligand itself when
exposed to nucleotide-free Ras, the basic affinity mediated pre-
dominantly by the GTP structure ensures that such compounds
still bind with significant affinity.' Finally, the binding affini-
ties of analogues 14 and 15 to Ras were determined by dis-
placing the fluorescent 2'(3')-O-(N-methylanthraniloyl)-GDP
(mant-GDP) bound to Ras with increasing concentrations and
fitting the data with a three-component binding model
(Figure 2). The fluorescence decrease is saturable where the
final fluorescence reaches the value of free mant-GDP. Compar-
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Figure 2. Ras-bound mant-nucleotide was displaced by addition of the indicat-
ed amounts of either GDP or nucleotide analogues. The observed fluorescence
upon equilibration was fitted as described in the Experimental Section. The
following K, values for the Ras interaction were obtained: GDP: 16 pm, 15:

33 pm, 14: 40 pm.

ison with mant-GDP®” gives equilibrium dissociation constants
of 40 pm for 14 and 33 pm for 15; this indicates that the affini-
ty is similar than that of GDP, which was used as a control
(K3=16 pm). DABP-GTP spontaneously decomposes in the Ras
standard buffer through an aminolysis process, that is, by nu-
cleophilic attack of the ortho amino group on the electrophilic
y-phosphate.”’ The different reactivity of compound 15 might
be due to a lower electrophilic character of the y-phosphate in
solution and in complex with Ras, since DABP-GTP incorpo-
rates a phosphoric acid amide whereas, in 15, the substituent
is linked to GTP via a more stable phosphoric acid ester bond.
In addition, in the case of DABP-GTP, a very stable cyclic phos-
phodiamidate is formed (Scheme 1) that also drives the overall
reaction.

Conclusion

In conclusion we have developed a convenient method for the
synthesis of GTP analogues that makes use of allylic protecting
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groups as the key methodology. While the purpose of our in-
vestigation was focused primarily on the establishment of such
a synthetic method, preliminary biochemical investigation of a
close analogue of the guiding DABP-GTP ligand indicates that,
indeed, compounds may be identified that meet the criteria
raised above. Thus DABP analogue 15 binds to Ras, but does
not undergo undesired cleavage through intramolecular ami-
nolysis in the presence of a Ras mutant; this opens up the pos-
sibility of introducing further substituents either in the aromat-
ic ring or through a carboxylic acid derivative. Such functional
groups or structural units might mediate binding of possible
Ras deactivators derived from DABP-GTP analogues on the
surface of the protein close to the GTP binding site, and they
might serve to induce GTP hydrolysis on oncogenic Ras. The
pronounced sensitivity of the GTP conjugate expected from 11
suggests that, for instance, a carboxylic acid that can act as a
nucleophile may serve this purpose.

Experimental Section

General: Optical rotations were measured with a Perkin-Elmer 241
or 341 polarimeter. TLC was performed on Kieselgel 60F,s, (Merck).
Flash chromatography was performed on silica gel (230-400
mesh). NMR spectra were recorded with a Varian Mercury 400 ma-
chine. The signal of the residual protonated solvent (CDCl; or D,0)
was taken as reference ['H: 0=7.26 (CHCl;) or 4.79 (D,0), °C: 6=
77.0 (CHCL,)]. Mass spectra were recorded on the following spec-
trometers: FAB=Finnigan MAT MS 70 (3-nitrobenzylalcohol (NBA)
as matrix), MALDI-TOF =Perseptive Biosystems Voyager BioSpectr-
ometry Workstation or Voyager-DE Pro BioSpectrometry™ Worksta-
tion (2,5-dihydroxy-benzoic acid (DHB) or sinapinic acid as matrix),
ESI=Finnigan Thermoquest LCQ. Recombinant H-Ras mutants
were expressed from Escherichia coli as described by Tucker
et al.”" Nucleotide-free protein was prepared as previously descri-
bed.“5]

General procedure for the synthesis of methyl or allyl ester de-
rivatives: Thionyl chloride (15 mmol) was added dropwise at 0°C
to a solution of acid derivatives (10 mmol) in methanol or allyl al-
cohol (15 mL). The solution was then stirred at room temperature
(MeOH) or refluxed (AIIOH) for 5 h. The solvent was evaporated,
and the residue was dissolved in EtOAc and washed with a saturat-
ed aqueous solution of NaHCO; and brine. The organic phase was
dried over Na,SO, and evaporated under reduced pressure to give
methyl or allyl ester derivatives.

