BIOLOGICAL SOLUTIONS
FOR ENERGY CHALLENGES

INNOVATIVE APPROACHES ALONG UNCONVENTIONAL PATHS

http://DOEGenomeToLife.org/compbio/

Report on the Mathematics Workshop
for the

Genomes to Life Program

U.S. Department of Energy
Gaithersburg, Maryland
March 18-19, 2002

Workshop Organizers
David L. Brown, Lawrence Livermore National Laboratory
John Guckenheimer, Cornell University
Esmond G. Ng, Lawrence Berkeley National Laboratory

Prepared by the Office of Advanced Scientific Computing Research
and
Office of Biological and Environmental Research
of the
U.S. Department of Energy
Office of Science

December 2002






Table of Contents

EXECULIVE SUMMATY ....ooviiiiiiiiiiiciiieieeeeteee ettt v
INErOAUCTION vttt 1
The Mathematics of Genomes t0 Life .......cccccoeviiiiiniiiiiiniicceccecee 3
A Grand Challenge in Computational Biology .........cccecvirieiinininiiininicinicceeeneen 6
Goal 1: Computational Mathematics Required for Identifying and Characterizing the
Molecular Machines of LIfe ..o 9
Goals 2 and 3: Computational Mathematics in Support of Characterizing Gene
Regulatory Networks and Simulating Complex Microbial Communities..................... 12
A WOTKShOP ATIENAECES.......coviieiiiiiiiciiieicceeec et 18
B: WOrkshop Aenda ........ccooovieiiiiiiiiiiicicccte e 20

il






Report on the Mathematics Workshop
for the
Genomes to Life Program

Executive Summary

The Mathematics of Genomes
to Life

On March 18 and 19, 2002, a group of math-
ematical, computational, and biological scien-
tists met in Gaithersburg, Maryland, to identify
long-term mathematics research needs in
biological areas represented by the Genomes
to Life (GTL) program under development by
the U.S. Department of Energy. Several speak-
ers gave overviews of different ways in which
applied and computational mathematics are
expected to play an important role in this
program. The remainder of the workshop was
spent in smaller-group discussions on specific
topics, with the goal of designating key areas
of mathematics research that will contribute to
GTL.

The workshop focused on computational
mathematics techniques to identify and char-
acterize the molecular machines of life and
characterize gene regulatory networks and the

functional repertoire of complex microbial
communities in their natural environments
at the molecular level. Effectively model-
ing these complex biological processes will
require substantial developments in many
areas of computational mathematics
involving discrete, continuous, and stochas-
tic processes. This report summarizes
workshop findings in regard to a broad
range of mathematical and computational
topics and techniques that will be expected
to play a role in the long-term research
program envisioned for GTL. These topics
and techniques include the study of hybrid
systems of differential, discrete, and sto-
chastic equations modeling processes with
multiple spatial and temporal scales;
generalized dynamical systems; statistical
modeling; and processes involving noise
and uncertainty, differential geometry and
topology, graph theory, and mesh genera-
tion, among others.
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enhanced laser dissociation and ionization)
time-of-flight mass spectometry techniques
that are being developed to sequence pro-
teins rapidly from complex mixtures.

Combinatorial techniques have already
found applications in these novel experimen-
tal methodologies. For example, interpreta-
tion of NMR data employs matching in
bipartite graphs to assign peaks to residues.
De novo protein sequencing with mass
spectrometry has employed algorithms for
finding most likely paths in associated graphs.
Both types of experimental data benefit from
fast database searches to find similar patterns
in known molecules.

Statistical analysis. In addition to using
topological and graph-theoretic approaches
to reduce the space of all 3D configurations
of proteins to a lower dimensional space,
statistical methods can be considered as well.
One can employ appropriate data transfor-
mations, data-reduction techniques such as
principal component analysis, and clustering
techniques. This type of dimension reduction
will help to model the microorganism at the
cellular level. In particular, the issue of
selecting the true underlying dimension (e.g.,
the number of clusters) is an important
problem. It is also important to establish
relations between the sequence of a protein
and its structure. For example, there are
many more sequences than structures, which
makes it important to determine what se-
quence components are predictive of the
structure. This corresponds to a regression
problem having thousands of features but
also a high-dimensional outcome. Much work
on methodologies needs be done in this area.

