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All systems go: launching cell simulation fueled by integrated experimental biology data Masanori Arita1,2, Martin Robert1 and Masaru Tomita1 Biological simulation serves to unify the basic elements of systems biology, namely, model selection, experimentation and model refinement. To select biochemical models for simulation, metabolome analysis can be performed using capillary electrophoresis or liquid chromatography coupled with mass spectrometry. In this manner, selected models can be elaborated with temporal/spatial gene and protein expression data obtained from model organisms such as Escherichia coli. The E. coli single gene deletion mutant library (KO collection) and His-tag/GFP-fusion single open reading frame clone expression library (ASKA) are powerful resources for this task. The integration of parallel experimental datasets into dynamic simulation tools forms the remaining challenge for the systematic analysis and elucidation of biological networks and holds promise for biotechnological applications. Addresses 1 Institute for Advanced Biosciences, Keio University, 403-1 Nipponkoku, Daihoji, Tsuruoka, 997-0017 Yamagata, Japan 2 Department of Computational Biology, Graduate School of Frontier Sciences, University of Tokyo, Kashiwanoha 5-1-5 CB05, 277-8561 Kashiwa, Japan Corresponding author: Tomita, Masaru ([email protected])
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Introduction Computational models have crucial roles in the analysis of complex biological systems [1,2]. A single type of largescale experimental analysis of molecular interactions or cellular states (e.g. microarray, yeast two-hybrid assay or metabolic profiling) is insufficient for elucidating biological functions in specific biological contexts. Multiple, often heterogeneous sets of experimental data must be integrated and comprehensively analyzed to untangle the complexity of signaling, regulatory and metabolic pathways, together with their crosstalk [3,4]. Toward this goal, systems biology advocates the iterative process of making models, obtaining experimental data, and reconciling discrepancies between model predictions and experimental outcomes. For such comprehensive studies, target Current Opinion in Biotechnology 2005, 16:344–349



species are often bacteria with known genome sequences and a small number of genes [5]. In systems biology, computational analysis is expected to contribute in three ways. First, is the manifestation of each pathway’s role within the context of others. The declarative representation of biological knowledge, in a visual or graphical format, enables us to view the model and has a major role in systems data analysis [6]. Second, computational analysis is used to estimate model components or to assign parameters that are experimentally indeterminable. Abstract, high-level models are refined to more physicochemical, low-level models through this step [7]. Third, computer simulations can predict a system’s behavior under perturbation. Simulation results are used to generate new testable hypotheses and to improve models, and thus close the iterative cycle of systems biology (Figure 1). Computer simulation of biological systems, in a broad sense, should act as the interface to the above three tasks — forming a bridge between computer scientists and experimental biologists and between our understanding and the real-life form (Figure 2). In this review, we introduce recent advances and efforts in both software and experimental platforms that have helped us move toward this integrative goal and, as a case study, introduce our activities in collecting the necessary, comprehensive data.



Metabolome analysis to reveal decomposable models The first step in systematic simulation is the selection of an appropriate model among all possible candidates. This process can be called model search, and is already within the territory of mathematical modeling [8,9]. Usually, metabolic or signaling pathways for simulation are selected on the basis of functional modules. Therefore, modularity or decomposability is an indispensable prerequisite of simulation models. Formally, a model is considered to be decomposable if its interactions in each module are independent of those in others, and each module contains no context-dependent internal states. In other words, each module has well-defined inputs and outputs and behaves deterministically depending on its inputs, as does a logic gate in electronic circuits [10]. The requirement for decomposability is natural, because a simulation model itself corresponds to a subset of the whole cellular process map. The ability to decompose a manifested model must be statically verified before analyzing its network dynamics. For example, whether www.sciencedirect.com
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Basic outline of the systems biology approach and simulation. CE/LC-MS, capillary electrophoresis/liquid chromatography mass spectrometry.



certain metabolites can be synthesized in a selected model is one such criterion to be verified at the manifestation level. A straightforward way to identify biochemical modules for modeling is through the measurement of related metabolite concentrations. As most biosynthetic/degradation pathways are well known and conserved across species, we can estimate corresponding modules from the list of regulated metabolites. A comprehensive study of metabolites in this manner is termed metabolome analysis. In metabolome analysis, separation methods such as capillary electrophoresis (CE), liquid chromatography (LC), and gas chromatography have been used in combination with mass spectrometry (MS) to monitor and quantify metabolites present in a sample. As a large number of metabolites are highly polar and charged, standard LC-MS based methods are limited in their



