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CAREER ABI Synopsis: Modeling made easy

The research goal is to extend rigorous mathematical simulation methods and make
them available in a user-friendly model description language designed to solve
computationally challenging forward simulation problems in biology. Many user-friendly
simulation tools have been developed in systems biology, but their underlying
mathematical representation impairs their use for important problems in genetics and
ecology. The proposed work will fill that gap. It will transform quantitative modeling into
a mainstream activity that will be an integral part of biological research in the future.
Intellectual Merit: Quantitative models can help organize, develop, and test our
thoughts about complex problems, yet many biologists refrain from using them. Aim 1 is
to implement a new language that makes it easy to read and write such models for
humans and for computers. To harness the large-scale computing power needed for
analyzing complicated models, a link will be built to the evolution@home public global
computing system and to private Condor pools. To efficiently store the results produced,
a new standard for storing and sharing simulation results will be pioneered. Aim 2 is to
expand systems biology approaches to tame combinatorial explosions in genetics and
ecology models. A combinatorial explosion occurs if a simulation has many more
potential types of parts than actual parts. Such combinatorial explosions have been
explicitly addressed by simulation tools in systems biology, but are fundamentally
different from those in genetics. Aim 2 will develop algorithms and representations that
work efficiently with both, and that also allow for distributions of event times other than
the standard assumption (“exponential”). Aim 3 applies these new tools to intensely
studied biological systems, including growth of VSV viruses in cells and adaptive
evolutionary ecology of copepods (important zooplankton food source for fish). Close
collaborations with neighboring labs will help shape the development of tools to ensure
the resulting cyber-infrastructure is useful for cutting edge research. Such research is
pivotal for increasing the quantitative rigor, realism and accuracy represented in models
that will become increasingly important for various decision support systems.

Broader Impacts: The same language and simulation tools developed for research will
be used to teach graduate and undergraduate students, and design innovative teaching
materials that improve the understanding of quantitative modeling for diverse
audiences. Using ‘the real thing’ is fascinating and transformational for learning, as
witnessed by the rise of “R” in statistics. Working with K12 teachers, materials will be
developed that explain the importance of good models to a broad audience. To this end,
a brief interactive course with comprehension tests will be implemented to impart basic
modeling knowledge, encourage responsible use of models, and discourage abuse.
Successful completion of the course will provide a “License for Using Models”. This and
other teaching tools will be developed and tested on K12 students and evolution@home
participants. The latter contribute CPU power to simulations of evolution and have a
natural interest in models they are simulating, an interest to be met by an engaging
website. The overall vision is to raise awareness for the importance of good quantitative
models. The PI’s career is to build such models.
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CAREER ABI - Modeling Made Easy:
Extending systems biology modeling approaches to genetics and ecology

Context and overarching aims

The research objective of this proposal is to make rigorous simulation methods from
computational systems biology more accessible to biologists and apply them to
modeling problems in systems biology, genetics, ecology and evolution.

Aim 1 will transform how biologists view models by greatly reducing the time needed
for building and analyzing models. This is critical for my long-term aims of building more
realistic models of evolution and for estimating important poorly known evolutionary
parameters with the help of systems biology models (e.g. epistasis, mutational effects
[1]). Analyzing realistic models is often computationally challenging, so integrated
support for distributed computing is critical.

Aim 2 will bring the ease of modeling known from systems biology to genetics and
ecology. This is achieved by developing new mathematical algorithms for taming the
combinatorial explosions caused by evolutionary processes like selection and
recombination. The different nature of combinatorial explosions prevents current
systems biology modeling approaches from being effective tools for evolutionary
questions. Aim 2 will change that. Aim 3 will apply this system to real-world examples.

Simulation methods are becoming more important in modern biology, as they can
help analyze systems that cannot be observed experimentally and that are too complex
to be solved by analytical mathematics [1][2][3]. This view is shared by many
researchers who have relied on simulations for analyzing the systems they study.

Yet many biologists are skeptical of simulation work. Controlling quality before
accepting models is pivotal [4][5], as common problems abound: (i) the absence of
general and rigorous tools forces costly re-implementations, reducing time invested in
biological aspects of modeling; (ii) lack of computing power and poor parameter
estimation reduces the reliability of conclusions; (iii) difficulties with math and computing
reduce the adoption of quantitative models in biology.

