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ABSTRACT

The 21st century is claimed to be the century of information
society [2] and the invention of novel computing paradigms for
improved processing of human and biological data is identified as
one of major challenges [3]. It was suggested that such issues
would greatly benefit of convergence in sciences that crossfertilize each other concepts; using the analogy between biological
systems and large-scale computing systems could contribute to
develop such innovative design paradigms. To approach these
tasks, we provided some insights to open a debate on convergence
of systems biology (SB) and model-driven engineering (MDE)
through concepts and methods exchanges. In section 2, we
examined related work; in section 3, we reviewed some of the
problems addressed by systems biology that could bring new clues
in computer sciences and conversely; in section 4, we examined
the main requirements to design a minimal framework draws on
the experience of metamodeling; in section 5, we presented some
perspectives towards the translation of high-level descriptions in
systems biology into formal languages.

Recent progresses in post-genomic biology allow addressing
issues at the system level through the coupling of experimental
and modeling approaches that constitute the core of Systems
Biology (SB). The challenge for researchers is to integrate
disparate data into models to infer useful biological knowledge.
Problems which are questioning Model-Driven Engineering
(MDE) deal with complexity, systems modeling (including
modularity and structure/behavior relationships), models
networking and integration, domain-specific language, etc.
Among these issues, ten arguments are presented to consider the
conceptual convergence and cross-fertilization of SB with MDE.
Current models in SB are reviewed and the main requirements to
conduct models integration are identified. Some perspectives are
provided towards the translation of high-level SB descriptions
into formal languages for performing static and dynamic analyses.

Categories and Subject Descriptors
I.6.5 [Simulation and Modeling]: Model Development –
Modeling methodologies.

2. RELATED WORK

General Terms

In computer sciences, model-driven engineering is a new
paradigm that allows the integration of different technologies spaces
based on their modeling in conformance to a metamodel [4]. This
produces a design that satisfies a set of requirements that can be
used to check for design’correctness [5]. Formal methods that have
mathematical precise foundations are used for model-based testing;
they include, notably, statecharts [6] and process algebra [7].
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1. INTRODUCTION
The 20th century will be reminded as the century of gene:
starting with the rediscovery of Mendel’s laws on inheritance, it
ended with the sequencing of the human genome. Among major
advances, the genetic code was broken in 1961, enabling the
decoding of genetics messages in a large variety of species. These
efforts were crucial in setting the stage for the development of
biotechnologies. Over the past few years a variety of highthroughput methodologies (0mics sciences) was developed that
enable large-scale studies of the molecular landscape and
contribute more and more data, making biology amenable to
comparison with large-scale systems in computer science [1].

Paralleling these considerations, systems biology offers
different technological spaces named “Omics” (see subsections
3.1 and 4.1) and there is a need to integrate these different views
into a more global representation; currently, this is achieved using
clustering methods [1]. Otherwise, model-checking of biological
observations is developing very fast by adapting different formal
methods [8, 9]. In this position paper, we suggest to adopt a MDE
approach to deal with biological heterogeneity at data (syntactic)
level and/or functional (semantic) level. Coupling these
approaches to model-based testing will make it possible to address
several problems, from data integration to the analysis and the
prediction of systems behaviour.
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3. CONVERGING PROBLEMS
ADDRESSED IN SYSTEMS BIOLOGY
In a MDE perspective, we present below our personal view
of main issues in systems biology.
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increase of interest due to explosion of data, placing modelling at
the heart of systems biology.

3.1 Toward a system view
The scientific approach of reducing complex systems to their
component parts has produced remarkable results over the last
fifty years in molecular biology and is likely to produce more.
Among reductionnist approaches, Omics sciences focused on
components through the selected study of genes (genomics),
proteins (proteomics), sugars (glycomics) and other biologically
crucial molecules. To develop a systems perspective, the
knowledge on the components, theirs relations, etc. has to be
aggregated into a system level understanding; this is the central
goal of the new called systems biology discipline.

