


























NI Challenge Grants:

Stimulating Biomedical Computation

he federal government’s recently passed stimulus package—the Computation and the
American Recovery and Reinvestment Act (ARRA)—provides NIH Challenge Grant
$10.4 billion to the National Institutes of Health, all dollars that High Priority Topics
must be spent in 2009-2010. The goal: to stimulate the U.S. economy
through support of scientific research. And, if recently announced T

Challenge Grants are any indication, ARRA will also stimulate computa-
tional research in biomedicine.

On March 5, the NIH announced that at least $200 million of the
ARRA funds will go to a new program called the NIH Challenge Grants
in Health and Science Research. According to the announcement, the
idea is to give a two-year “jumpstart” to specific scientific and health
research challenges in biomedical and behavioral research.

The announcement identified 15 “challenge areas” that encom-
passed 878 “challenge topics,” 207 of which are deemed “high
priority.” One of the 15 broad challenge areas is entirely computa-
tional. Called “Informational Technology for Processing Health
Care Data,” it covers four
percent of the topics. But

many of the other topics— NIH Challgnge
under other broad chal- Grant Topics by
lenge areas—are highly Broad Challenge Area

computational as well, as
shown by the charts on
this page. “It’s a step in
the right direction,” says
NCRR’s Michael Marron.

In the two charts shown here,
Biomedical Computation Review
(BCR) conducted our own review
of the Challenge Grant RFA. The
chart at right shows all 878 topics
categorized by broad challenge
area. The chart above shows the
207 “high priority” topics catego-
rized by the extent to which they
are fully computational, partially
computational (i.e., the solution
will involve both computational
and non-computational approach-
es), or potentially computational
(i.e., the topic addresses a problem
that could be addressed by com-
putational approaches if someone
with that expertise applies).
Courtesy of David Paik, PhD,
assistant professor of Radiology at
Stanford University and executive
editor for BCR.




nel from both computation and neuroscience. INCREASE FUNDING
Likewise the Physiome program announcement FOR COMPUTATION
required leadership representation from both Despite all the great work being done by
the modeling and biomedicine communities.  the various centers, Marron says, there simply
The Bioengineering Research Partnership  jsn’t enough money devoted to this area. “We
(BRP) program establishes interdisciplinary  could easily fund two to three times what we

partnerships between people from both biomed- o and still not be exhausting high quality
icine and engineering, with the aim that they  areas,” he says.

create a deliverable for the biomedical research The NIH, Marron says, is really behind in
community within a ten-year time frame. And  spending on computation and informatics com-
each of the 34 Clinical Translational Science  pared to the National Science Foundation, the
Awards, which are geared toward remaking the  Department of Energy, and many pharmaceuti-
clinical research enterprise, includes a bioinfor-  ¢al companies. According to Marron’s best
matics focus. guess, less than two to four percent of the NIH

The Biomedical Information‘ Resour(j_e budget goes to computation and bioinformatics
Network (BIRN) and the Cancer Biology Grid grants. “It’s peanuts,” he says. He thinks the

(caBIG) serve up a different model of connect-  jnyestment should be closer to 25 percent.

ing computation and biomedicine—by provid-  “There are many challenging computational
ing biologists and physicians with platforms that  areas where we could see rapid advances if we
allow them to share data and tools. could capture the computational tools to do it.”

The BIRN involved categorical sciences from Specifically, Marron favors much more fund-

the get-go, says Michael Huerta, PhD, director  ing for the development of enabling activities
of the National Database for Autism Research  |ike software and infrastructure. He'd like to see

and associate director at the National Institute of  more efforts like BIRN, that create processes,
Mentall Health (NIMH). NCRR lauI.IChed the  protocols, sharing agreements and middleware,
BIRN in 2001 to develop a national infrastruc-  “a]| the stuff that makes formation of a virtual
ture for biomedical research using neuroscience  rganization barrier-free.”

as a test-bed. When NCRR was just starting to And the NCBCs, he says, are a good start.
put BIRN together, Huerta says, the institute’s  “We would like to fund more and I think there
leadership engaged people in the categorical  ¢hould be more.”