In the characterization of multiprotein
complexes, protein sites that are binding
domains for other proteins and the kind of
structures that allow binding to occur need to

be understood. Sequence data, structural
data, and binding information for all pairs of
proteins are determined experimentally. The
statistical problem is to find the motifs of the
proteins and the properties of their 3D struc-
tures predicting the binding event. However,
there is an additional layer of complexity:
both proteins are provided as sequence data
and structure data, while the outcome is the
single indicator of binding of the proteins.
Multivariate prediction/regression models
might need to incorporate this special cou-
pling of covariates in order to allow an
optimal search for the significant features of
the sequence and structures of the motifs.

Biological experiments generating high-
throughput data (e.g., microarray data) are
subject to experimental noise; repetition of
the same experiment will generate a differ-
ent, but probably similar, data set. It is impor-
tant to design experiments that are the most
informative in answering particular questions
of interest. It is also desirable to be able to
determine an optimal number of times an
experiment might need to be repeated for
sufficient confidence in the answer. In other
words, access to sample size formulas is
needed to provide enough power to detect
enough effects of a certain size. In addition,
each analysis needs to provide precision
estimates and reproducibility measures of
findings in the data. Bootstrapping is a
powerful but compute-intensive statistical
approach that can provide such confidence
measures. The method involves repeatedly
simulating data from an empirical approxi-
mation of the true data-generating distribu-
tion. Given the high-dimensional setting in
biological applications, research is needed to
investigate and refine computational infer-
ence procedures such as bootstrapping and
Monte-Carlo cross-validation for testing,
estimation, and reliability assessment.
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GOALS 2 and 3: Computational Mathematics in Support of
Characterizing Gene Regulatory Networks and Simulating

Complex Microbial Communities

GTL Goals 2 and 3 seek to characterize gene
regulatory networks and also the functional
repertoire of complex microbial communities
in their natural environments at the molecu-
lar level. While these two goals pertain to
biology at very different spatial and temporal
scales, the computational mathematics
required to model and understand the rel-
evant processes have many aspects in com-
mon. In particular, the understanding of
stochastic differential equations and the
development of computational methods for
solving them will play a pivotal role in ac-
complishing both goals. For this reason, we
discuss the two goals together in this section.

Gene regulatory networks govern which
genes are expressed in a cell at any given
time, how much product is made from each
one, and the cell's responses to diverse
environmental cues and intracellular signals.
Mathematical tools must be developed to
discover the architecture, function, and
dynamics of these networks from experimen-
tal data, to make useful computational
models of them, and to solve the systems of
mathematical equations and thus simulate
the behavior of the regulatory networks.
Similarly, complex microbial communities
play an extremely important role in several
of DOE's most distinguishing missions. These
communities catalyze such crucial environ-
mental processes as the recycling of carbon,
nitrogen, and trace elements; the transforma-
tions of contaminants from toxic to benign
forms; and the transformation of reduced and
oxidized forms of carbon. Mathematical
descriptions of microbial communities must
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be developed based either on discrete models
or in terms of (possibly stochastic) differen-
tial equations.

Modeling Gene Regulatory Networks. The
first step in modeling a particular gene
regulatory network is to discover the archi-
tecture and function of the network. The
state of a cell can be characterized by the
concentrations of each of its components (the
DNA, RNA, protein molecules, and
multiprotein molecules). The development of
the cell's state over time can be described by
(1) a causal graph that tells for each molecule
(represented as a node in the graph) which
molecules (i.e., the parents) influence the
molecule (arrows are shown from parent
nodes into this node) and by (2) an actual
parametric description of the functional
relation between each node and its parents.
Directed, weighted edges reflect the influ-
ence of one molecule upon another. In cases
where several molecules collectively influ-
ence another, a hypergraph model is more
appropriate. The structure of these
hypergraphs can be used to understand the
fundamental properties of a regulatory
network, like the rate-limiting step in a
complex cascade of reactions.