General procedure for phosphorylation: lodine (2.5 equiv) was
added at 0°C to a solution of triethylphosphite (2.7 equiv) in dry
CH,Cl, (70 mL). After 10 min at 0°C, the solution was allowed to
warm up to room temperature and added dropwise to a solution
of the corresponding benzoic acid ester derivative (1 equiv) and
DMAP (2.5 equiv) in dry CH,Cl, (60 mL) at 0°C. This solution was
stirred at 0°C for 30 min and warmed to room temperature. After
30 min, the solution was washed with water and brine. The organic
layer was dried over Na,SO, and evaporated under reduced pres-
sure. The phosphorylated compounds were purified by flash chro-
matography.

4-Allyloxycarbonylamino-3-(diethoxyphosphoryloxy)benzoic  acid
methyl ester (7) (selected data): orange solid (88%). 'H NMR
(400 MHz, CDCL,): 6=1.27 (td, J=6.8 Hz, Jyp=1.2 Hz, 6H; CH,CH,),
3.79 (s, 3H; OCH,), 4.11-4.21 (m, 4H; CH,CH,), 4.59 (dt, J=5.6,
1.6Hz, 2H; OCH,CHCH,), 5.17 (dg, J=104, 1.6Hz 1H;
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OCH,CHCH,), 5.28 (dq, J=17.2, 1.6 Hz, 1H; OCH,CHCH,), 5.87 (tdd,
J=5.6 Hz, J=17.2 and J=10.4 Hz, 1H; OCH,CHCH,), 7.70 (s, TH;
NH), 7.76 (dd, /=8.4, 1.2 Hz, 1H; H6-Ar), 7.81 (dd, J=Jyp,=1.2 Hz,
1H; H2-Ar), 813 (d, J=84Hz, 1H; H5-Ar); *CNMR (100 MHz,
CDCly): =159 (d, Jcp=6.9 Hz, —CH,CH,), 51.9 (—OCH,), 65.1 (d,
Jep=5.8Hz, —CH,CH5), 66.0 (CH,, allyl), 118.1 (=CH,), 119.1 (C2-Ar),
121.2 (C5-Ar), 124.5 (C1-Ar), 127.0 (C6-Ar), 131.7 (CH=CH,), 133.9 (d,
Jep=5.6 Hz, C4-Ar), 138.4 (d, Jc,=6.6 Hz, C3-Ar), 152.3 (C=0), 165.3
(C=0, ester); *'P NMR (160 MHz, CDCl,): 6 =—4.3; HR-MS (FAB-MS):
m/z: calcd for C;4H,,NOgP: 388.1161 [M+H]™; found: 388.1150.

General procedure for phosphate deprotection: A solution of the
protected phosphate in trimethylsilyl bromide (8 equiv) was stirred
for 72 h. The trimethylsilyl bromide was evaporated under reduced
pressure. The residue was dissolved in Et,0 and extracted with
water. Tributylamine (10 equiv) was then added, and the solution
was stirred for 5 min and decanted. The aqueous layer was lyophi-
lised to give the phosphate building blocks.

