Ministério da Salide

FIOCRUZ
Fundagéio Oswaldo Cruz

Integracao de Modelos
Biologicos

. Doutorando Fernando Medeiros

Apresentacao baseada em: Toward whole-cell models for science and engineering por Jonathan Karr




_

Produtos
Quimicos e
Combustiveis

Otimize o

rendimento

Minimize o
custo

T

.

Alimento Medicina
Otimizar o Prever prognosticos
rendimento Otimizar a terapia
Resistir a seca Maximizar a qualidade
Evitar a de vida
infeccao

Desafio central: prever o fendtipo do gendtipo



Exemplo: biossintese de drogas




Exemplo: biossintese de drogas




Exemplo: biossintese de drogas




Example: drug biosynthesis
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Exemplo: biossintese de drogas
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Exemplo: biossintese de drogas
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A previsao do fenotipo a partir do genaotipo requer modelos “célula inteira™



Whole-cell modeling principles
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Disponibilidade dos Dados
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Objetivos do Whole-cell model
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Whole-cell modeling

Awgrand "challenge of the 21stcentury
— Masaru Tomita

A biologia precisa urgentemente de uma base tedrica para unifica-la

— Sydney Brenner
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Desafio de modelagem de dados
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Modelling challenge
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Modeling challenge
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Predictive modeling methodologies

Boolean
Bolouri, 2000’s

FBA
Palsson, 1990’s

ODE
Shuler, 1970’s

Scope

PDE
Gillespie
Luthey-Schulten, 2011

Detail



Predictive modeling methodologies
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Solution: integrated models




Whole-cell modeling progress

A0 - e e

N
(@) ]
L

% annotated genes
3 3

o, N —
1970's 1990's 2000's
Coarse-grained FBA Boolean

ODEs models



Whole-cell modeling
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Whole-cell modeling




Model construction

1. Definir sistema
2.Definir escopo
3.Curar dados
4.Escolha a representacao
5.ldentifiqgue parametros

6. Testar previsoes



M. genitalium is well-characterized
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M. genitalium is well-characterized

A Purification, electron microscopy & modeling
Ribosome ANA
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Electron tomography

Genomic-scale data
Kuhner et. al, 2009



enitalium has unique engineering tools
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2. Escolher o escopo do modelo
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2. Escolher o escopo do modelo

« Representam explicitamente cada metabdlito, gene, RNA e proteing;
«  Modelam explicitamente a funcao de cada produto génico caracterizado;

«  Explica o custo metabdlico de todos os produtos génicos n&o
caracterizados

*  Representa moléculas importantes e bem caracterizadas individualmente



3. Fazer curadoria dos dados
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Karr et al., 2013



4. Selecionar a representacao matematica mais adequada
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Simular o algoritmo

Cell states
Cell states

Cell states




Module

Muitos recursos sao compartilhados
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O modelo da Mycoplasma contem 28 sub-models
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Example sub-model: Transcription
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Example sub-model: Transcription
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Example sub-model: Transcricao

1. Update RNA polymerase states 2. Calculate promoter affinities
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A reducao do modelo permite a identificacido de parametros

Molecule

1. Reduce model 2. Identify reduced model
_ parameters using
Experiment Model traditional methods
i
-
%
é 3. Manually tune parameters
using full model




Software: wholecell.org
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including in vivo rates of protein-DNA association

‘Graduate Program in Biophysics

ZDepartment of Bioengineering

Stanford University, Stanford, CA 94305, USA

3J. Craig Venter institute, Rockville, MD 20850, USA
“These authors contributed equally to this work
*Correspondence: mcovert@stanford edu

hitp://dx doi org/10.1016/ cell 2012.05.044

SUMMARY

Undersianding how compiex phenotypes arise from
individual molecules and their interactions is a
primary challenge in biology that computational
approaches are poised fo iackie. We report a
whole-cell computational model of the life cycle of
the human pathogen Mycoplasma genitalium that
includes all of its molecular components and their
interactions. An integrative approach to modsling
that combines diverse mathematics enabled the
simultaneous inclusion of fundamentally different
cellular processes and experimental measurements,
Our whole-cell model accounts for all annotated
gene functions and was validated against a broad
range of data. The model provides insights into
many previoc r behaviors,

/M YVHIVICTWOH WU IpDULlaGuui ial ivioucr
Predicts Phenotype from Genotype

Jonathan R. Karr,'# Jayodita C. Sanghvi,®* Derek N. Mackiin,? Miriam V. Guischow,? Jared M. Jacobs,?
Benjamin Bolival, Jr..” Nacyra Assad-Garcia,” John {. Glass,” and Markus W. Covert”"

ing the necessary model parameters. Subsaquently, alternative

S

First, until recently, not enough has been known about the indi-
vidual molecules and their inleractions o completely modsl
any one organism. The advent of genomics and other high-
throughput measurement techniques has accelerated the char-
acterization of some organisms to the extent that comprehensive
modeling is now possible. For example, the mycoplasmas,
a genus of bactena with relatively small genomes that includes
sseveral pathogens, have recently been the subject of an exhaus-
tive experimental sffort by a European consortium o determine
the transcriptome {Glisli et al., 2008}, proteome {Kiihner et al.,
20089}, and metabolome {Yus et al., 2008) of these organisms.
The second Emiting faclor has been that no single computa-
tional method is sufficient 1o explain complex phenotypes in
terms of molecular components and ther interactions. The first
approaches 1o modeling cellular physiclogy, based on ordinary
differential equations {ODEs} {Atlas et al, 2008, Browning
et al., 2004; Castelianos et al, 2004, 2007; Domach et al,
- by the difficulty in obtain-



« ODE models
« COPASI: copasi.org
* V-Cell: nrcam.uchc.edu
 Systems biology toolbox

* Boolean models
» CelINOpt

* Flux-balance analysis

» openCOBRA: opencobra.sourceforge.net
* RAVEN

* Integrative models
« E-Cell: e-cell.org
* Whole-cell: wholecell.org

» Standards
« SBML.: sbml.org
* CellML: cellml.org



A Whole-Cell Model Predicts Phenotype from Genotype
Cell Growth Metabolism
80 008"
4]
Q

&0 O

c0.-009

‘©

Growth
(fg h™)

Cpx

e e ¢ 0 69

. Q -
Ribosomes FtsZ
Active —Free 30S - Straight 2 © 0006 O 8 o
—Stalled — Free 50S — Bent ) 0 O O =

Chromosome Replication Initiation

tRNA rRNA mRNA Mon

Acid

NTP

Ri R2 R3 R4 RS : 5
— DNA — Protein — RNA Pol Functional DnaA Boxes Time (h)

wholecell.stanford.edu Time 00:00:01




Metabolite concentrations
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DNA binding
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Whole-cell modeling
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Validate model against experiments and theory

[1Matches training data [1Matches theory
[ Cell mass, volume [1Mass conservation
[1Biomass composition [1Central dogma
[L1RNA, protein expression, half-lives [1Cell theory
L1 Superhelicity [1Evolution
[1Matches published data [1No obvious errors
L1 Metabolite concentrations [1Plot model predictions
[1DNA-bound protein density [1Manually inspect data
[1Gene essentiality [1Compare to known biology
[1Matches new data [1Software stable
L1Wild-type growth rate [1Simulation code is stable

[1Disruption strain growth rates [1 Tests passing
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« Como podemos modelar fisiologia mais complexa?

« Como podemos modelar organismos mais complexos?

» Larger bacteria
 Eukaryotes
 Multicellularity
* Humans

« Como podemos usar modelos para direcionar a engenharia?
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