capacity to separate a broad range of metabolites. To overcome this, Soga and co-workers [11–14] developed a series of CE-MS-based methods that allow the selective and quantitative analysis of polar metabolites in complex samples. The methods allowed the detection of close to 1700 different peaks and highlighted quantitative changes in multiple metabolites during Bacillus subtilis sporulation [15]. A similar study is currently ongoing to quantify metabolic changes in Escherichia coli during different growth phases and on different media (T Soga, personal communication). If necessary, further improvement in the separation resolution can be obtained by using a combination of reverse-phase LC followed by CE [16]. For a rapid and comprehensive survey of metabolites, Fourier transform ion cyclotron MS (FTIC-MS) and time-of-flight (TOF) MS infusion-based methods have drawn interest [17–20]. Although the very high mass resolution of FTIC-MS allows a large number of meta-
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bolites to be simultaneously measured, the commonly used infusion MS scheme without in-line separation makes it difficult to quantify metabolites owing to matrix effects or ion suppression. TOF-MS systems, which can be easily linked to a CE system and which have mass resolution approaching that of FTIC-MS, will prove more powerful for the identification and quantification of metabolites. Exhaustive metabolite profiling is still in its infancy; however, one interesting characteristic of the metabolome is that although overall its functional components are highly diverse, they are completely identical across species. In contrast to protein and DNA sequences which vary in composition during the course of evolution, metabolites are structurally identical regardless of the cell type or species. Thus, a suitable method for identifying particular metabolites can be used across any species with little additional cost. Once a complete catalog of metabolites is established and suitable analytical methods are developed (e.g CE-MS/LC-MS etc.) it is simply a matter of surveying their presence or absence in a particular sample.



Data acquisition is our imminent task To complement the static analysis of a biochemical network, microarray-based gene expression data can be used to observe its responses under temporal conditions. Assignment of gene expression data to a known network or module leads to the refinement of network models or to the observation of regulatory and physiological shifts in response to different stimuli [15,21,22,23,24]. For more in-depth analysis of temporal behavior, model components need to be instantiated by assigning appropriate mathematical frameworks. Typically, a low-level description of molecular interactions is based on chemical kinetics and ordinary differential equations (ODEs), such as the classical Michaelis–Menten’s formulation, generalized mass action, or the S-system (Savageau’s Biochemical Systems Analysis). Recent advances in experimental technologies start to provide data for such numerical modeling. As for protein localization and abundance, two exhaustive studies were reported by collaborating groups making use of a conceptually similar endogenous open reading frame (ORF) tagging system in yeast [25,26]. These ingenious, yet simple, experimental systems uncovered the intracellular localization and the absolute quantity of most yeast proteins. Currently available data represent the cellular situation under only a limited number of conditions, and the amount of information is still far less than required for partial differential equation (PDE) models, which consider spatial distributions. Although some simulators support general PDE solvers [27], the lack of appropriate representation of subcellular architectures, and the lack of Current Opinion in Biotechnology 2005, 16:344–349



experimental techniques for measuring parameters in natural, compartmentalized conditions, make PDE simulations far more difficult than their ODE counterparts (see Update). There are many challenges that we have yet to overcome in large-scale data collection and interpretation. Gene expression levels and protein abundance were recently demonstrated to be poorly correlated [28,29], indicating the importance of obtaining data at more than one level of biological information to make sense of the information. The same is probably true for the correlation of intracellular enzyme levels with metabolite levels. Moreover, a recent analysis of yeast functional genomics data accumulated so far has demonstrated how careful we have to be in interpreting sometimes poorly overlapping largescale datasets and the inherent bias of experimental approaches [30]. Another important issue is that most large-scale experiments to date give an idea about the average value of gene, protein or metabolite expression levels in a cell population; for example, it is unknown whether intermediate gene expression levels result from a mixture of individual cells in either the on or the off state [31–33]. Ultimately, what we need is technology for the noninvasive measurement of rates and concentration of reactants in a single cell [34]. Without such measurements, the biological context where interaction data has meaningful roles will not be understood.



Escherichia coli as a model organism for simulations Yeast, one of the simplest eukaryotes, has been the forerunner in many large-scale studies [35]. However, major experimental efforts within the E. coli research community promise to bring E. coli back to the frontline of ‘big’ biology [36] (see Update). As examples, the KO collection — a vast collection of in-frame single gene deletion mutants (3972 genes) of the K-12 strain — is nearing completion (H Mori, personal communication) and is already an exceptional experimental resource for functional genomics and systems biology (http://ecoli. aist-nara.ac.jp/gb5/Resource_download.html). Another similar mutagenesis resource (2008 genes) that is not yet complete uses a transposon-mediated gene inactivation method [37]. In addition, ‘A complete Set of E. coli K-12 ORF Archive’ (ASKA) library is a full-length histidinetagged-ORF clone library with or without green fluorescent protein (GFP) fusion, which can be used to express and purify most E. coli proteins for functional analysis. It has recently been used in functional assays to identify novel nucleotidase activities using 300 different uncharacterized proteins and general enzyme assays [38] and for localizing close to 4000 E. coli proteins using the GFP fusion proteins (http://ecoli.aist-nara.ac.jp/ GB5/search.jsp). Together, we can expect that these www.sciencedirect.com
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resources will provide valuable data on an unprecedented scale. To solve larger dynamic puzzles, experimental assays will need to be performed systematically under various conditions. This will, in turn, produce a massive amount of data that needs to be integrated with all the associated challenges [39]. We can imagine a new level of difficulty; experimental procedures that are massively parallel in nature (microarray, proteome analysis etc.) will need to be performed under a variety of starting conditions [4]. Despite this complexity, there are good reasons to believe this goal is achievable, especially for bacteria with smaller genomes [5]. Only when such conditions are fulfilled can we expect to achieve a truly dynamic picture of biological events [39].