4-Allyloxycarbonylamino-3-phosphonooxy-benzoic  acid  methyl
ester, bis(tributylammonium) salt (9) (selected data): yellow oil
(90%). 'HNMR (400 MHz, CDCl,): 6=0.87 (t, J=7.2Hz, 18H;
nBUCH,), 1.21-1.30 (m, 12H; —CH,CH,CH,CH.); 1.48-1.56 (m, 12H;
—CH,CH,CH,CH,), 2.67-2.71 (m, 12H; —CH,CH,CH,CHs), 3.80 (s, 3H;
OCH,), 4.59 (dt, J=5.6, 1.6 Hz, 2H; OCH,CHCH,), 5.18 (dq, J=10.4,
1.6Hz, 1H; OCH,CHCH,), 532 (dg, J=172, 16Hz 1H;
OCH,CHCH,), 5.87 (tdd, J=5.6, 17.2, 10.4 Hz, 1H; OCH,CHCH,), 6.10
(br, 2H; Bu;NH*), 7.67 (dd, J=8.4, 1.2 Hz, 1H; H6-Ar), 7.89 (dd, J=
Jup=1.2Hz, 1H; H2-Ar), 8.07 (d, J=8.4 Hz, TH; H5-Ar), 9.63 (s, TH;
NH); "CNMR (100 MHz, CDCl;): 6=13.8 (nBuCH,), 203
(—CH,CH,CH,CH,), 25.6 (—CH,CH,CH,CH;), 51.6 (OCH,), 51.7
(—CH,CH,CH,CH;), 65.6 (CH,, allyl), 117.8 (=CH,), 118.7 (C2-Ar), 122.9
(C5-Ar), 124.0 (C6-Ar), 124.7 (C1-Ar), 132.4 (CH=CH,), 135.8 (d, Jcp=
3 Hz, C4-Ar), 142.8 (d, J.,=6.7 Hz, C3-Ar), 153.3 (C=0), 166.5 (C=0,
ester); *'P NMR (160 MHz, CDCl;): 6 =—0.5; MALDI-MS (DHB): m/z:
354 [M+Na]™*.

General procedure for the synthesis of substituted GTP ana-
logues: GDP disodium salt (0.5 g, 1.026 mmol) was converted to
GDP tri-n-butylammonium salt by using DOWEX 50WX2-100 ion-
exchange resin (159). N,N-Carbonyl diimidazole (CDI; 0.04 g,
0.25 mmol, 5 equiv) was added to a solution of GDP tri-n-butylam-
monium salt (0.05 g, 0.05 mmol, 1 equiv) in DMF (2 mL). The solu-
tion was stirred at room temperature for 6 h, and methanol
(0.0064 g, 0.2 mmol, 4 equiv) was added to quench the excess of
CDI. The solution was then stirred for 30 min at room temperature
and an additional 30 min under vacuum. The resulting solution
was added to a solution of the phosphate building block (9;
0.07 g, 0.1 mmol, 2 equiv) in DMF (1 mL). After 24 h at 50°C, the
solution was cooled to room temperature and purged with argon.
Tetrakis(triphenyl phosphine)palladium (0.011 g, 9.5 umol, 0.2
equiv) and the dimethylamino-borane complex (0.147 g, 2.5 mmol,
50 equiv) were added consecutively. After 1 h, cold diethyl ether
(50 mL) was added, and the precipitated residue was collected by
centrifugation. The white solid was dissolved in water. The solution
was centrifuged to remove insoluble material and was then loaded
on a Q sepharose column. The desired compound was eluted with
a stepping gradient of an ammonium carbonate buffer from
0.025m to 0.6M in 0.025 increments (pH 8, fraction volume of
10 mL). Appropriate fractions (UV analysis) were pooled and lyophi-
lised to give the substituted GTP derivate.

(3-Hydroxybenzoic acid methyl ester) guanosine 5'-triphosphate,
triammonium salt (14): white solid (39%).[a]?=—13° (c=0.1 in
H,0); "H NMR (400 MHz, D,0): 6=3.85 (s, 3H; —OCH,), 4.19-4.30
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(m, 3H; Hg, H,), 444 (t, J=45Hz, 1H; H;), 455 (t, J=4Hz, 1H;
H,), 5.78 (d, J=4Hz, 1H; H,), 7.30-7.34 (m, 1H; H-Ar), 7.41-7.43
m, 1H; H-Ar), 7.53-7.59 (m, 2H; H-Ar), 8.07 (s, 1H; H8); *C NMR
100 MHz, D,0): 6=53.9 (~OCH,), 66.1 (d, J.,=>5.3 Hz, Cs), 71.0
C,), 75.2 (C,), 844 (d, Jo,=6.1Hz, C,), 88.8 (C,), 115.8 (C5), 122.1
d, Jop=>5.2 Hz, C2-Ar), 125.8 (C6-Ar), 126.5 (d, J.p=3.1 Hz, C4-Ar),
130.8 (C5-Ar), 131.4 (C1-Ar), 137.9 (C8), 152.5 (C4), 154.7 (C2), 158.7
(C6), 1589 (d, Jop=4.4Hz, C3-Ar), 169.0 (C=0, ester); *'P NMR
(160 MHz, D,0): 6=-9.1 (d, J=185Hz, 1P; yP), —14 (d, J=
19.5Hz, 1P; aP), —21.0 (t, J=19Hz, 1P; BP); ESI-MS: m/z: 658
[M+H]*; RP-C18 HPLC (100 mm K,HPO,/KH,PO, (pH 6.5), 10 mm
tetrabutylammonium bromide, 16.5% acetonitrile): t;=4.17 min.