My overarching aim for the proposed work is to help reduce the barriers for high-
quality modeling work. | will do this by developing a user-friendly model description
language, and a toolkit that is easy to use for a broad range of modeling problems in
systems biology, genetics, ecology, and evolution. Here | call this language and the
related toolkit “¢” for brevity. € shall encourage good modeling practices and will come
with support for distributed computing and parameter estimation. & will help transform
how biologists think about models by its:

* Speed and ease of implementation for models from a broad range of domains,

* Conciseness and quality of model documentation,

* Integration of research and teaching features.
¢ will serve as an important foundation for my research for many years to come. To
ensure ¢ becomes increasingly useful for research, a broad range of modeling topics
from systems biology, genetics, ecology and evolution will be addressed as part of the
proposed work. | bring a rare combination of skills and motivations to the development
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of e | am motivated by biological questions to get real biology done, yet | am fluent
enough in math and computer science to lead the development of good algorithms and
state-of-the-art tools. The proposed work can be cut in small enough pieces to
guarantee important progress on an annual basis. At the same time, the work of
increasing modeling capabilities, improving simulation algorithms, refining parameter
estimation techniques, and using all this to analyze interesting biological questions in
realistic models is in no danger of running out of fascinating questions any time soon.

¢ will also serve as an important foundation for my teaching. One explicit develop-
ment goal of ¢ is ease of use. Using ¢ in a teaching context is one of the best tests for
this. My integrated approach is designed to overcome the complications that arise from
separating ‘teaching toys’ lacking the power for serious research from ‘research tools’
lacking the ease of use that might encourage beginners to start using them. By actually
using ¢ for both research and teaching, researchers and students will win increased
productivity and increased research power, respectively. Using ¢ in a broader outreach
context will help communicate some of the excitement of research and hopefully inspire
a new generation of students.

Designing such a large software system is what software engineers call a “wicked
problem” [6]. In practice such problems are solved by incremental, iterative approaches,
as new ‘solutions’ reveal previously unknown limitations. How can | be sure, & will not
become yet another big, failed IT project? The answer is two-fold. First, extraordinarily
short ‘communication lines’ between the lead biologist using this (me) and the lead
system architect (me) make development more efficient. This interdisciplinary extends
to my group (currently a mix from computer science, math, biological and chemical
engineering and biology). It means we implement what we need for biological research.
Achieving this in a non-biology department can be difficult. Simultaneously, our close
ties to computer science, math and statistics provide the expertise to pick best-of-breed
solutions, which can be difficult in a biology-only department. Second, we will expand
the system incrementally by following the “development cycle” outlined in Fig 1 and by
using project management best practices.

Development Cycle
Fig 1: Development cycle for work on e. Each new cycle
%ﬁfg;gﬁ' _ starts with a biological research question that requires a
new feature for ¢. This feature is designed,
— implemented, tested and used for simulation work
el el New Simulator | 4q4qressing that question. Results are then published

Publish Design ; X i
before next round’s design. This development cycle
ensures a balance between biological research and
- - programming work.
LED T Implementation
Simulation | 1mp

| have gone through several related development
cycles and expect the work to progress in more such cycles. The vision behind my work
is to create a model description language that does for forward simulations in biology
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what ‘R’ did for statistics: produce an open-source tool that is expandable and useful for
a growing range of problems.

The remainder of this proposal is structured as follows. Aim 1 targets basic aspects
of € and the toolkit’s software infrastructure. Aim 2 extends models beyond the
limitations of current computational systems biology modeling frameworks in order to
apply them to genetic, ecological, and evolutionary problems. Aim 3 concentrates on
specific research problems from neighboring labs that | plan to model using the new
extensions of €. The broader impact section elaborates on the integration of education
and research facilitated by € and on outreach activities highlighting the importance of
modeling and of evolution for addressing challenges we face in our world today.

Aim 1. Combine basic ¢ with global computing and parameter estimation
Background: Separating model description from mathematical analyses

One of the elegant results of formal modeling research in computational systems
biology and other areas is the demonstration that models can be encoded independent
of the mathematical analysis techniques used to analyze them later [7] [8] [9] [10] [11]
[12]. To facilitate corresponding mathematical analyses, the model is automatically
transformed into appropriate data structures and equations (Fig 2).

Automated Model

Transformation Ordinary Fig 2: Automated model transformations into
. Differential different mathematical analysis techniques

_— H
- SeElrEns facilitate more flexibility in choosing

M 8d | Stochastic appropriate techniques.
D - et' Simulation
anguage. Algorithms Such automated transformations help

Language / T exploit the strengths and avoid the pitfalls
\ Other of different mathematical analysis
’ Analysis techniques. For example, Ordinary
Techniques 1=
Differential Equation solvers (ODEs) are
very efficient in analyzing systems with particle numbers large enough to render the
randomness of stochastic noise irrelevant [3]. However, ODEs should not be used when
fractions of particles start to matter. In such systems ODEs will give meaningless
answers as using them can, for example, imply the assumption that 0.8 molecules take
part in a given reaction. Such systems have to be analyzed with Stochastic Simulation
Algorithms (SSAs), which respect the fundamental integrity of molecules and individuals
[3]. Even if the application of both techniques can be justified, one might still want to use
them both: ODEs are efficient at computing precise expectations, but their deterministic
nature does not provide estimates of variability. SSAs provide good measures of
variability by computing many stochastic runs, but are much slower than ODEs.
In the absence of automated model transformations, researchers have to encode
their model either directly in ODEs or they have to implement a stochastic simulation.
The corresponding manual transformations are cumbersome and known to be error
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prone. Hence automated transformations of models substantially boost model
implementation speed and power for analysis. | have worked before with the Bio-PEPA
process algebra [8] [9] [10] [11] [12], which is such an abstract modeling system that
allows for automated model transformations. | have seen the nature and elegance of
model transformations, which usually happen at the click of a button. Research in
computational systems biology seeks to extend and develop new automated analysis
techniques that answer specific questions about a model, sometimes even without the
need for simulating it (e.g. [8] [13] [14]). Hence, transformations to “other analysis
techniques” are included in Fig 2, highlighting my interest to include useful analyses that
come out of such research into e. Unfortunately, most biologists have difficulties with
writing process algebra code.

