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In silico experiments In
bioinformatics
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Implementing In silico
experiments

Manual

e Open series of browsers
e Copy and paste data between browsers
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Taverna: a tool for the composition and
enactment of bioinformatics workflows

Tom Oinn?, Matthew Addis?2, Justin FerrisZ, Darren Marvin?,
Martin Senger?, Mark Greenwood®, Tim Carver?, Kevin Glover®,

Matthew R. Pocock®, Anil Wipat® and Peter L5 *
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Taverna workflow system
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Scripts e.g. beanshell, R

Scufl Simple Conceptual Unified Flow Language

Taverna Writing, running workflows & examining results
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Identify differentially
expressed genes
using t-test with R

{§2" Configuring Rserv for performT_tests

?55"‘Pt§| Input ports | Qutput ports | Connection settings || Info

getMeasurementames |

R Script

#Load data
control <- read.csv(file=control_csv, head=TRUE, sep=",");
test <- read.csv(file=test_csv, head=TRUE, =sep=",");

#Transpose data and convert to data frames
tControl <- ti{control);

tControl <- data.frame(tControl);

tTest <- titest);

tTest <- data.frame(cTest);

#Do t-test
ttest <- wapplyit.test, tControl, tTest)

#Transformw as data frawe and cranspose
ttest <- data.frame(ctest)

LLest <- L(LLest)

ttest <- data.frame(ctest)

#Look for genes at the 1% level
Sig <- subset(ttest, p.value < 0.01)

#Ger names of significant gens names
£ <- rownames(sig)

#output names of genes as csv file
write,csvif, eol = "in", file=file):

Retrieve microarray
data from maxd

selectC ontrolData |

Use Gene Ontology to find
common functions
associated with genes

e

Microarray data analysis
workflow



MYEXperiment repository of
workflows
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Systems biology workflows In
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Importance of data standards In
systems biology modelling

e Builds on established data standards In
systems biology

— SBML
— MIRIAM



Systems Biology Markup
Language
For representing models of biochemical
networks, e.g. metabolic pathways
A machine-readable, XML language

Enables the use of multiple software tools
without rewriting models for each tool

Enables models to be shared and
published in a form other researchers can
use even In a different software

environment | ; ;ML




Minimum information
requested for the
Annotation of

biochemical Models
{MRib_B/Yuidelines for annotating

guantitative models of biological
systems
* Explicitly identify species, e.g.
metabolites and enzymes by
annotation with URIs to CV terms
and external database identifiers
* Chebi Ids
* Uniprot Ids

MIRIAM used in creation of

consensus model of yeast metabolism

@ 2008 Nature Publishing Group hitpJ/Asww.nature comnaturebiotechnology

PERSPECTIVE

A consensus yeast metabolic network reconstruction
obtained from a community approach to systems

biology

Markus l]-[errg:ﬁidl‘ 1920 Neil Swainston®20, Paul Dobson™!, Warwick B Dunn4, K Yalgin Arg.n;, Mikko Arvas®,
Nils Bliimgens";, Simon Borge13, Roeland Costenoble®, Matthias Heinemann®, Michael Huckal®,

Nicolas Le Novére! l, Peter ]_iz"‘,‘r‘v’olfmm ]_iebermeistera,Mouica 15 Mol,Am Paula Olive[mlz, Dina Petnmovitu"lg,
Stephen Pettifer™, Evangelos Simeonidis®”, Kieran Smallbone®!3, Irena Sp;lsifz‘j, Dieter Weichart*4,

Roger Brent!4, David S Broomhead™!?, Hans V Westerhoff 715, Betiil Kirdar®, Merja Penttili®, Edda }Clipps,
Bernhard @ Palsson', Uwe Sauer®, Stephen G Oliver™!8, Pedro Mendes®!7, Jens Nielsen '8 & Douglas B Kell**4

Genomic data allow the large-scale manual or semi-automated
assembly of metabolic network reconstructions, which provide
highly curated erganism-specific knowledge bases. Although
several genome-scale network reconstructions describe
Saccharomyces cerevisiae metabolism, they differ in scope
and content, and use different terminologies to describe the
same chemical entities. This makes comparizons between them
difficult and underscores the desirability of a consolidated
metabolic network that collects and formalizes the ‘community
knowledge’ of yeast metabolism. We describe how we have
produced a consensus metabolic network reconstruction

for §. cerevisiae. In drafting it, we placed special emphasis

on referencing molecules to persistent databases o using

5 this permits their chemical structure to be represented

&_i database-independent forms, such as SMILES or InChl strings,

unambiguously and in a manner that permits automated
reasoning. The reconstruction is readily available via a publicly
accessible database and in the Systems Biology Markup

L (hitpefwe p-sys-bio.orgiyeastnet). It can be
maintained as a resource that serves as a common denominator
for studying the systems biology of yeast. Similar strategies
shiould benefit communities studying genome-scale metabolic
networks of other organisms.