(
(
(
(

(4-Amino-3-hydroxybenzoic acid methyl ester) guanosine 5'-tri-
phosphate, triammonium salt (15): White solid (0.017 g, 47 %).
[a]?’=—27° (c=0.072 in H,0); 'H NMR (400 MHz, D,0): §=3.79 (s,
3H; —OCH,), 4.19-4.31 (m, 3H; Hg, H,), 444 (t, J=4Hz, 1H; H,),
452 (t, J=4Hz, 1H; H,), 5.77 (d, J=4 Hz, 1H; H,), 6.73 (dd, /=84,
2.8 Hz, 1H; H-Ar), 7.37 (m, 1H; H-Ar), 7.57 (m, 1H; H-Ar), 8.18 (s,
1H; H8); 3*C NMR (100 MHz, D,0): 6 =52.6 (—OCH,), 64.9 (d, Jc,=
5.5 Hz, C;), 69.8 (C;), 74.4 (C,), 83.3 (d, J.,=4.8 Hz, C,), 88.1 (C,),
113.9 (C5), 116.1 (C2-Ar), 118.8 (C5-Ar), 121.4 (C6-Ar), 126.9 (C1-Ar),
136.6 (C8), 138.5 (d, J.,=6.9 Hz, C3-Ar), 142.9 (C4-Ar), 150.3 (C4)
153.9 (C2), 157.3(C8), 168,4 (C=0, ester); *'P NMR (160 MHz, D,0):
0=-10.0 (d, J=17.4Hz, 1P; yP), —13.9 (d, J=17.6 Hz, 1P; aP),
—21.5 (br, 1P; BP); ESI-MS: m/z: 673 [M+H]*; RP-C18 HPLC
(100 mm  K,HPO,/KH,PO, (pH 6.5), 10 mm tetrabutylammonium
bromide, 16.5% acetonitrile): t;=4.39 min.

'

(L-glutamic acid) triphosphate nucleotide derivative, triammonium
salt (16): white solid (26%). [a]2’=—14° (c=0.1 in H,0); 'H NMR
(400 MHz, D,0): 6=1.96-2.05 (m, 1H; Hp), 2.15-2.24 (m, 1H; Hp),
2.54 (t, J=7.4Hz, 2H; Hy), 298 (d, /=21 Hz, 2H; CH,P), 4.15-4.34
(m, 3H; Hy, Hy), 441-4-46 (m, 1H; H;), 4.54 (t, J=4.4Hz, 1H; H,),
4.74 (t, J=4.8 Hz, 1H; Ha), 5.98 (d, J=4.5Hz, 1H; H,), 8.23 (s, 1H;
H8); *C NMR (100 MHz, D,0): §=26.7 and 30.9 (CB and Cy), 38.0
(d, Jep=125 Hz, CH,P), 53.3 (Ca), 64.5 (d, Jop,=5.5 Hz, C5), 70.4 (C3),
74.2 (C,), 84.0 (d, J.,=4.8 Hz, C,), 87.7 (C;), 114.7 (C5), 137.3 (C8),
151.3 (C4), 154.2 (C2), 158.0 (C6), 171.1 (C=0O, amide), 176.1 and
177.6 (C=0, acid); *'P NMR (160 MHz, D,0): 6=7.4 (d, J=24 Hz, 1P;
YP), —9.9 (d, J=18 Hz, 1P; aP), —21.5 (t, J=20 Hz, 1P; 3P); ESI-MS:
m/z: 695 [M+H]*; RP-C18 HPLC (100 mm K,HPO,/KH,PO, (pH 6.5),
10 mm tetrabutylammonium bromide, 16.5% acetonitrile): tz=
2.77 min.