institutes to find out what the biomedical In addition, Marron believes the NIH should
: “«
research community needed. “BIRN has grown  jnyest more to ensure the effective use of mas-
but alw?ys.wuh the gategqncgl institutes k?Pt sive amounts of data, Marron says. “The vast
posted, invited to meetings, invited to the review  amount of data collected today will never be
of grant applications and so forth,” Huerta says.  yiewed by humans, so you have to have tools to
“That proactive effort has transformed BIRN  {q this,” he says. And that raises huge questions
from a good idea to an infrastructure that is  of quality control, “How do you know what

increasingly important to neuroscience.” you're even looking at?” he asks. “You need to
BIRN confederates data and tools so that  have that built into your software tools so it’s

users can access them from across the network ¢ just garbage-in/garbage-out.

regardless of where they are stored or housed. Marron would like to see the NIH invest in
“And it does so in an invisible way,” Huerta  pew ways to build databases; discover data; visu-
says. “You don’t necessarily know where you're  jlize data; and analyze data. “We haven’t begun
getting things from.” Nowadays, with the BIRN ¢4 firm up tools for that. We're almost still at the
platform reaching production mode, NCRR is  |evel of spreadsheets.” Just finding usable data is
very interested in expanding BIRN to other  pearly impossible. “We should be supporting the
domains, Huerta adds. “I'm sure they'd be  development of machine-readable registries of
delighted if folks doing diabetes or heart/lung  data, so your machine can find it,” he says. And

research would start to increasingly use BIRN.”  hen there’s the problem of combining data of
) H HS : . .
The NCT's caBIG platform is similar, with a  varjous sorts (gene expression, proteomics and

set of standardized rules and a common vocab-  tissue mapping, for example) to come up with
ulary for applications, tools, and data shared  meaningful analyses. “It’s clear that getting a
through its infrastructure. Both BIRN and  handle on the etiology of disease is a multi-
caBIG were launched within specific research  dimensional problem,” he says.

communities (neuroscience and cancer, And more computer scientists need to be
respectively) but have potentially broader  engaged with the NIH, Marron says. “If we sup-
applicability—and may eventually link up to port 100 to 200 computer scientist awards at the
one another. “As time has gone on, these two  NIH, I'd be surprised. We should be supporting
platforms are getting closer to each other,”  thousands, from natural language, to database
Huerta says, “so that before too long, I think in  and networking experts,” he says, all with a
the next generation, you'll be able to work  devotion to improving biomedical research, of

” .
across them. course. Plus, there’s a need for computation
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associated with new experimental tools, such as
analyzing fluid dynamics for advanced ultracen-
trifugation techniques; or applying radar-imag-
ing techniques to high frequency MRI.

Marron also points to a lack of computer
expertise in the biomedical research community
at large compared to, say, the physics or astron-
omy communities. Clinicians and clinical insti-
tutions are particularly skittish about things like
choosing a computer system or accidentally
leaking out private data, which can cause them
a huge amount of grief, he says. “All of this is
more of an argument for why one needs to
invest in Centers like the NCBCs—to provide
centers of expertise so that everyone doesn’t
need to develop them on their own.”

AVOID DUPLICATION
WHILE LETTING A THOUSAND
FLOWERS BLOOM

In general, the NIH avoids funding redun-
dant research, say the interviewed program offi-
cers. Even for computation, which is widely dis-
persed, the grant review process weeds out pro-
posals that duplicate existing grants. And com-
munication and coordination efforts ensure that
where funded research has enough in common,
NIH program officers will bring researchers
together to make alliances or to work together.

On the other hand, it can be hard to avoid
duplication for computational pieces that are
not the main focus of a grant, says Remington.
“I hesitate to even think how much money
NIH invests in software engineers on ROl
grants to reproduce the same sorts of basic data-
base dissemination Web site tools over and
over again when really we could have one cen-
tral repository and do that sort of thing easily as
a service for the research community.” These
infrastructure problems may eventually be a
thing of the past as more people migrate to
common platforms like BIRN or caBIG, Huerta
says. But other kinds of duplicated effort remain

that are tougher to tackle, such as redundancy
in algorithms.

A few years ago, when the NLM asked peo-
ple to rewrite their algorithms in a standard for-
mat to be archived and maintained by NLM,
they got a surprising number of different algo-
rithms that did the same thing, Ackerman says.
Redundancy arises because people think they
can do better than what already exists. “So
you’re stuck with the redundancy to find out
whether it can be done better,” he says. And it’s
nearly impossible to discover why a person
chooses one algorithm over another. “Is it better
for one type of data than another? That’s a nut
we've never cracked.”