Matroids, Petri nets, and polyhedral optimiza-
tion have found applications in understand-
ing the cycle structures in biochemical
pathways such as the Krebs cycle. These
combinatorial techniques can lead to under-
standing in situations where the gene regula-
tory network is not well characterized. They
also can be potentially used to design “what



if” questions to develop metabolically engi-
neered versions of the networks for
bioremediation, manufacture of pharmaceuti-
cals, and related applications.

The model must be developed so that it is
consistent with the observed experimental
data. The challenge is to reconstruct the gene
regulatory network from experimental
measurements on the dynamics of all the
genes. With recent advances in DNA
microarray technology, measurement of
gene-expression levels has become possible
on a genomic scale under various biochemi-
cal and environmental conditions. However,
much remains to be done to improve the
quality of the measurements and to reduce
the cost of these experiments. There is also a
need to develop statistical methods to extract
meaningful information from such noisy data.

Constructing the causal graphs that represent
gene regulatory networks is done through
careful experimentation and painstaking
manual inference. Automatic or semiauto-
matic methods for inferring the architecture
of regulatory networks will be required in the
future. One proposed method uses hierarchi-
cal clustering algorithms. Unfortunately, the
sensitivity of this approach to noise is not
understood, and, in addition, only the correla-
tions and not the causal relations among the
various genes and signaling pathways can be
identified. Another drawback of this class of
methods is that they may miss alternative
pathways that are followed during stressed
conditions. While this class of methods may
therefore not be suitable for explaining and
predicting the dynamical behaviors of the
underlying systems, they may still be useful
for organizing data and for discovering
patterns.

Methods for reverse-engineering gene net-
works must be developed to identify network
structure from microarray measurements,
recovering causal relations, interactive
effects, and alternative pathways in addition
to dominant pathways. Concepts from sys-
tem-identification theory, applied neural
networks, genetic algorithms, and Bayesian
models may prove valuable in this context.
The usefulness of these methods has been
demonstrated in recovering small networks
and in distinguishing among several compet-
ing models. However, for reconstructing
network structures de novo, they are not very
efficient in terms of both data requirements
and computational cost.

Another approach is to model gene regula-
tory networks with systems of ordinary
differential equations and to estimate the
connectivity parameters using various statis-
tical methods such as singular value decom-
position and robust regression. These
methods are efficient in recovering the
architecture for large networks such as those
that occur in natural genomes. Much in the
spirit of systems biology, the goal of these
methods is to extract the gene regulatory
networks on a global scale and to do so
efficiently to identify individual subnetworks
in a first draft of the entire network's topol-
ogy, upon which further, more local analysis
can be based.

While promising, these efficient large-scale
methods are only in their early stages of
development, and much research will be
required before they will become routine
tools for systems biology. For example, in
eukaryotic cells, significant time delays may
result from biochemical species crossing the
nuclear membrane. Such species may interact
in small numbers so that biological noise
becomes significant. Moreover, some proteins
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may form complexes whose effects cannot be
deduced from their components. Existing
methods, therefore, will need to be adapted
to include time delays, stochasticity, and
combinatorial effects.

Once a model of the network has been
constructed, its behavior can be modeled.
From a functional point of view, a regulatory
network consists of a long chain of chemical
reactions modeled by ODEs. Reactions
involving molecules present in high concen-
trations might be described by a determinis-
tic differential equation model, whereas
reactions involving molecules present in
moderate concentrations might be described
by a mesoscale stochastic differential equa-
tion model. The modeling of reactions involv-
ing molecules present in low concentrations
requires a purely stochastic approach. A gene
regulatory network typically will include all
of these situations simultaneously. Research
is needed in formulating and understanding
the behavior of such a model and where it
can be simplified without sacrificing its
intended predictive capabilities. The long-
term success of GTL relies on our ability to
effectively model phenomena described by
systems of stochastic evolution equations.