3.7 Computational evaluation
Two kinds of models are developed: (1) using bottom-up
approaches, models are designed for the detailed analysis of well
characterized processes (continuous or discrete models), (2) using
top-down approaches, models integrate ‘omics’ information of
hundreds or thousands of interacting components (mostly
clustering methods). In both case, models and simulations are
becoming more and more important for computational evaluation
of biological processes, contributing to limit the explosive cost of
experiments.

3.2 Complexity of design
Examples of the data explosion include data from systematic DNA
sequencing of a growing variety of organisms, simultaneous
measurement of the expression levels of tens of thousands of
genes; 3D models of small molecular structures and large
macromolecular structures (proteins, RNA, DNA); models of
biological pathways, etc. The challenge consists in assembling
these massive amounts of information into the right framework.

3.8 Models integration
Complex composite models could be achieved through the
integration of submodels. Although central to systems biology,
this issue has only be partially addressed in SBML [12] and
CellML [13] which are repositories for biochemical models.
Inspired from software engineering and notably from modeldriven engineering, we and others [14] propose to adopt a
metamodel approach to delineate a general framework that could
be used for model design and models integration.

3.3 Designing complexity
Living systems are made of incredibly complex sets of
interconnected systems. As reported previously [10], one
approach to deal with complexity is to differentiate systems in as
many subsystems or levels (the so-called nearly decomposable
systems), each level being modeled by its network and being
interpreted in a relatively autonomous way, provided the coupling
relations between sublevels are carefully identified. This approach
sounds particularly well-suited for the design of living systems
that show high compositionality.

3.9 Domain specific modeling language
No modeling language exists at the moment in systems biology, i. e.
allowing describing physiological processes at different spatial,
temporal, hierarchical and functional scales. Actually, the design of
such a framework would have to identify categories of systems
building blocks (concepts and rules), each of which describes a
particular facet of the system; based on these building blocks,
complex systems could be further specified. Such efforts would
allow delineating a modelling language specific to the domain to be
used for designing analysable and transplantable domain models.

3.4 Context awareness
One of the best biological examples of context awareness is
achieved by the immune system, which reacts specifically to one
foreign molecule among billions of possible substances in new
and unforeseen contexts. Recent developments in systems biology
have made it possible to seek a global understanding of embedded
cellular and molecular networks involved in immunity allowing
new insights on mechanisms involved in adaptation and
robustness [11].

3.10 Biological systems as engineering systems
Using a sequential software engineering process, a complex
system (SARS viral infection) was reverse-engineered and
represented as an object-oriented software system. The resulting
artifact was shown not only to capture information about
individual components but also to display the system-level
architecture and relations among system components [15]. We
suggest adapting formal verification approaches for the checking
of models in systems biology.

3.5 Star-abilities (*-abilities)
Biological systems show reliability, adaptability, composability,
reusability, etc. One challenging issue aims to understand how
biological systems achieve high reliability based on unreliable
components (for example, some components like proteins have a
limited life time). Otherwise, their adaptability is fundamental to
the ability to persist despite external perturbation and internal
noise, it is due to their capacity to variability, notably, through
mutations.

4. MAIN REQUIREMENTS FOR THE
DESIGN OF A MINIMAL FRAMEWORK IN
SYSTEMS BIOLOGY
Our first goal is to enable heterogeneous models integration based
on the experience in software engineering, in particular
metamodeling; this would guide the design of a domain specific
modeling language. As a first step, we identified two main
requirements as follows:

3.6 Modelling at the heart
In biology, the art of mathematical modelling relies on four items:
(1) a deep understanding of the biological problem, (2) a realistic
abstraction of the phenomena, (3) the finding of (preferably)
quantitative solutions, (4) the interpretation of the results in
predictive terms. Actually mathematical modeling has a long
history in biology, but only recently has there been a strong

4.1 Integrating the current frameworks and
standards
Frameworks have been designed for every Omics technologies
and UML class diagrams were used to represent physiological
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UML world (or in domain specific modeling language) to perform
model transformation, for example from UML statecharts to Picalculus [20]. In this perspective, we [21] and others [8] have
shown that the dynamics of biological systems can be captured
using statecharts.