Analyzing stochastic and deterministic versions of the same model is a recurrent
theme, not only in systems biology, but also in genetics, ecology and evolution. Thus |
will work towards developing the capability to automatically transform abstract ¢ models
into both stochastic and deterministic model versions.

Goal 1.1. Develop € and its simulator for user-friendly modeling

Many abstract model description systems have been devised over the years (e.g., see
[15] [16] [17] [8][18][19] [20] [21] [22]), some more intuitive to use than others. Popular
markup languages such as SBML are powerful abstract model descriptions [23],
however the syntactic clutter of XML makes them very cumbersome to use without
additional layers of tools. Also, systems biology simulation algorithms make
assumptions different from those needed for simulating genetic systems (see below).
There is no language for describing biological systems that is as elegant and
widespread as “R” is for statistical problems.

Modern compiler construction tools like ANTLR [24] make it easy to build domain
specific languages that can be specifically designed for concise implementations of
particular problem types [25]. | have used ANTLR before [26][10,11] and propose here
to select and implement the most elegant model description formalisms.

For example, after exploring several formalisms, | found a pattern that consistently
showed excellent usability for biologists: Describing systems in the form of many
chemical reactions is very intuitive for biologists as they frequently use equivalents of
this formalism to represent structural information about their models. | made this
formalism a central feature of ¢, but generalized it to fit anything from biochemistry to
ecology equally well. Instead of “molecules” or (molecular) “species” and their
‘reactions” an ¢ model consists of “parts” and their “actions”. Let's examine a simple

example of € code: The first two lines represent reaction A + B——C with default
kinetics “MassAction” occurring at default rate “1” and at the non-standard rate r = 0.5:

action { A+ B ---> C } // no need to specify defaults
action { A+ B ---[r = 0.5]---> C } // rate r = 0.5
action { S<sub> ---[ E<enz km=0.5 vm=50>

- law MichaelisMenten ]---> P }
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The Michaelis-Menten reaction S—=— P requires specifying a kinetic law. The
prominent feature of the arrow ‘--[ - law ]-->’serves as a flexible organizing
principle for separating the parts involved in this action. Having ‘1aw’ at the center
reminds biologists of the important role probabilistic laws play in governing the system.
However, only the name of a law is given here. The input parameters needed to create
an instance of the law for this particular action can be distributed throughout the action
and are marked by ‘<..>’. A law is defined only once by listing its input parameters and
the mathematical equation at a location where users are not likely to change it. When
the parser finds a reference to a law within an action, it searches for all required input
parameters in the angular brackets ‘<...>’ of this action and then instantiates it as if the
equation was written for this particular action. Other languages require the user to do
this work, resulting in large numbers of similar equations that are hard to read and easy
to confuse as they usually differ only by some numbers. Such numbers have no
particular meaning, are hence difficult to debug and can be considered the “goto”
equivalent for systems biology models (i.e. a programming construct that is error prone).
To my knowledge, | pioneered a precursor of the ‘1aw’ construct presented above
[11,26]. It has the potential to substantially simplify modeling. | am currently in the
middle of implementing the syntax given above. | have discussed this feature here to
provide a flavor for the types of constructs that | plan to build into €. During my modeling
work over the years | have collected too many similarly useful language design ideas to
describe here. My use of ANTLR to define ¢, provides much flexibility and shifts efforts
from implementing a parser towards focusing on desirable language features.