From static to dynamic simulation with large-scale data The ability to infer unknown gene functions or to obtain undetermined model parameters depends on the extent to which we restrict the expressive power of models in advance. If we assume the general, nonlinear ODE as a model for genetic interaction, the estimation of parameters from gene expression time-courses already becomes intractable in a system with as few as 20 genes. As a linear, static system, on the other hand, optimization of the entire E. coli metabolic flux is feasible. Considering the number of components to be optimized, the static, constraintbased approach is a good primer for parameter estimation. The validation of a linear model was recently demonstrated by showing that single gene mutants of E. coli evolved in vitro on various substrates to growth phenotypes that could be predicted rather accurately [40,41]. The same authors also showed how apparently disparate datasets of gene expression and metabolic data can be used to generate new testable hypotheses [42]. Such linear models only represent equilibrated, non-dynamic states. What we seek is how to elaborate them into dynamic models with available data. One solution is the use of composite models, where simulation strategies of different time-scales are combined, as implemented recently in E-Cell 3 and Virtual Cell [27,43]. Any mathematical model has advantages and disadvantages, and a frequent criticism of ODE modeling is its assumption that the cell is a well-stirred, deterministic reactor that disregards probabilistic fluctuation or stochasticity [2]. In more realistic cellular phenomena, where only a small number of molecules might have a role, the same starting conditions can result in different behaviors owing to stochastic effects. Therefore, a stochastic model describes each molecule as an independent, randomly colliding object. An exact stochastic method, however, comes at a huge computational cost. As stochastic methods scale to ODE methods if the number www.sciencedirect.com



of molecules is large, an intuitive solution is to apply the stochastic simulation for reactions involving small numbers of molecules, and to use ODEs for reactions involving large numbers of molecules. Thus, current simulation methods propose a dynamic switch between different granularities (e.g. scarce and abundant) [44,45]. For biotechnology applications, simulation holds great promise. A major concern of the biotechnology and pharmaceutical industry involves the improvement of yields, while decreasing fabrication costs. At this level, as in other engineering-based fields where simulation is now standard procedure, we can imagine that biological simulation will be of great use. It should facilitate the in silico testing of genetically and/or metabolically engineered organisms and greatly enhance our ability to achieve the desired objectives.



Conclusions The complex challenges of exhaustively describing and simulating cellular activities are not insurmountable, but represent a formidable task that only emerging computational and experimental methods can achieve. In addition, the largely untapped potential value of information obtained from large-scale analyses remains uncertain, owing to the difficulty in interpreting the results [30]. Concerted efforts by researchers involved in both largescale genome-wide analysis and more targeted biological approaches will continue to be important [7,30,36]. Simulation software should support such concerted efforts through static analysis (e.g. visualization and graphical representation), large-scale constraint-based approaches for steady states, and the combination of ODE and stochastic approaches for dynamic modeling. Together, all these elements shape the grand challenges for biology in the 21st century.



Update Several modeling approaches (PDE, Gillespie, and cellular automata, among others) considering intracellular spatial distribution and molecular crowding issues were recently discussed and reviewed [46]. Some of these methods can be implemented into existing multialgorithm simulation platforms to achieve more sophisticated and realistic simulations. Emili and co-workers recently reported the results of a large study of protein–protein interactions in E. coli, elucidating an interaction network for 530 complexforming bait proteins [47]. A large number of novel interactions were found, providing functional information while also highlighting the difficulty in computationally predicting interactions based solely on phylogenetic profiles or gene proximity criteria. Finally, the power of model construction, simulation and experimentation for data integration and prediction was Current Opinion in Biotechnology 2005, 16:344–349
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recently demonstrated in a study of sphingolipid metabolism in yeast [48]. The method enabled the authors to predict correctly the effect of enzyme gene deletion and inositol on sphingolipid metabolism. It is one of very few studies where most predictions have actually been directly experimentally tested and confirmed.
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