processes and experimental protocols. Some of them were
approved as community standards including MIAME [16]
(Minimum Information About a Microarray Experiment), PSIMIF [17] (Proteomics Standard Initiative Molecular Interaction
format) or MIRIAM [18] (Minimum Information Requested in the
Annotation of biochemical Models). In any case, all data in
schemas can be rearranged into Biological Information (the
biological phenomena under investigation) on the one hand and
Experimental Data (that characterize the phenomena) on the other
hand (Fig. 1, dark grey box). Similarly, models in SBML or
CellML repositories as well as the recent BioModels Database
[19] show variables and parameters related to Biological
Information (Fig. 1, light grey box), emphasizing the pivotal role
of the Biological Information (Fig. 1, white box). Accordingly,
the three major building blocks for a minimal framework in
systems biology might concern Experimental Information,
Biological Information and Models. Other packages in figure 1
refer to complementary data provided by specific frameworks.

Taking advantage of the UML language [21], work is in progress
to delineate a profile for systems biology that will combine these
two major requirements to achieve a process view of biological
entities [22].

5. THE TRANSLATION OF HIGH-LEVEL
DESCRIPTIONS IN SYSTEMS BIOLOGY
REQUIRES IMPROVEMENTS IN FORMAL
LANGUAGES
The next availability of a domain specific modeling language will
make it convenient to specify biological systems in a semi-formal
ways and to share easily knowledge between scientific
communities. The extraction of process algebra from high-level
descriptions is a step towards the use of formal methods for
performing further analyses (although hiding formal details to the
designers). The first attempts to model biological systems using
process algebra were done in lambda-calculus [23] (RNA
modeling) and then in stochastic pi-calculus [24]. After some new
primitives were proposed to deal the specificity of biological
processes, a novel calculus named BioAmbients was created [25].
Actually, our research is going to bring some innovative changes
to the existing formal languages and a new view of the operational
semantics is being proposed. To take into account the concurrency
and mobility of biological processes, we suggest a refined
methodology to code biological systems into BioAmbients. This
new language offers novel nested processes, the ambients, which
are very appropriate to represent system evolution, for example,
shape transformation of system components over time. This
formalism, which will incorporate data provided by our
framework, will circumvent problems found in the use of ODE, as
mentioned above. These improvements in process algebra will
delineate a new language with expressiveness similar to Petri nets
(with respect to data, time, etc.), in addition to its strong
mathematical foundation.
The ambient codes generated from biological specifications will
be the input source for tools that were developed recently for
static [26] and dynamic [27] analyses; in particular, static analysis
techniques developed in the context of optimizing compilers were
applied to biological specifications in formal language and were
found to be a promising direction.

Figure 1. Main building blocks for a minimal framework for
systems biology.

4.2 Capturing the system dynamics (linking
structure to behavior)
Most of mathematical models in SBML, CellML and BioModels
Database are ODE-based models. These models have some well
known difficulties, including non-linearity (no analytical
solutions) and non-modularity (when new components are added
to the system, the complete mathematical model has to be
changed). In the future, other mathematical formalisms could be
of help to analyze the behavior of biological systems, and
especially strategies based on model verification to represent or to
predict the difference in performance between two scenarios or
two model configurations. To approach these problems, careful
descriptions of systems behaviour have to be achieved. Software
engineering uses to deal with these issues putting the ideas in the

6. DISCUSSION AND PERSPECTIVES
Interdisciplinarity is the way to share concepts and methods from
different disciplines to synthesize new cognitive structures (novel
concepts, approaches, frameworks), this is a deeper involvement
than having just several disciplines concerned by adapting and
modifying existing concepts and methods within their discipline
and occasionally borrowing ideas from others [28]. With this
respect, our ultimate perspective is to design innovative
paradigms for systems biology through a MDE way of thinking.
In this paper, we presented some of the arguments to account for
our approach and the main steps to afford, including
metamodeling and model translation. To achieve these goals,
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many of the problems mentioned above would have to be solved.
By doing this, we should learn from each other’s communities,
hoping that sharing our efforts in the context of systems biology
will inspire new ideas in computer sciences.
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