import ¢, the biologist-friendly S|m u Iator Fig 3: Overview
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Other languages < export Internal representation | check Errors, warnings )
— € simulator.
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Only the specified solver (here: ‘NRM’) performs a direct forward simulation of the =~ Making this
model and records all requested data in a single run results file of HDF5 type. infrastructure a

safe choice for
the future. Independent solvers can be used to test each other’s accuracy. The thick arrow
indicates which solver was selected in a hypothetical run (“NRM”). See text for abbreviations.
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As shown in Fig 3, once an ¢ model has been parsed its various fragments are sorted
into an internal representation in C++. This helps reorganize the model into the form
required by the solver type (e.g. SSA) requested for computation of the model. Then the
actual solver requested in ¢ can start simulating the model and recording desired output.
As shown in Fig 3 there are vast possibilities for developing different solver types and
solvers in this infrastructure. | intend to support a collection of best-of-breed algorithms
to be at the disposal of everybody for analyzing e models. Examples include CVODES
[27][28] [29], the Runge-Kutta method from the Gnu Scientific Library ‘GSL RK’, the
Sorting Direct Method ‘SDM’ [30], the Next Reaction Method ‘NRM’ [31], the Midpoint
method [32], tau-leaping based on the midpoint method [33,34], the rule-based NFsim
package [35] and others as they become available and as time allows to develop them
in collaboration with David Anderson (UW-Madison). More solvers increase the flexibility
of a biologist in choosing an appropriate analysis method. They also provide an
excellent opportunity for testing the accuracy of solvers by computing a given model
independently through different solvers and comparing results.

Due to the diversity of biological modeling problems | plan to support features in
e that will not be supported by all solvers. In this case the simulator will check whether
the requested solver can indeed handle the problem. If not, an error will be reported.
Similarly, automated checks that trigger warnings or errors will be implemented for
many other potential modeling problems. To increase interoperability and to facilitate
analyses that might be implemented in other modeling systems, | plan to support export
and import into other modeling formalisms, whenever there is a need for it (but this is
not at the core of the work presented here).

Various design choices will be reviewed extensively within and outside of the
developer group by experts and by beginners, all helping to converge on the simplest
possible alternatives without oversimplifying.

Deliverable: a formal language with appropriate levels of abstraction that makes it
easy to write well-documented models with few opportunities for typos, even if model
sizes become large, and a simulator that can simulate models described in that
language.

Goal 1.2. Support distributed computing and parameter estimation in ¢

Biological models do not respect our computational complexity categories: Potentially
interesting simulations in disciplines from systems biology to evolutionary biology can
take any time from seconds to years [36-38]. To support the rigorous analysis of more
complicated systems, | will support the possibility for different parameter combinations
of e models to be computed across a distributed computing infrastructure. This exploits
the already parallel nature of this computing task and can support parameter sensitivity
grid searches as well as parameter estimation. Figure 4 provides an overview of the
system that | plan to develop. | will leverage local collaborations with the developers of
Condor [39] to develop the corresponding distributed computing infrastructure. Condor
serves as an excellent resource-request-match-broker, once an appropriate description
of the tasks is provided. Likewise, results need to be stored, exported, and plotted.
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These parts of the infrastructure will be developed as needed. Simulation results will be
stored in the HDF5 file format [40] and will be made available upon request, provided
the means for transporting the data are available. Future work will explore different
options for how to best share results. The possibility will be maintained to export
simulation data as “tab table files”, a format that is ready for importing and plotting in
external packages (e.g. R, Excel). Integrated plotting solutions will be provided for quick
browsing of large collections of results and for ‘live’ viewing of simulation data while it is
being computed on the local machine.

| will also integrate this work with an ongoing pilot project in my group that
implements parameter estimation in a systems biology model of cholesterol
biosynthesis through Approximate Bayesian Computation [41-43]. The goal is to
eventually support parameter estimation as an integral part of «.

Com putati onal Figure 4: Computational
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To provide the computing power needed for analyzing € models, | plan to further
develop “evolution@home”, the first global computing system for evolutionary biology,
which | started in 2001. | have been collecting ideas for making it an exciting hub that
attracts computing power for simulation problems [36,38], while at the same time
maximizing outreach potential (see Goal E.1). Such work will leverage substantial
amounts of computing power from global computing “user groups”.

Besides the public evolution@home ‘compute cloud’ | will also develop a link to
private compute clouds, leveraging local CPUs at UW-Madison (CHTC, see letter of
collaboration), remote CPUs at the Open-Science-Grid and the new NSF XSEDE
facilities where needed. These will serve mainly two purposes: (i) recompute particularly
important results on controlled resources if additional assurance of correctness is
needed and (ii) computation of tasks that cannot be simulated on public resources
because of their complexity (e.g. demand of too much RAM or bandwidth).

