
Advances in Environmental Biology, 8(17) September 2014, Pages: 991-998 

 

AENSI Journals  

Advances in Environmental Biology 
ISSN-1995-0756      EISSN-1998-1066   

     

Journal home page: http://www.aensiweb.com/AEB/ 

     
 

 

Corresponding Author: Amir H. Rajabi, Department of Chemical Engineering, Quchan Branch, Islamic Azad University 

          (IAU), Quchan, Iran. 

          Tel: +989151067137; E-mail: am.rajabieng@gmail.com 

Application of Mathematical Modeling and Computational Methods in System 
Biology 
 
Amir H. Rajabi 
 
Department of Chemical Engineering, Quchan Branch, Islamic Azad University (IAU), Quchan, Iran. 

 
A R T I C L E  I N F O   A B S T R A C T  

Article history: 

Received 3 September 2014 

Received in revised form 

19 November 2014 

Accepted 29 November 2014 
Available online 27 December 2014 

 

Keywords: 
system biology, computational 

methods, mathematical modeling 

 In this paper I have introduced the system biology and explained how system biology 

revolutionizes our knowledge about disease mechanism and interpretation of data 

obtained from high-throughput technology, also I have described how mathematical 

modeling of biological systems can enhance our understanding of complicated cellular 

and biomolecular phenomena. Then I have discussed mathematical methods of 
modeling of biochemical reactions. And finally, I have introduced some databases 

offering supplementary information for mathematical modeling and a number of 

software developed in this area. 
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INTRODUCTION 

 

Introduction to System Biology and Computational Models: 

 For a long time, studies on molecular biology have been focused on analyzing particular components of the 

cellular networks (genes, proteins, metabolites) in a separate manner. Through this approach, a large number of 

genes are detected and their functions are interpreted. However, the biological systems are complicated as their 

properties induced from a chain of interconnected reactions developing in space and time. The main 

characteristics of the living systems such as absorbing nutrient materials, reproduction, sensing and processing 

environmental signals can be manifested in the smallest living unit i.e., cell. Thus, understanding basic 

properties of biological systems is of the greatest necessity. However, it is required to have a method 

considering cellular reactions and physiological functions of the entire organism [1,2,3]. 

 Over the past decade, a new research method, known as “system biology”, was emerged describing that 

physiology and illness are at different levels; from molecular pathways and regulatory networks to cells and 

organs, and finally, the overall level of organism and even the ecosystem [4,5].By using computer models to 

simulate these processes, it is possible to have in silico predictions of diseases or treatment effects [6]. Models 

provide a partial viewpoint and explain which system properties are necessary and sufficient for understanding 

its function. The performance of a given model is generally determined by its predictive efficiency [1,7]. 

 Modeling and simulation techniques are regarded as valuable tools to understand complicated biological 

systems. Using simulations the computational method enables predicting biological systems  

 Dynamic behavior and verifying accuracy of the applied basic assumptions based on defined models [3,8]. 

To this end, its necessary to build computational models which are consistent with experimental observations. 

Development of such a model requires repeating the following processes: 

1)Designing a model based on available knowledge, 

2)Simulation and analysis of the model,  

3)that can result in introducing new assumptions,  

which if proved by the empirical tests in the laboratory, can be used for model correction [1]. 

 

Discovery and Generation of Drug by Using Computer Modeling: 

 The need felt by pharmaceutical companies to discover medicine treatment at organism level drive them 

towards finding molecular interactions; therefore, computational biology may play a key role in the future of 

pharmaceutical industries. In the following, three areas of drug discovery which computer modeling can highly 

influence on its development and advancement are introduced. The first area is the cell signal behavior that 
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through modeling it is possible to discover impact of involved components on intracellular signaling process. 

The second area is the cell behavior in response to the signal in which the models can predict the cellular 

phenotype using the signal information. Finally, the third area is the physiology which models can be applied to 

simulate clinical results. Each of these models can assist in discovery of new drugs [9]. 

 

2.1) Models of Cell Signaling: 

 Disturbances in signal transmission pathways is the main cause for many diseases which makes it an 

interesting subject for pharmaceutical companies. For instance, a disorder in pathway of protein tyrosine kinase 

may lead to many cancers [10]. Signaling proteins in cells are typically target of small pharmaceutical 

molecules, while many antibody drugs aim cell receptors controlling signaling cascades [9]. 

 Models that describe signaling pathways are important for pharmaceutical research because of three 

following reasons: 

1)They typically discover unobvious signaling behaviors and new molecular functions.  