Acourate representation of biochemical, metabolic and signaling net-
works by rmathematical models is a central goal of integrative systems
biclogy. This undertaking can be divided into four stages!. The first is
a qualitative stage in which are listed all the reactions that are known
to ocour in the system or organism of interest; in the modern era, and
especially for metabolic networks, these reaction lists are often derived
in part from genomic annotations®? with curation based on literature
("bibliomic') data®. A second stage, again qualitative, adds known effectors,
whereas the third and fourth stages—essentially amounting tomoleailar
enzymology—include the known kinetic rate equations and the vahies

“A I3t of afflliations appears at th end af the paper.
Published anline @ October 2008; dok: 10. 1038/ b1 482
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of their parameters. Armed with such information, it is then possible to
provide a stochastic or ordinary differential equation modelof the entire
metabolic network of interest. An attractive feature of metabolism, for the
purposes of modeling, is that, in cont rast to signaling pathways, metabo-
lismis subject to direct thermodynamic and (in partioalar ) stoichiometric
comstraints?, Our focus here is an the first two stages of the reconstruction
process, especially as it pertains to the mapping of experimental metabo-
lomics data ento metabolic network reconstmuctions.

Besidesbeing an industrial workharse for a variety of biotechnological
products, 5. isahighly developed model arganism for biochemi-
cal, genetic, pharmacological and post-genomic studies”. It is especially
attractive because of the availability of its genome sequence®, a whiole series
of bar-coded deletion”® and other® strains, extensive experimental ‘omics
data'® " and the ability to grow it for extended perinds under highly con-
trolled conditions', The very active scientific comrunity that works an

cene has a history of collaborative ressarch projects that have led to
substantial advances in our understanding of eukaryotic biclogy®£131817,
Furthermare, yeast metabolic physiology has been the subject of inten-
sive study and most of the components of the yeast metabalic network
are relatively well characterized. Taken together, these factors make yeast
metabalism an attractive topic to test a commmunity approach to build
models for systems biology.

Several groups'* ' have reconstructed the metabsolic n etwork of yeast
from genomic and literature data and made the reconstructions freely
available. However, due to different approaches used to create them, as
well & different interpretations of the literature, the existing reconstruc-
tions havemany differen ces. Additionally, the naming of metabalites and
enzymnes in the existing reconstructions was, at best, inconsistent, and
there were no systematic annotations of the chemical species in the form
of links to external databases that store chemical compound informa-
tion. This lack of model annotation complicated the use of the models
for data analysis and integration. Members of the yeast systems biology
comrmunity therefore recognized that a single ‘consensus’ reconstruction
and annotation of the metabalic netwark was highly desirable as a starting
point for further investigations.

A crucial factor that enabled the building of a consensus network recon-
struction is the ability to describe and exchange biochemical network




Supporting MCISB informatics
Infrastructure for modelling




Model construction workflow
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Use of IbSBML API in workflow






Results
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Parameterisation workflow

e Data requirements
— Qualitative SBML model

— Starting concentrations for enzymes and
source metabolites

« Key results database

— Enzyme kinetics
« SABIO-RK database web service



SABIO-RK web service




Parameterisation workflow



Results



Video demo

1. Model construction workflow
2. Parameterisation workflow



Calibration workflow

« Data requirements

— Parameterised SBML
model

— Experimental data

 Metabolite
concentrations from key
results database

e Calibration by
COPASI web service



COPASI web service



Results



Simulation workflow

e Using COPASIWS



Results



Summary



Future work

* Apply work to other organisms, e.g.

human

— Requires SBML data annotated to MIRIAM
guidelines

The Edinburgh human metabolic network iodels
reconstruction and its functional analysis

Hongwu Ma', Anatoly Sorokin', Alexander Mazein', Alex Selkov? Evgeni Selkov?, Oleg Demin® and Igor Goryanin'*

Global reconstruction of the human metabolic
network based on genomic and bibliomic data

Natalie C. Duarte, Scott A. Becker, Neema Jamshidi, Ines Thiele, Monica L. Mo, Thuy D. Vo, Rohith Srivas,
and Bernhard 0. Palsson*
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