Deliverables: A working infrastructure that can schedule computing tasks on a public
simulator cloud (‘evolution@home’) and on private simulator clouds (‘CHTC, OSG’).
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Goal 1.3. Develop an HDF5 standard format for storing simulation results
When developing a general simulation system, some thought is needed about where
and how to store simulation results, especially with a view towards long-term data
management. While ad hoc solutions are easy to implement, they quickly degenerate
into unmaintainable diversity, as different models lead to different formats and the
meaning of particular values becomes difficult to determine due to lack of
documentation. While self-describing XML may appear to be the answer to the latter
problem, earlier pilot experiments | conducted led to the conclusion that XML does not
scale nearly well enough to handle large amounts of data. A substantial search |
conducted led me to choose ‘HDF5’ as my file format for storing simulation results [40].
HDF5 was developed for NASA for efficient long-term storage of satellite data and has
recently started to attract biologists (e.g. [45][47]). It brings an enormous flexibility,
speed and self-describing capabilities to the task. This flexibility makes the HDF5
programming interface more complicated than most users tolerate. Thus a number of
file formats have been developed that are essentially HDF5 files but with additional
constraints about how to store particular data. This allows the resulting user interfaces
to be much simplified (e.g. SDCubes for collection of data arrays like visualization data
generated in experiments [45], H5hut for time series of particle based simulations [46],
BioHDF for next generation sequencing data [47], HDFEOS for Earth Observing System
Satellites [48], PyTables [49], etc. For more, see HDF5 users in [40]). Storing big tables
of scalar values is the easiest possible way of storing simulation results in HDF5 (similar
to PyTables [49]). However, a more suitable data format for single simulation run results
might allow for more flexibility to include different types of time-series as well as the
recording of various types of snapshots (Fig 5). Storing research simulation results data
on a large scale will benefit from the development of a consistent HDF5-based file-
format for €. Such a format does not seem to exist for simulation results of the structure
presented in Fig 5. Our design will follow existing formats where reasonably possible to
facilitate using external visualization solutions
Data Collected During a Simulation (e g. PyTables in combination with SciPy). When
developing such a file-format we will aim to make
this as generally useful as possible.
SnapshotA-1 | Deliverables: A specification and a programming
interface in an open source library for writing and
SnapshotA-2 | reading a HDF5 based file format for storing
- summaries from forward simulation data.
Functionality to export and plot data from this
HDF5 format will be documented or developed
and maintained.

Input Parameters (scalar)

Snapshot B-1

Snapshot m.n

Time
Time Series A (steady)
Time Series B (steady)
Time Series C (events)
Time Series D (events)

Output Parameters (scalar)

Fig 5: Types of data that can potentially be collected during a single simulation run and that
users might want to store in a HDF5 results file for a single simulation run.
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Aim 2. Extending modeling formalisms to support genetics

Background: Systems biology models with combinatorial explosions

There are many tools that simulate what | call here an “explicit biochemical reaction
network” (e.g. see refs in [8][10]). All reactions in such networks have well defined input
parts, well defined output parts and a reaction rate. If such a system is stochastic, then
variability can only come from differences in the timing of the reaction (Fig 6A).

Some researchers have pointed out that even modest numbers of phosphorylation
sites in proteins generate a combinatorial explosion that quickly makes it impossible to
generate the explicit network, leaving individual-based simulations as the only
alternative for analyzing such systems [20][50][51][35]. In this case, reactions are
described as “rule-based biochemical reactions” (Fig 6B). They come with some
uncertainty about the “reactant” input of the action. This uncertainty can only be
resolved at runtime when the actual number of parts existing in the system is finally
known. | plan to integrate the open source C++ NFsim simulator [35] into the & system
to simulate such models.

Types of Actions in Biochemistry and Genetics ~ Fig 6: Types of
actions that ¢ shall
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Goal 2.1. Systems biology models with arbitrarily distributed event times

Since Gibson-Bruck introduced the NextReactionMethod (NRM) [31], the simulation of
arbitrary, non-exponential distributions of event times is possible in principle. Yet only
few systems biology packages support this (e.g. BlenX [52]; NFsim is based on NRM,
making support possible in principle [35]). | will work toward supporting an increasing
number of different distributions in € and the supported underlying simulation algorithms.
This makes linking models to observed data easier. Even if all underlying distributions
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are exponential, their combined distribution can be non-exponential [31]. Sometimes we
can only measure the combined distribution; on such occasions the flexibility to support
non-exponential distributions can be important for modeling. Many important “reactions”
in systems biology are the combination of large numbers of individual reactions (e.g.
translation of MRNA into a protein), making such functionality widely applicable. How to
maintain a rigorous mapping (Fig 2) between such arbitrary distributions in stochastic
simulations and their expected mean in deterministic ODE solvers is a mathematical
problem that will be explored in collaboration with David Anderson at UW-Madison.

Deliverables: We will implement five of the most important distributions of event times
for NRM and NFsim (e.g. Gamma, Normal, Lognormal, Constant, Uniform distributions).
We will assess the feasibility and work effort needed for mapping the same distributions
to deterministic ODE solvers that compute the expected mean.

Goal 2.2. Genetics models with combinatorial explosions

Genetics models are amenable to both deterministic analyses and to stochastic
simulations, like systems biology models. However the nature of actions in these
systems is fundamentally different. Consider simple viability selection (Fig 6C). As in
rule-based reactions, many parts could be affected. On many occasions the timing of
selection can be relatively fixed. However, there is more than one possible outcome and
this can be modeled stochastically or deterministically. The differences to systems
biology become even more explicit in a controlled genetic cross (Fig 6D): the input is
well known (‘two parents’) and the timing of the action is deterministic (“the cross
happens”). However, the output of this action is probabilistic; neither the number nor the
types produced are known for the many possible offspring genomes (even if
expectations are known). The nature of these actions means that simulating genetic
systems with traditional systems biology algorithms either requires very cumbersome
notation (one action for each potential outcome) or is completely impossible (the
resulting uncertainty cannot be represented by the stoichiometry matrices used in
systems biology, which determine the changes for each given action). For
recombination in discrete generations additional variability exists when it comes to
select the parents (Fig 6E).