The same problem exists at the NCI,
Gallahan says. For example, a number of groups
have independently developed microarray
analysis programs. “The NCI Center for
Bioinformatics and its director, Ken Buetow,
really have had to come to grips with what to
do with all of these programs that we’re sup-
porting,” he says. It’s a daunting task partly
because scientists by their nature want to
explore things in their own ways and are wed-
ded to their application and their own research
area. “So that can spawn redundancy with an ‘I
can do that better’ sort of attitude,” he says.
“You have a lot of people pursuing different
avenues, all with the best intentions.”

Larkin discovered the same phenomenon
when she asked her NHLBI systems biology
grantees whether they’d be interested in some
way to facilitate sharing of code, software or
models. Could they leapfrog off others’ work in
order to go farther and faster? The response was
mixed. In addition to intellectual property con-
cerns, the researchers had another problem:
Sometimes solutions are over-specified so that
in fact it’s meaningless to share code. “Just
because it works perfectly for one researcher
doesn’t mean it will be helpful to anyone else,”
she says. “There also may be more than one

( e were surprised at the number of different
algorithms that do the same thing,” Ackerman
says. “And then the question, which we’ve

¥ never gotten an answer to—why did you you choose Max's
~ algorithm rather than Joe’s algorithm? Is it better for one type
" of data than another? That’s a nut we've never cracked.”
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effort,” Larkin says,

times you end up wit
|—a radial instead of a

whee

good solution to a problem. Sometimes it’s a real
loss to reinvent the wheel because it’s a wasted
effort. But other times you end up with a better
wheel—a radial instead of a Conestoga wagon
wheel, for example.”

One of the best ways to reduce duplication,
Larkin says, is for the NIH to develop efficient
ways to share software and other computational
tools—which remain

- —

ometimes it’s a real l0ss
to reinvent the wheel

because IT's a wasted
ngut other

h a better

C onestoga wagon wheel,
for example.”

hard to find even when
they are posted to the web. The NIH already
supports a variety of such efforts.

The Biositemaps project launched by the
NCBCs has been discussed in this magazine
before (see Winter 2008/09 Issue of BCR). “It
might be a real lightweight, decentralized solu-
tion,” Larkin says. Many of the categorical insti-
tutes also have their own solutions. caBIG con-
nects resources for NCI researchers. In the neu-
roscience arena there’s the Neuroimaging
Informatics Tools and Resources Clearinghouse
(NITRC), designed to facilitate the dissemina-
tion and adoption of neuroimaging informatics
tools and resources; and the Neuroinformatics
Framework (NIF) provides a concept-based
query language for locating all types of neuro-
science resources—including computational
ones. And heart researchers can turn to the
Cardiovascular Research Grid, while PhysioNet
houses analysis tools for looking at medical time
series data. There are also repositories for vari-
ous categories of tools—for example, Simtk.org
for physics-based models and simulations; or the
ITK/VTK repository for visualization tools.

“So there are many sorts of solutions due to
different cultures in different areas,” Larkin says.
And like other duplicative efforts, we don’t yet
know which ones are the best ones. “I’d be loath
to restrict the solution set now,” Larkin says,
“because we might guess wrong.”
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STRATEGIZE TRANS-NIH

Bioinformatics and biocomputation cut
across all of the institutes’ research programs.
This makes coordination among the institutes
somewhat challenging. Over the years, a variety
of informal coordinating groups have managed
different trans-NIH programs involving compu-
tation. The Biomedical Information Science
and Technology Initiative Consortium (BISTI)
is perhaps the best-known and longest-lived.
Launched in 2000, it brought together program
officers from across all the institutes. And it
developed the NCBC program.

“The NCBC:s are our best example of how to
do things together, but it’s a teeny-tiny exam-
ple,” Remington says. “It needs to be taken up a
notch...to achieve synergy in an area like com-
putation that cuts across so many fields.”

What’s missing, as Remington sees it, is a
data-driven, comprehensive strategy for coor-
dinating computation across the NIH. To
Remington, the problem has two compo-
nents: The lack of information about the
trans-NIH investment in computation; and

the lack of a coordinating group vested with
power to act strategically.

“We have precious little understanding of
what our real investment is across the insti-
tutes,” Remington says. In February 2009, the
NIH launched a database (called Research
Condition and Disease Categorization) that,

for the first time, allows trans-NIH portfolio
analysis. This will help the NIH deliver manda-
tory reports to Congress about its investment in
specific disease areas. “It stands to be a really
big improvement in our relationship with the
public,” Remington comments. But it's not
likely to help identify the trans-NIH invest-
ment in computation because, Remington says,
it’s built largely on a biomedical vocabulary.
“So to do an analysis on computational net-
works, the word networks will come into play
but it won’t turn up as computer networks. It
will give networks of genes or hospital net-
works,” she says. “The system is ill-tuned
towards anything related to computation.”