Monitoring of the Alloc removal by RP-C18 HPLC: The scavenger
(N-methyl aniline, morpholine, barbituric acid or (CH5),NH-BH,, 20
equiv) was added to a solution of 7 (5mg, 12.9 umol) and
Pd(PPh;), (1.49 mg, 1.29 umol) in THF (250 pL). At different time
points, aliquots (25 uL) were taken and evaporated under high
vacuum. The mixture was dissolved in acetonitrile (1 mL) and ana-
lysed by RP-C18 HPLC (injection volume=5 plL, column: Macherey
Nagel Nucleodur® C18 Garavity 3um CC 125/4, flow rate=
1 mLmin~', Solvent A: 0.1% TFA in water, B: acetonitrile, linear gra-
dient: 20% to 100% B in 10 min). Compound 7: t;=7.44 min; de-
protected: t;=5.81 min.

Ras-GTPase assays: RP-C18 HPLC experiments: GTP analogues
(50 um) were incubated at 30°C with or without nucleotide-free
Y32W Ras (67.7 um) in the Ras standard buffer (30 mm Tris/HCI
(pH 7.5), 3 mm dithioerythritol, 5 mm MgCl,). Sodium orthovana-
date (1 mm) was added as inhibitor of possible phosphatase con-
taminations of the Ras proteins."™ Aliquots taken at different time
points were quickly analysed by HPLC on an ODS-Hypersil C18
column (5 um bead size, 0.46 x 25 cm, Beckman/USA) under isocrat-

ChemBioChem 2004, 5, 1448 - 1453



www.chembiochem.org



Synthesis of GTP-Derived Ras Ligands

ic conditions (100 mm K,HPO,/KH,PO, (pH 6.5), 10 mm tetrabuty-
lammonium bromide, 16.5% acetonitrile, flow rate 1.8 mLmin~").??
From the peak areas, the stability of GTP analogues was deter-
mined in the absence or the presence of the enzyme.

Fluorescence spectroscopy: hydrolysis of GTP analogues (1 um)
was monitored on a LS50B Perkin—-Elmer spectrofluorometer with
Y32W Ras (1 pum) in the standard buffer (excitation: 295 nm, emis-
sion: 350 nm).

Mass spectrometry: MALDI-MS analyses were performed on a so-
lution of Y32W Ras (1 um) and compound 15 (1 um) in the stan-
dard buffer (1 pL) diluted with the matrix (sinapinic acid solution,
1 pb).

K, determination: The standard buffer for all reactions was Tris
(pH 7.5, 30mm), MgCl, (5mm) and dithioerythritol (3 mwm).
Ras(Y32W) was loaded with mant-GDP by incubating the nucleo-
tide-free protein™ with an excess of the nucleotide. Unbound nu-
cleotide was removed by size-exclusion chromatography on a
NAP5 column (Amersham-Pharmacia, Freiburg). A 500 uL reaction
containing Ras(Y32W)-mant-GDP (1 um) and His-tagged exchange
factor SOS (amino acids 549-1049; 2 pm) was analysed at 20°C in
a FluoroMax Il fluorescence spectrometer (excitation wavelength
366 nm, measured emission at 450 nm). Ras-bound mant nucleo-
tide was displaced by increasing concentrations of nucleotide
(GDP, 14, 15), and the reaction was followed by the decrease in
fluorescence. K, values for the nucleotide were determined with
the program Scientist (MicroMath, Salt Lake City, USA) by fitting
the obtained fluorescence transients to a competitive three-com-
ponent binding model. (Independent variable: [compound],,,,; de-
pendent variables: [Raslqe., [Mant-GDPl;.., [compoundls., [Ras*-
mant-GDP], [Ras*compound], fluorescence; free parameters:
K4(Ras*compound), fixed parameters: K;(Ras*mant-GDP), [Ras]a
[mant-GDP],., fluorescence (mant-GDPg..), fluorescence (Ras*-
mant-GDP); square brackets denote concentrations. Ras binds
either mant-GDP or the compound according to the law of mass
action, but not both molecules simultaneously. The K (Ras*mant-
GDP) value used was 13 pm.”%
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Directing Flux in Glycan
Biosynthetic Pathways with
a Small Molecule Switch

Jennifer J. Kohler,” Jennifer L. Czlapinski,”’

Scott T. Laughlin,® Michael W. Schelle,™
Christopher L. de Graffenried,” < and Carolyn
R. Bertozzi*® "

The diverse array of complex glycans displayed on
the surface of mammalian cells is synthesized by the
coordinate action of Golgi-resident glycosyltransfer-
ases. Deciphering glycosyltransferases’ relative contri-
butions in oligosaccharide biosynthesis is complicat-
ed by their functional redundancy and the embryon-
ic lethality of gene knock-outs. While the in vitro ac-
tivities and specificities of certain glycosyltransferases
have been delineated, cellular activity of these en-
zymes is often more limited. Localization of glycosyl-

. . . . COs
5;0
. HO-{WQ OR
transferases to partlcular Subcompartments of the AcHMN OH

Golgi complex is one mechanism for their restricted
cellular activity.