Deliverables: We will develop and implement algorithms that will allow the rigorous
simulation of recombining systems with different combinatorial structures, assuming that
the list of possibilities for each combinatorial structure is finite, discrete and easy to
specify explicitly. We will collaborate with David Anderson, a mathematician at UW-
Madison, to select or develop appropriate algorithms (see letter). We will explore to
what degree formalisms described elsewhere (e.g. [53]) might provide opportunities to
define elegant language interfaces and summarize our findings.

Goal 2.3. Ecological models integrating with genetics

Considering genetic processes in an ecological context usually means that probabilistic
input combines with a probabilistic timing, and leads to a probabilistic outcome. | will
explore how to best describe these processes that are completely governed by
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probability distributions in the most elegant way possible in order to facilitate their
simulation. Processes of this type are needed to describe most organisms realistically.

In addition, | will explore how & needs to be adapted to facilitate the description of
ecological models, including various mechanisms of population density regulation.
Systems ecology has a long history [54,55] [56] and has extensively used a wide range
of modeling approaches [5,57][58]. A range of modeling tools exists for ecological
problems, some more readily available than others (e.g. [59][60][61]). Yet genetics is
not easy to include in such models, and distributed computation of different parameter
combinations can be complicated. Thus, it would be desirable to support the modeling
of ecological processes in ¢, to facilitate the integrated analysis of ecological and
population genetics problems.

It is clear that substantial progress towards the integration of ecology and genetics
will be achieved during this project. However, it is less clear how much work will be
needed to fully accomplish this, especially if each type from Fig 6 should be available
for each reasonable probability distribution and if automated translation into different
analysis types (Fig 2) should be supported as well. My future goals include continuing
the integration of genetics and ecology, as well as starting to include spatial aspects
(e.g. by including additional solvers such as [62] [63]) and evolution on multiple levels
(e.g. endosymbionts [64] or plasmids [65]).

Deliverables: We will develop and implement an algorithm that will allow the rigorous
simulation of systems with probabilistic events as input, arbitrary probabilistic rate laws
and probabilistic output (Fig 6F).

Aim 3. Build realistic systems biology and ecological genetics models
It is not possible to develop successful software without knowing the problems of its end
users. | plan to work closely with experimental biologists who will provide me with the
data that | need to build realistic models. | request funds for a graduate student and a
postdoc who will implement the key solvers described above and use them to address
relevant biological questions in the following systems.
Goal 3.1. Systems biology of VSV viruses
VSV is an excellent model system for understanding non-recombining RNA viruses. The
lab of John Yin at UW-Madison had been developing very detailed computational VSV
models from the literature, to understand the precise dynamics of the production of
various virus components that contribute to fithess [66,67]. Now his lab develops
techniques to observe VSV with increasing accuracy [68][69] to build more precise
models from direct data. We will compare the efforts needed to build such models by
traditional means and by . We will then use the ¢ models to infer various evolutionary
parameters [67][70,71], including advantageous mutational effects that had not been
inferred before for viruses using this approach [1]. Such parameters are needed for
understanding the long-term evolution of VSV in the absence of recombination [72-74].
Deliverables: A VSV virus model based on the data provided by the Yin Lab and
predictions of virus growth in cells and advantageous mutational effects in viruses.
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Goal 3.2. Copepod ecological genetics

Copepods are small crustaceans that constitute a critical food source for many fisheries
throughout the world (e.g. salmon, haddock, pollock), and are of great economic
importance [75]. Thus copious amounts of ecological data have been collected for
copepods, and a number of ecological models have been built to understand various
aspects of their population dynamics (e.g. [75] [75] [76] [77-80]). Copepods also have
been proposed as a model organism for ecotoxicology [81]. Understanding the adaptive
evolution of copepods is important for predicting their responses to new environmental
conditions or to environmental pollution. Yet there are no models that combine realistic
ecology with realistic genetics to understand how one impacts the other and how both
impact adaptive evolution [82-84]. My goal is to build realistic models of copepod
evolution by synthesizing existing ecological data and combining it with genetic data for
important adaptive features such as responses to salinity change [85] [83,84]. Recent
work collecting genetic and genomic data in copepods offers the potential for
constructing increasingly realistic models of evolution [86] [87] [85]. More specifically, we
will combine an explicit genetic model of the ion transporters of importance for salinity
adaptation [85] with a realistic ecological background model. Such integrated models
enhance our ability to determine how copepods adapt to novel environments and allow
us to test various hypotheses about the origins of invasive populations [88]. The
laboratory of Carol E. Lee at UW-Madison investigates copepod evolution in response
to environmental change and would benefit from realistic models of adaptation during
copepod invasions into novel habitats. We have formed a collaboration where her lab
will provide ecological and genetic data on copepods.