Another portfolio-analysis tool called the

Electronic Scientific Portfolio Assistant, or
eSPA, which has been evolving within the
National Institute of Allergy and Infectious
Diseases, allows users to dynamically probe and
poke things to see how money is being spent. In
May of 2008, it was opened up to a pilot pro-
gram involving 17 Institutes and Centers.
According to Huerta, “NIH really is investing
in giving us the informatics capabilities that we
need to know what’s happening.” And though
he hasn’t tried eSPA yet, Huerta has been told
it's quite powerful. “In the future, this will
empower program officers to know what’s going
on beyond their own portfolio and beyond what
they happen to hear about.”

www.biomedicalcomputationreview.org



Huerta and Remington both hope eSPA
will prove useful for a trans-NIH computation-
al portfolio analysis. “That’s the piece that has
been missing from this BISTI consortium,”

= = —
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best example of

how to do things
together, but it's a teeny-tiny
example,” Remington says. “It

needs to be taken up a notch...
to achieve synergy in an

area like computation that
cuts across so many fields.’

I

Remington says. “As functional as it has been
over the years, it has really been unable to look
across institutes in a real data-driven way, to
analyze across the NIH where our investments
are going.”

NIH also lacks a coordination effort vested
with actual authority, says Remington. “BISTT is
really more ad hoc than I think is called for
given the need.” BISTI relies on voluntary par-
ticipation by program officers at multiple insti-
tutes, and some institutes participate more than
others. “It doesn’t have the same sort of strate-

(o s functional as [BISTI] has been over the

he NCBCs are our

gic-planning capability as would be best-suited,
[ think, for moving us forward in this area,”
Remington says.

Gallahan agrees. While trans-NIH programs
like BISTI help communicate what’s
going on among the various insti-
tutes, “they don’t have the same sort
of gravitas of resources and public
awareness as things that come from
the Office of the Director, like the
Roadmap, or even some specific pro-
grams at the NCI,” he says.
Admittedly, he says, NCI is less
dependent on BISTI, partly because
its internal resources and overall
scope allow it to frequently act inde-
pendently. “There might be some
benefit to more of a top-down
review of computation with some
power behind it. But where do you
define the point of asking?
Sometimes it’s at the Health and
Human Services Department level,
the NIH level, or we might think it’s
at the NCI level.”

To Remington, the next logical
progression from BISTI is to have a
consortium, perhaps based in the
Office of the Director, that strate-
gizes carefully about where NIH
investments are going and tries to
leverage things that are clearly
trans-NIH. “A group that leverages no-brainers
for us to do together instead of funding over and
over again the same thing, institute by insti-
tute,” she says. Of course each institute will
have its own strategic plans and its own things
they need to do. “But in a cross-cutting area like
informatics and computation,” she says, “we
could really leverage that effort better if we
came together to develop a strategic plan that’s
coordinated, that’s not institute by institute.”

The Roadmap was eye-opening for many at
the NIH, Remington says. “The Institutes start-

years, it has really been unable to look

¥

across institutes in a real data-driven way,

" to analyze across NIH where our investments are

' going,” says Remington.
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sharing intellectu
piocomputation @
of that potential

ed to realize how much potential savings there
could be in sharing intellectual capital and
resources. ... And bioinformatics and biocompu-
tation are really a sweet spot of that potential.”

DEVELOP COMMON
APPROACHES

To Huerta, one of the things that’s hindering
the success of biocomputation is the lack of
common approaches—common data formats,
common vocabularies, common ontologies and
common long-term data reposito-

he Institutes st
realize how M

savings there C
al capital and

And b\O\ﬂfOr
re really @

ries. The NIH needs to take the lead on this
because individual communities won’t do it on
their own, Huerta says. “They’re interested in
the research. They're interested in what genes
are involved in autism or what peptides are
involved in myocardial infarction. They are not
driven by ‘what should we call the peptide,” or
‘what data format should we use?”

It’s particularly problematic for communi-
ties that are organized around a particular data
type that might cross institute boundaries—
for example, signaling data, which is relevant
to NIMH, NHLBI, NCI and others. “How
does NIH encourage the development and use
of common approaches by such research com-
munities!” he wonders. “They are not going to
organize around these things, and there really
isn’t a way to do this right now. So I see this
as a major need that NIH has. [ call it com-
munity-based solutions for community-wide
needs because the solutions are going to come
from the community to serve the needs of the
community.”