Taking advantage of the critical role of Golgi locali-
zation, we previously reported a general method for
small-molecule control of glycosyltransferase activity
in cells! This method (Scheme 1A) does not
demand the synthesis of bioavailable active-site in-
hibitors; rather, it takes advantage of the modularity
of glycosyltransferases’ localization (Loc) and catalytic
(Cat) domains.*® The two domains are expressed as
separate polypeptides, each fused to a rapamycin-
binding protein, either FKBP or FRB. In the absence of rapamy-
cin, the catalytic domain fails to localize to the Golgi and, con-
sequently, is unable to access its normal substrates. Therefore,
no product is observed. The addition of rapamycin induces
heterodimerization of the localization and catalytic domains,
reconstituting the enzyme and restoring activity. In these ex-
periments, we use the T2098L mutant of FRB, which is suscep-
tible to degradation in the absence of rapamycin.”! The activity
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Scheme 1. Directing biosynthetic traffic by small-molecule activation of FUT1. A) Schematic
representation of the method by which rapamycin activates FUT1, which results in cell-sur-
face expression of FUT1’s product. B) Terminal 3-linked galactose is a substrate for four dif-
ferent families of glycosyltransferases: a-1,2-fucosyltransferases, a-1,3-galactosyltransferases,
a-2,3-sialyltransferases, and a-2,6-sialyltransferases. The relative activities and localization
of these enzymes determines the biosynthetic flux toward possible final glycans. H antigen
(Fuca1,2Gal) can be detected with Ulex europaeus lectin 1 (UEA) while aGal (Gala1,3Gal) is
recognized by isolectin B, from Bandeiraea simplicifolia (1B4).

increase that we observe with addition of rapamycin may be
due in part to rapamycin-induced stabilization of FRB-contain-
ing constructs.

Here we apply the small-molecule method to direct flux
through the biosynthetic pathways that determine the ulti-
mate fate of glycans terminating in 3-linked galactose (Scheme
1B). Fucosyltransferase 1®' (FUT1) catalyzes the transfer of
fucose to the 2-position of terminal f-linked galactose; this
generates Fucal,2Gal, also known as H antigen. Terminal f3-
linked galactose is also a substrate for a variety of other Golgi-
resident glycosyltransferases, including a-1,3-galactosyltransfer-
ases, 0-2,3-sialyltransferases, and a-2,6-sialyltransferases.”
Modification of galactose by any of these other enzymes pre-
cludes the production of H antigen. In any particular glycan,
the observed modification of galactose will depend on the set
of glycosyltransferases expressed in that cell type and their lo-
calization within the Golgi to sites proximal to enzymes re-
sponsible for generating terminal galactose substrate. Thus,
modulation of FUT1 activity effectively directs glycan biosyn-
thetic traffic toward, or away from, production of H antigen.

Competition between FUT1 and a-1,3-galactosyltransferase
(GGTAT1) for GalP1,4GIcNAc (LacNAc) is of particular interest in
the area of xenotransplantation. The action of GGTA1 on galac-
tose generates a structure (Gala1,3Gal) known as oaGal
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(Scheme 1B). This structure is present in porcine and other
nonprimate mammals, but absent in humans due to their lack
of a functional a-1,3-galactosyltransferase.” As a result, pig
organs transplanted into humans are subject to attack by an
anti-aGal immune response.®” Expression of FUT1 in porcine
tissue has been postulated as a mechanism for circumventing
this problem: FUT1 can usurp the terminal galactose-contain-
ing substrate and convert it to H antigen, a normal blood-
group antigen found in almost all humans."*™

In this report, we converted FUT1 into two constructs that
encode a rapamycin-inducible pair of proteins. The small-mole-
cule-controlled FUT1 engaged in the same competition with
GGTA1 as wild-type FUT1 does. We also show that heterolo-
gous localization domains can be used to retain the FUT1 cata-
lytic domain within the Golgi, where it has the potential to be
active on various pools of terminal galactose.