However, the basic mathematical theory of
these types of systems does not provide an
adequate foundation for understanding the
behavior of complex biological systems.
Furthermore, our knowledge of numerical
approximation of stochastic systems lags
considerably behind our knowledge of deter-
ministic systems. A critical mathematical issue
in developing methodologies for simulating
these types of systems is the large number of
stochastic degrees of freedom that must be
modeled. Simplistic Monte Carlo approaches
will rapidly become computationally intrac-
table. Approaches such as the polynomial
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chaos techniques currently under develop-
ment offer the possibility of simulating
stochastic systems more efficiently than
Monte Carlo; however, these types of ap-
proaches are currently limited to a modest
number of stochastic variables.

In contrast to reaction models used in other
areas of science and engineering, models for
gene regulatory networks are not nearly so
well established. As described above, the
graph that defines the stoichiometry of the
reaction network can be determined, with
some uncertainty, by statistical analysis of
bioarray data. Parameters such as reaction
rates and probabilities are known only
approximately. Hence it is also important to
be able to assess the effect of these types of
uncertainties in the system structure and
parameters on its behavior. Sensitivity analy-
sis, the tool by which one can quickly ascer-
tain the parameters to which the system is
most sensitive, will greatly facilitate model
development and analysis.

Sensitivity analysis for ordinary and partial
differential equation systems has been highly
successful and widely used in many areas of
science and engineering. Extending this
computational tool to the class of generalized
dynamical systems outlined above, however,
is not a straightforward problem. Furthermore,
the structural stability (i.e., the stability of the
qualitative behavior of the system with respect
to perturbations to its input) needs to be
understood. Tools for bifurcation analysis
also are needed and will face similar theoretical
and computational challenges for this quite-
general class of problems. Gene regulatory
systems are complex feedback control systems.
Tools and methodologies from this area will
be invaluable in understanding their structure
but face similar challenges due to the hybrid
multiscale nature of this class of problems.



Research leading to understanding of
multiscale phenomena will be required. In
general, long-term basic mathematics re-
search is needed for developing methodolo-
gies for multiscale problems. Multiscale
phenomena appear in a number of forms in
GTL. There are disparate time scales that
must be represented in simulations. We need
to be able to represent complex metabolic
processes that are regulated by gene regula-
tory networks. We would like to develop
simplified representations of subnetworks
that effectively model the behavior of that
submodel in large systems. In studying
microbial communities, we would like to be
able to develop models that represent the
aggregate behavior of the community in
much the same spirit as field theories in
physics. Substantial additional research is
required to develop appropriate methodolo-
gies for addressing the multiscale aspects of
modeling microbial communities. Coarse-
graining techniques will be necessary in the
incorporation of information into biological
models describing processes occurring at the
larger scale. Research is required for devel-
opment of techniques for coarse-graining and
theory to assess how well and under what
conditions the coarse-grained models retain
the required predictive capabilities. The
coarse-grained models may themselves be
discrete or hybrid systems.

Robust parameter estimation. To create
realizations of the biological models, it is
necessary to estimate relevant model param-
eters from experimental data. One major
area for mathematical and statistical research
is the development of robust parameter-
estimation procedures for the noisy environ-
ments characteristic of biological systems.
Noisy parameter estimation arises in both the
development of models for molecular pro-
cesses in cells and in assembling the

submodules into an integrated model for the
overall community. Approaches for param-
eter estimation need to be integrated with
methodologies for sensitivity analysis and
principal component analysis. These types of
tools provide the functionality to identify key
parameters that have a large effect on the
overall dynamics and to identify critical
subprocesses of the system.