Getting communities to rally around com-
mon approaches requires a different mechanism
than a typical research grant. “Really what folks
need is organizational and operational support.
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We could serve as a way to organize around
these issues where they wouldn’t be self-orga-
nized,” Huerta says. “That’s kind of on the hori-
zon of what NIH needs to start paying attention
to. And in fact we're doing some of that. We
haven’t gotten there yet.”

The NIH also has to address the fact that
common approaches are dynamic and require
ongoing support to be updated, Huerta says.
Cohen agrees, emphasizing the particular need
for long-term data management.

“NIH has to answer some ques-
tions about how to support
large datasets and make them
available after a grant ends,”
Cohen says. Perhaps with the
development of common
approaches, this will become
an easier problem to handle.
Taking it to the next
level, says Gallahan, com-
mon approaches in the com-
putational area will also
help researchers explore
commonality among dis-
eases, which will in turn
help guide ways to inter-
fere with disease. Gallahan
points to a paper pub-
lished last year by Albert-
Laszlo Barabasi, [covered
. in the Fall 2007 News
Bytes section of this mag-
azine] that was able to find this sort of inter-
connection among diseases. Thus, Gallahan
says, “Modeling might be able to do scientifically
what we’re unable to do administratively.”

COMPUTATION
IS THE FUTURE

Ask Gallahan why computation matters to
the NCI, and he’ll tell you that it’s the future.
“Much as molecular biology opened the world
at that scale to manipulation, I think computa-
tional biology is going to bridge many of the
challenges we have in dealing with biological
complexity.”

The effort to cure cancer is particularly on
point. Over the last 15 years, Gallahan says,
they haven’t seen as many advances as the
institute would like. “And I think that’s part-
ly because it is such a complex disease,” he
says. The greatest advances have tended to be
very targeted therapies that affect a limited
(albeit important) population. And after treat-
ment with these therapies, sometimes the
tumors reappear, having gained resistance to
the drug. The lesson: The problem of cancer
requires a better understanding of the disease’s
complexity. “And in order to understand and
integrate that, we’re going to need these com-
putational approaches.” []

www.biomedicalcomputationreview.org



Under TheHood

BY BIN DONG

The Implicit Representation
of Biological Shapes and Forms

maging, geometric modeling, representation and com-

puting of shapes and forms are important components of

modern computational biology. These processes apply

across wide spectra of scales, genotypes and phenotypes, from

microarray imaging for genomics, to neuroimaging of human

brains. One of the most fundamental image processing prob-

lems is the representation of shapes and forms. There are two

popular ways of representing biological shapes: parameteriza-

tion-based (explicit) representation and implicit representa-

tion. Parameterization-based representation codes important

shape information into geometric variables (such as the ver-

tices of a triangle in a triangular mesh, and how the vertices

relate to one another—i.e., whether they are connected by

an edge) and topological variables (such as whether there are

holes in the shape or not, e.g. the difference between a ball

and a donut). In contrast, implicit representations are fre-

quently described via level set functions and their siblings. A

level set function is usually defined to take negative values

inside the shape and positive values outside, and hence its

zero level set (i.e., the set of points on which the function

takes zero values) describes the shape. Both types of repre-
sentations have their own advantages and disadvantages.

The major advantage of using triangular

meshes to represent biological shapes is the

efficiency of data storage and algorithmic

development. We can represent and process

(@) a high-resolution high-accuracy shape

without using excessive physical memory.

However, one drawback of using a triangu-

lated surface is its inflexibility in terms of

(b) topological changes (e.g., merging of two

bubbles). This is rather critical for some

cases. Topological changes affect many

shape-processing procedures, e.g., shape

(c) restoration and segmentation. Whenever

topological alterations occur, the original

triangular mesh becomes degenerate and

demands retriangulation or surface correc-

d) tion. Take shape restoration, for example:

Topological changes may happen so often

Figure 1. Topological  that it demands constant shape retriangula-

tion, which makes processing algorithms

computationally inefficient.

changes induced by
merging two bubbles.

DETAILS

Bin Dong is a graduate student in the department of
Mathematics at the University of California, Los Angeles
(UCLA). He is an investigator in the Center for

Computational Biology and the Laboratory of Neuro
Imaging at UCLA. His work focuses on the application
of variational methods and partial differential equations
in medical image processing.