To identify the localization and catalytic domains of human
FUT1, we performed a sequence alignment of eleven a-1,2-fu-
cosyltransferases from various species (See Figure S1 in the
Supporting Information). These enzymes are highly homolo-
gous in their C-terminal catalytic domains but diverge in the
N-terminal regions. Based on similarities among these en-
zymes, we chose to define amino acids 1-66 of FUT1 as its lo-
calization domain and amino acids 58-365 as the catalytic
domain. In previous experiments with another fucosyltransfer-
ase," we found that attachment of one copy of FKBP to the lo-
calization domain and three copies of FRB to the catalytic
domain yielded the most rapamycin-responsive proteins. We
prepared plasmids that encode analogous constructs—Loc-
FKBP and 3XFRB-Cat—based on FUT1. (We also prepared the
1XFRB-Cat plasmid based on FUT1, but found it to be less ef-
fective. See Figure S2 in the Supporting Information.)

Wild-type Chinese hamster ovary (CHO) cells, which lack en-
dogenous a-1,2-fucosyltransferase activity, were transfected
with plasmids that encode the FUT1 domains. The resulting
production of cell-surface H antigen was probed by staining
with a fluorescently labeled lectin that recognizes H antigen
(TRITC-UEA) and quantified by flow-cytometry analysis. Cells
transfected with Loc-FKBP and 3XFRB-Cat showed low levels of
H antigen expression in the absence of rapamycin (Figure 1A).
Addition of rapamycin to these cells caused H antigen expres-
sion to increase to the level observed for cells transfected with
a plasmid that encodes the full-length FUT1 gene. As expect-
ed, rapamycin control of FUT1 activity required the localization
domain; cells transfected with 3XFRB-Cat alone did not show a
rapamycin-induced increase in H antigen expression. Unlike re-
sults observed in our previous experiments with FUT7, here we
observed some background H antigen expression when cata-
lytic domains were expressed in the absence of rapamycin. It is
possible that the FUT1 catalytic domain retains some Golgi-tar-
geting information and that use of a truncated version of this
domain would decrease the background activity.

To test whether rapamycin-inducible FUT1 was also effective
in cells where GGTA1 is present to compete for the same sub-
strate, we produced CHO cells that stably express GGTA1.'”
While wild-type CHO cells lack GGTA1 activity, the GGTA1(+)
CHO cells we generated constitutively express high levels of
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Figure 1. FUTT activity can be controlled with rapamycin. A) wild-type CHO or
B) GGTA1(+)CHO were transfected with the indicated FUT1-derived plasmids,
treated with 0 or 200 nm rapamycin, then probed for H antigen expression. The
mean fluorescence intensity (MFI) of all live cells is plotted. Error bars indicate
the standard deviation of three measurements.

cell-surface aGal (not shown). When GGTA1(+)CHO cells were
transfected with Loc-FKBP and 3XFRB-Cat, they showed rapa-
mycin-inducible cell-surface H antigen expression (Figure 1B).
Rapamycin treatment of GGTA1(4)CHO cells transfected with
only 3XFRB-Cat did not increase H antigen production.

Consistent with the observations of others,"®™ we found
that transfection of GGTA1(4+)CHO cells with the full-length
FUT1 gene both increased H antigen expression and also de-
creased aGal production. A flow cytometry experiment was
performed in which GGTA1(+)CHO cells were transfected with
FUT1 and then stained with a fluorescently labeled lectin that
recognizes aGal (FITC-IB4; Scheme 1B). When compared to
mock transfected cells, FUT1-transfected cells produced lower
levels of aGal (Figure 2 A). GGTA1(4+)CHO were also transfected
with Loc-FKBP and 3XFRB-Cat; for these cells aGal expression
levels depended on rapamycin treatment. As expected, rapa-
mycin-treated cells expressed lower levels of aGal than their
untreated counterparts (Figure 2A). This result indicates that
rapamycin-inducible FUT1 functions analogously to the full-
length FUT1 from which it is derived, similarly engaging in
competition with GGTA1 for substrate. The small molecule can
be used to divert their common substrate toward H antigen
production and away from aGal.