Modeling microbial communities. Construct-
ing models of microbial communities in their
natural environment at a molecular level
involves a number of steps. Models of cellular
molecular processes, such as those discussed
above, will be used. These models must
include not only how the process works in
isolation but also how gene regulatory
networks regulate the process and how
environmental factors modulate its behavior.
These models must then be synthesized into
models for each of the types of cells living in
the community. Cellular models must then be
integrated into a model for the community's
environment. As GTL research progresses,
developing tools not only to simulate the
community but also to control its behavior
will be required.

Once an initial model for the community has
been developed, we can begin to simulate
and analyze the behavior of the community.
Initial simulations with the model will be
used to validate the model. The validation of
the model will involve close feedback with
the individual component modules that are
part of the model as the individual sub-
systems are refined to improve comparisons
with databases of experimental data.

Once models for the various subprocesses
have been developed, they will be integrated
into a large stochastic model for the entire
community. The models for subprocesses will
range from stochastic differential equations
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to discrete stochastic processes as well as
hybrid models that include aspects of both.
There are a number of strategies for develop-
ing models for cellular communities that
represent different levels of both spatial and
biochemical fidelity. Although several prom-
ising approaches are being developed in the
biological and biomedical communities for
modeling multicellular systems, substantial
additional development will be required for
them to adequately model a natural micro-
bial community.

Analysis tools will be required. Another
critical area of mathematical and statistical
research needed for developing simulation
capability for microbial systems is to develop
the tools needed for analysis of both compu-
tational and simulation data. For experimen-
tal data, the tools should be capable of
dealing with large but noisy data sets. We will
need to develop tools for making justifiable
statistical inferences from this type of data.
For computational data we will need to
analyze large volumes of data that represent,
in some fashion, an ensemble of solutions to
the system. Here, the volume of data is
sufficiently large that we will need to develop
mathematical tools for analysis rather than
relying on visualization paradigms.

Ignoring algorithmic and computational
issues, systems of stochastic differential
equations can be linked to a statistical model
(i.e., a probabilistic model for the actual
observed data). Subsequently, the unknown
parameters in this model (i.e., the coefficients
in the stochastic differential equations) are
estimated with maximum likelihood estima-
tion. The uncertainty of parameter estimates
also needs to be provided so that tests can
determine which effects in each molecule-
specific stochastic differential equation are
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significant and thus should be included in the
model. Model selection is a relevant statisti-
cal research area.

The statistical models result in Bayesian
models by treating the unknown coefficients
in the stochastic differential equations as
random variables with a prior distribution.
Bayesian models have the attractive property
of being able to incorporate naturally prior
information on the actual parameter values.

Modeling the complete cell with a huge
system of stochastic differential equations
corresponds with fitting the complete under-
lying probabilistic system as a whole to the
observed data. The corresponding statistical
models are referred to as parametric models.
In semiparametric models, contrary to fully
parameterized models, only a component of
the whole system is modeled and no assump-
tions are made about the rest of the underly-
ing system generating the data. All observed
data are used, which makes this
semiparametric approach truly different from
just modeling a few system components and
ignoring all data on other components, a
typical approach followed in current litera-
ture. Contrary to fully parameterized models,
in a semiparametric model the modeled
component is only estimated and fitted,
resulting in much better finite sample perfor-
mance of parameter estimates. Second, by
modeling the whole process, it is much more
likely that the model is misspecified and
nonidentified, so that none of the parameter
estimates and corresponding confidence
intervals can be trusted. In particular,
semiparametric modeling can be used to
minimize the modeling of many hidden
unobserved variables not of interest and
thereby is a practical way of dealing with
many system variables that are only partly
observed. Finally, estimation methods in



semiparametric models are much less com-
puter intensive than fitting completely
parameterized models. For these reasons, the
use of semiparametric models will represent
an important approach to achieving the final

goal of modeling (learning) the whole system.