Deliverables: My lab will construct, and analyze a model of adaptive evolution of
copepod invasions with a realistic ecological and genetic basis using data provided by
the Lee Lab.

Goal 3.3. Additional diverse modeling projects and evolutionary systems biology
My lab is located close to various biological departments where opportunities for colla-
boration abound. € needs to prove its usefulness for modeling in many pilot studies. So |
want to support undergraduate students interested in building diverse biological models,
including ones that build bridges between systems biology and evolutionary biology [1]
[70] and models that integrate different disciplines, such as ecology and genetics. The
overall goal of my career is to make models of evolution more realistic and link them
closer to observational data, making Aim 1+2 pivotal for my career. Workplan:

Year 1 | Year 2 | Year 3 | Year 4 | Year 5

Postdoc Goal 1.1-1.2 (¢, Condor...) Goal 3.1 (VSV) Goal 2.1 (any event distrib)

PhD student | Goal 2.2-2.3 (Genetics + Ecology) Goal 3.2 (Copepods) Goal 2.1

UnderGrad | Goal 1.3 (HDF5 Standard development) Goal E.2 (License web app)

UnderGrad | Goal 3.3 modeling projects using ¢, as opportunities arise (teaching etc.)

Teacher - | Teacher 1 | Teacher 2

Pl e: design, ANTLR defs; coordination; meetings; papers; outreach,training
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Broader impact and the integration of education and research

My overall vision is to increase interest in quantitative modeling among diverse groups
by using exactly the same quality model description language and tools (“¢”) for
research, education and outreach. This will shift the curve of interest in quantitative
modeling (Fig 7), profoundly impacting the future of science. Dissolving the barrier
between “teaching-toys” and “real tools” will make it much easier to teach how to build
research quality models. This is transformational as it enables students, courses and
textbooks in biology to use “¢”, like “R” is already used in statistics, motivating many to
undertake quantitative analyses. To win over people who are scared by modeling-math,
| will use analogies and associations with which most people are familiar, such as
driving a car: driving a car requires knowledge about how to steer, the rules of the road,
but much less maths than building one.
Similarly, using ¢ is easier than

implementing «.

Y, Shifting the Curve of Interest

5 in Quantitative Modeling

Interest in modeling

qJ . . . .

2 o N~ Fig 7: Different groups have differing interests
2 38 5 == I[N modeling. | aim to use ¢ to increase interest
58 83 23 o . in quantitative modeling through my broader
T On: DO o: X ' General Public

impact plans.

Lack of information on quantitative models
Goal E.1. Engaging the interested public: evolution@home participants
My use of publicly contributed CPU-power from evolution@home is an excellent
opportunity to engage the public and explain why models of evolution are important.
Computing power for projects through evolution@home will be directly proportional to
public interest in evolution@home. Such interest is raised by engaging the general
public through media work and global computing user communities by contacting
multiplicators. | have engaged in media work before (e.g. BBC interview [89]) and
attracting >600 CPU years to evolution@home since | started it has taught me what |
need to attract even more [38]. People who contribute CPU-power are usually
interested in what they are computing. Thus a well-made website can communicate
much about science, evolution and modeling. | am revising my website to meet this goal
and my group will work to promote the website, the content and the science. We intend
to develop games and other engaging tools to draw interest to simulations and increase
participation. Measure of success: Number of participants, contributed CPU-years.
Goal E.2. ‘License for using models’: spreading basic modeling knowledge
Appreciating the value of good models comes from understanding a few basic concepts
about modeling, which do not require complicated math. | will develop a brief course
module explaining the value of good models, the danger of bad ones, how to distinguish
if you are not an expert, and how to avoid abusing models. To implement this, | will work
with (i) the Delta Program, the local implementation of the NSF-funded Center for the
Integration of Research, Teaching and Learning at UW-Madison; (ii) the Crow Institute
for the Study of Evolution and the UW Institute for Biology Education; (iii) the two K12
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teachers that will join my lab for a summer. Content, name and ‘levels of advancement’
for this ‘license’ will be developed in collaboration with education experts and target
audiences. Many critical concepts are explained easily by using “dice”. To help spread
adoption of this ‘license’, | will offer workshops and work with undergrad software
developers to implement the core teaching material as a game-like interactive HTMLS
web application that can also be used on iPhones and Android phones. Measure of
Success: Development of course. Field test and revise with undergraduates and
teachers. Web app includes pre- and post- module assessment. Count downloads.
Goal E.3. Inspiring multiplicators: K12 teachers