We used immunofluorescence microscopy to determine the
localization of the 3XFRB-Cat protein in cells treated with rapa-
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All five localization domains examined were able to support
160 rapamycin-inducible FUT1 activity both in wild-type (Figure

Loc-FKEP
3XFRB-Cat

maock FUT1 (full length)

3A) and in GGTA1(+)CHO cells (Figure 3B). In all cases, trans-
fected cells displayed lower levels of H antigen expression in
the absence of rapamycin, and increased H antigen production
with addition of rapamycin. Although we observed small differ-
ences in activity among the reconstituted enzymes, all were
within threefold of that produced by the full-length FUT1
enzyme. The differences that we observed might result from
different localization domains’ relative proximity to the sites at

Figure 2. A) H antigen production competes with aGal production. GGTAT(+)
CHO cells were transfected with the indicated plasmids and treated with 0
(open bars) or 200 nm (filled bars) rapamycin, then probed for aGal expression,
which was quantified by flow cytometry. The mean fluorescence intensity (MFI)
of all live cells is plotted. Error bars indicate the standard deviation of three
measurements. B) Rapamycin causes HA-tagged 3XFRB-Cat to be re-

tained in the Golgi complex. Cells were transfected with Loc-FKBP

and 3XFRB-Cat, treated with 200 nm rapamycin, and probed with an- A)
tibodies against HA and giantin. The panels show single sections of a
deconvolved data set. Left, the signal from HA staining shown in
monochrome; center, the signal from giantin staining shown in mono-
chrome; right, three-color overlay with HA staining shown in green,
giantin staining in red, and nuclear DAPI staining shown in blue.
Overlap between giantin and HA staining appears yellow in this
image.

mycin (Figure 2B). Cells were transfected with Loc-
FKBP and 3XFRB-Cat plasmids, treated with rapamycin,
then permeabilized and stained with two antibodies:
one against the HA tag encoded in the 3XFRB-Cat con-
struct and one against a resident marker of the medial
Golgi, giantin. The overlap in the two staining patterns
indicates that the catalytic domain resides in the Golgi
in these cells.

Separating glycosyltransferases into modular localiza-
tion and catalytic genes allows for their facile recombi-
nation. We took advantage of this feature of our
system and tested the ability of a variety of localization
domains to reconstitute FUT1 activity when combined
with the FUT1 3XFRB-Cat chimera. We used localization
domain-FKBP chimeras based on two other glycosyl-
transferases, [-1,2-N-acetylglucosaminyltransferase
(GnTloc-FKBP)™*™ and  a-1,3-fucosyltransferase 7
(FUT7 loc-FKBP),™ and two sulfotransferases, GIcNAc-6-
sulfotransferase 1 (GICNAc6ST1loc-FKBP)™  and
GlcNAc-6-sulfotransferase 2  (GIcNAc6ST2 loc-FKBP).!™!
Each of these localization domain constructs, as well as
the one derived from FUT1 (FUT1loc-FKBP), was trans-
fected into wild-type or GGTA1(4) CHO cells along
with the FUT1-derived 3XFRB-Cat. Previous studies sug-
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m
—

MFI (H antigen) =
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which terminal galactose is synthesized. Alternatively, localiza-
tion domains might vary in their expression levels, stability, or
geometric constraints, all of which could affect their ability to
reconstitute FUT1 activity. (Interestingly, we observed large dif-
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Figure 3. Various localization domains support reconstituted FUT1 activity. A) Wild-type or
B) GGTA1(+) CHO cells were transfected with the indicated plasmids, treated with 0 nm
(open bars) or 200 nm (filled bars) rapamycin, then probed for H antigen expression. The
mean fluorescence intensity (MFI) of all live cells is plotted. Error bars indicate the standard
deviation of three measurements.
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ferences in localization domain expression levels, which do not
seem to correlate with the levels of H antigen production. See
Supporting Information, Figure S3.)

In summary, we have shown that FUT1 can be engineered
for control by a small molecule. Small-molecule control of gly-
cosyltransferase activity allows glycan flux to be effectively re-
directed from one biosynthetic pathway (production of aGal)
to another (production of H antigen). Furthermore, the modu-
larity of this system allows for easy recombination of various
localization and catalytic domains.
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