In particular, it will allow reliable findings in

an incremental fashion (the preferable
learning method). Although semiparametric
models are routinely and successfully applied
in medical research, epidemiologic studies,
and so on, they have not been developed and
used in biological research.
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Appendix B: Workshop Agenda

Mathematics Workshop for the Genomes to Life Program

Gaithersburg Hilton
620 Perry Parkway, Gaithersburg, MD

March 18-19, 2002

Organizers

David Brown Lawrence Livermore National Laboratory
John Guckenheimer Cornell University

Esmond G. Ng Lawrence Berkeley National Laboratory

Program Managers

Gary Johnson MICS
John Houghton BER
Purpose

The purpose of the workshop is to bring together leaders in biology and mathematics to
identify the long-term mathematics research needs in the biological areas represented by
GTL. Several speakers will give overviews of different areas in which applied and computa-
tional mathematics are expected to play an important role in this program. Most of the
workshop will be spent in smaller group discussions on specific topics, with the goal of identi-
fying the key areas of mathematics research that will contribute to GTL. The outcome of this
meeting will be the preparation of a report that describes the anticipated mathematical
challenges in GTL in the fields of differential equations, stochastic methods, combinatorial
methods, statistical analysis, optimization, and other relevant areas. DOE will use this report
in the development of the GTL program. Similar reports are being produced by workshops
on Computational Infrastructure, Computer Science, and Imaging, also being held during the
first part of the 2002 calendar year.

Monday, March 18, 2002

8:15-8:30 a.m. Welcoming Remarks, Workshop Logistics

8:30-9:00 a.m. Gary Johnson and John Houghton: DOE Vision - OASCR and OBER
9:00 a.m. Overview Presentations

The presentations are meant to collectively give an overview of the math-
ematical needs for the Genomes to Life Program, emphasizing breadth
instead of depth.

9:00-9:45 a.m. DeWitt Sumners, FSU: Topological Models in Cellular Biology

9:45-10:30 a.m. Steven Salzberg, TIGR: Genome Comparisons: Detecting
Large-Scale Rearrangements and Single Nucleotide Polymorphisms

10:30-10:45 a.m. Break

10:45-11:30 a.m. John Guckenheimer, Cornell: Multiple Time scales in Dynamical Models
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11:30 a.m.—12:15 p.m. David Dixon, PNNL: Mathematical and Computational Needs for

12:15-1:15 p.m.
Lunch Speaker
1:15-2:00 p.m.

2:00-4:45 p.m.

Breakout Sessions

GTL—A Systems Biology Perspective

Lunch: AMS Program Perspective

Chuck Romine, OASCR, MICS

Drew Endy, MIT: Math-Driven Experiments will Bring Genomes to Life

Breakout Sessions

The purpose of the first set of breakouts is to identify math areas that are
relevant to the GTL program and potentially can lead to breakthroughs.

e Differential equations (ODEs, DAEs, PDEs, dynamical systems)
e Stochastic methods

e Combinatorial Methods (discrete methods, optimization)

e  Statistical Analysis

e None of the above

4:45-6:00 p.m. Quick Summary Presentations from Breakout Groups
6:00 p.m. End of the First Day

Tuesday, March 19, 2002

8:15-8:30 a.m. Logistics

8:30-10:15 a.m. General Discussions

10:15-10:30 a.m.
10:30 a.m.

About 20 minutes per breakout group; provide a detailed summary
report of the first day’s breakout sessions.

Open discussion.
Break

Breakout Discussions (same groups)

The purpose of the second set of breakouts is to identify potential
breakthroughs in biology over the next 10 years that might be enabled
by advances in mathematics.

Lunch will be served.

1:00-1:30 p.m.
1:30-3:30 p.m.
3:30-3:45 p.m.
3:45-5:30 p.m.

5:30 p.m.

Preparation of Summaries by Breakout Session Coordinators
Summary Presentations from Breakout Groups
Break

Discussion on the Preparation of Report for DOE.
The report should include both mathematics and biology perspectives.
Volunteers from both fields are needed.

Workshop Adjourns
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