As for implicit representations of
shapes, taking level set functions as an
example, the major advantage is their flexibility in terms of
topological changes. Whenever shape-processing introduces
topological changes, implicit representations are more flexi-
ble and convenient than parameterization-based representa-
tions. Let us look at the simple example in Fig. 1, where we
are animating the merging of two bubbles
in 2-D. From (a) to (d) in Fig. 1, the
two bubbles are growing at a con-
stant speed with their centers
fixed. Topological change hap-
pens at (c), where the two bub-
bles touch and then merge into
one bubble. It is very easy to
implement this motion when the bub-
bles are represented by a level set func-
tion. All we need to do is solve a cer-
tain differential equation. If the
bubbles are parameterized, how-
ever, we would need to constant-
ly check if merging is about to
happen, and when it does, repa-
rameterize the shape. This makes
the computational implementa-
tion rather complicated.

In addition to topological flex-
ibility, implicit representations
are more natural in representing biological shapes for practi-
cal purposes, because the shapes extracted from modern imag-
ing data, e.g., MRI, CT and ultrasound images, are intrinsi-
cally implicitly represented in the first place. Also, since level
set functions are usually defined on standard Euclidean grids,
most level-set based algorithms are very easy to implement.
However, in contrast to the parameterization-based represen-
tations, implicit representations are usually not very efficient
in storing the data. Indeed, surface data, which is essentially
2-D, is implicitly saved as a 3-D function. The problem
becomes more severe when we are dealing with high-resolu-
tion shapes. In general, efficient storage and manipulation of
high-resolution implicit shapes is challenging when we need
to keep all the existing features of the representation.

One example where the level set representation may be
more appropriate is cortical surface restoration, where topo-
logical changes are unavoidable. In Fig. 2, we show how non-
local means (NLM) [1], where the cortex is represented by a
level set function, can automatically remove the many small
isolated bubbles that arise from segmentation errors.

REFERENCES:
[1]. Bin Dong, Jian Ye, Stanley Osher, Ivo Dinov. Level-set-
based nonlocal surface restoration. In Multiscale Modeling and
Simulation, 7(2), 589-598, 2008. []

Figure 2.
top: original, noisy cortex data;
below: NLM processed cortex.
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SeeingScience

BY KATHARINE MILLER

Building RNA 3-D Structure

function—including its role in disease. However,

the structure of most RNAs is unknown because
their extreme flexibility and high charge make them dif-
ficult to crystallize. In addition, prediction of RNA
structure based only on its nucleotide sequence remains
elusive for all but the smallest molecules.

Aiming to bridge the gap between successful sequence-
based structure prediction codes that predict the structure
of small RNAs and unsuccessful attempts to predict larger
ones, Samuel Flores, PhD, a postdoc in bioengineering at
Stanford University, and his colleagues have developed a
rigid body dynamics software program called RNABuilder.
Because the software relies only on readily available infor-
mation such as base-pairing
contacts (which are often known k|

The structure of RNA is an important key to its

even when the full 3-D structure of q /L_‘

L
the molecule is unknown), it provides y
experimentalists with a long-awaited tool e
to quickly model possible structures based on -

limited experimental information. The predicted iy
s

structures and folding pathways provide insight to
guide further experiments.

code library. Simbody’s Contact subsystem is used to
economically account for steric and Coulomb repulsion.
Selected bonds are rigidified to reduce the number of
bodies for greater economy. For tRNA and the P4/P6
domain of the Tetrahymena ribozyme, the program has
been shown to recover the correct topology, base-pairing
contacts, and overall structure using only the base-pair-
ing information that was available before the three-
dimensional structure was known. [

DETAILS: RNABuilder is an RNA modeling program
based on Simbios’ Simbody code for multi-body
mechanics, which is freely available as part of the
SimTK toolkit (http://simtk.org/home/simtkcore). A
workshop on using RNABuilder and NAST (see Simbios
News column in this issue) will be held at Stanford
University on June 19, 2009. For more information,
contact Blanca Pineda, bpineda@stanford.edu.

RNABuilder mimics how
RNA is made in nature—
enforcing base-pairing starting
at the 5’ end and finishing with
the 3’ end. It uses Simbody,
SimTK’s Multibody Dynamics

Above, moving from left to right, RNABuilder simulates the fold-

ing of transfer RNA by pulling paired bases together in the order i
they may form under biological conditions. Initially, the 5’ end
emerges from the polymerase and begins to base pair according

to the known secondary structure (inset). Progressively, the all-

atom 3-D structure of the tRNA forms.