Teachers are critically important in shaping the modeling skills of the next generation.
The Crow Institute for the Study of Evolution and the UW Institute for Biology Education
will establish contact with local science teachers. | will invite two to join my lab for the
summer to learn about modeling and bring their experience back into class rooms. | will
offer this Research Experience for Teachers once ¢ is more mature (ca. end of year 3),
so teachers will have a functioning tool and a few example models that they can take
back to school. | request funds for the summer salary of a teacher for 2 years. | expect
teachers to help me develop materials that will eventually allow myself and others to
effectively reach a K12 audience. We will integrate this with Goal E.2 and test such
materials during “Science Saturdays”, a regular event drawing many families with
children to the Wisconsin Institutes for Discovery, where my lab is located.

Measure of Success: Development of classroom ready materials, workshop materials
and outreach activities. Together with the teachers, | plan to offer a teacher workshop at
the Wisconsin Society of Science Teachers, where pre- and post- event questionnaires
will evaluate changing attitudes. For the materials used at Science Saturdays, we will
record how many kids are willing to stay engaged long enough to earn a badge.

Goal E.4. Inspiring underprivileged and minority students to consider modeling
With the right mentoring and training, minority students can become great modelers. |
have started mentoring Iratxo Flores-Lorca, a student with Hispanic background. He is
making good progress in facilitating the use of the existing ‘CVODE’ solver in the tools
my lab is developing. Later he will also build biological models using his work. | will work
with the McNair Program at UW-Madison to recruit first-generation and underrepre-
sented students to engage in research in my lab and, where possible, prepare them for
graduate school. Some of these students will be mentored by my graduate students and
postdocs, who will have been trained to be effective mentors (see above).

Measure of success: students recruited, change of attitudes towards modeling from pre-
and post- course assessments, models built, publications.

Goal E.5. Inspiring future modelers through undergraduate teaching modules
Undergraduate teachers have a large impact on the career choices of the next
generation. | hope to inspire the modelers of the future to actually become modelers. |
plan to use simplified ¢ models as examples when teaching undergraduates as part of
my 2 year “Introduction to Evolution” lectures and my elective “Introduction to
Evolutionary Systems Biology” course. This will expose students to the basics of ¢ and
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provide them with a point of contact for more advanced modeling needs they might
have later. To develop these materials and the assessment tools to measure their
success, | will participate in the Instructional Materials Development course offering
through the Delta Program. Through this course, a graduate student or postdoc from my
lab and | will develop the learning goals, the teaching materials, and the assessment
tools for a model unit. The same student may continue to work with me as a Delta intern
to implement the teaching materials in my courses and assess their impact.

Measure of success: Development of model unit. Field testing and revision of unit.
Goal E.6. Training modelers on the job: Postdocs and PhD students

My lab provides an excellent environment for interdisciplinary training, exposing
students and postdocs to the many disciplines needed for building good models. ¢ is an
integral part of research in my lab: Biologists use it to build better bio-models and give
feedback on ease of use, while more technically oriented researchers work on
improving its capabilities. Many students in my lab will use ¢ to learn about modeling;
their feature requests will help developers to advance the tools and mathematicians to
devise new algorithms. | plan to participate in Research Mentor Training through the
Delta Program at UW-Madison to most effectively mentor these students. | will also
encourage grad students and postdocs to participate in Research Mentor Training as
they begin to mentor undergraduate students in my lab, thereby training the next
generation of effective, interdisciplinary mentors. Measure of success: e-models built, ¢
bug reports and change requests turnover, publications using .

Goal E.7. Engage modeling scientists through collaborations & meetings
Successful integration of ¢ into research environments will be determined by (i) the
quality of the tool and (ii) adoption by fellow scientists. To increase both, | plan to bring
together modelers and experimental biologists who are interested in building effective
models of particular systems. This will happen at the level of local collaborations (see
Aim 3) and scientific meetings that | organize. | will organize local meetings in Madison,
in which researchers can explore ¢, consider ways to use it for their own research, and
provide feedback on how to improve it. To take these discussions to the national and
international level, | will apply to appropriate meeting programs, including working
groups, workshops, tutorials or short-term visits at the National Institute for
Mathematical and Biological Synthesis (NIMBioS) and the National Evolutionary
Synthesis Center (NESCent). | will also bring such discussions to the annual meetings
on evolutionary systems biology that | started in 2009 ([90]; e.g. with colleagues | will
apply for a workshop at the Banff International Research Station). | found such
interdisciplinary discussions to be critical for developing innovative approaches that
eventually will require tools; hence | want the output of such discussions to help steer
future € work. Meetings, my publications, and open source access to the tools are my
core dissemination strategy. Measure of success: Participation at ¢ meetings, feedback
from meeting participants about ¢, publications, number of code downloads.

Broader impact summary: | will help raise awareness for modeling across a broad
range of society, highlighting its importance for responsible decision-making.
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