2)They generally allow the researcher to test a wide range of conditions using a computer simulation, hence they 

reduce laboratory tests costs and also allow identification of critical tests. 

3)They can be used as database for a given signaling pathway [9]. 

 

2.2) Signal Response Models: 

 Human body cells exhibit various behaviors including cellular migration, distinction, reproduction, and 

apoptosis. Interestingly, it believed that there are almost 20 signal pathways controlling all unlimited behaviors 

of human cell [11]. The question is that how cell controls all its behaviors by this limited number of signal 

pathways. Part of the answer lies in the fact that every pathway can be activated qualitatively by many methods 

[9]. 

 This information implies that correcting the wrong behavior of a given cell by means of drugs requires 

qualitative information on various signaling proteins. Therefore, multivariate databases will be needed which 

can be helpful in understanding the decision making process of cells in computer modeling [9]. 

 

2.3) Physiological Models: 

 In the previous section, relationship between signaling and cell behavior was discussed. But considering our 

current knowledge, these methods are facing serious problems in converting their predictions to clinically 

measurable results. Although, developments in tissue engineering has largely helped in solving this problem, 

understanding physiology by means of cellular modeling is still a difficult task. For predictive models to be 

feasible in physiology, the system has to be extensively studied or it has to be described at high level of 

abstraction [9]. 

 

Mathematical Modeling and Computer Simulation: 

 In developing a computer model for a given biological system several steps should be accomplished. First, 

the addressed problem should be clarified and the emerged questions should be formulated. Then, the required 

data to perform this task should be collected. And finally, model structure should be determined. This structure 

involves the following item: 

1)Description level, e.g., the structure is related to either molecular or cellular reactions, 

2)Choosing the deterministic or stochastic approach, 

3)Using discrete or continuous variables, 

4)Selecting the uniformity state, temporal or spatio-temporal. 

 Generating basic knowledge of cellular reactions and their subcomponents, is a necessary first step in 

developing computer models of cellular processes. This work has already done by several projects and as a 

result a large database is created which is a valuable resource for modeling and modeling tools. In addition, 

some databases for kinetic parameters or even details of kinetic models and pathways or special processes are 

created. An important feature of these systems is estimation of model parameters using laboratory data and 

analysis of system behavior considering variation of these parameters. In the following, some mathematical 

modeling methods of biological systems are discussed. 

 

3.1) Mathematical Modeling of Biological Systems Using Ordinary Differential Equations: 

 The biological systems can be mathematically analyzed as a network of chemical reactions using ordinary 

differentiation equations (ODEs). Employing ODEs in biological systems has made them among the most 

common simulation methods applied in biological systems [12,13]. However, basic ODE methods are not 

efficient in modeling discontinuous state-changes, stochastic phenomena, transport processes, diffusion, 

compartmentalization, cell migration, or other common biological phenomena. On the other hand, partial 

differentiation equations (PDEs) are utilized in modeling spatially or temporarily dependent processes. Despite 

these limitations, ODEs are regarded as powerful tools in simulation and there exist a large number of ODE 
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solvers. Furthermore, the number of ODE-based improved and developed methods allows modeling biological 

phenomenon in a more realistic way. 

 As several reactants are involved with several reactions, like most of biological simulation systems, it must 

be done with several differentiation equation system. These systems of differentiation equation, must be 

numerically solved using programs such as LSODA or CVODE. 

 The ODE systems are the basis of fine grain cellular simulators such as V-cell [14], E-cell [15], and yeast 

cell cycle [16]. ODEs are also used to generate coarse grain models of several different organs or organ systems 

[17,18,19]. In drug discovery and development domain, ODEs are employed to simulate coarse grain 

pharmacokinetics (PK) and pharmacodynamics of liver, heart, and intestines [20,21]. 

 A large ODE-based metabolic database has been created in Cell-ML project available on its website. 

Moreover, a similar database exists in the online JWS system (a part of silicon cell project) and many SBML 

models in BioModels website (http://jjj.biochem.sun.ac.za) [22]. Table 1 presents a set of common simulation 

packages which are mainly competent with SBML and Cell-ML. 

 

3.2) Simulation System Using Petri Nets: 

 Petri Nets are relatively non-mathematic alternatives of ODEs for modeling time dependent processes. Petri 

nets developed in 1960’s have been applied, for a long time, in modeling separately distributed systems such as 

information communication networks and production processes. In 1993, biologists found that this modeling 

approach can be easily applied to represent biological systems [22]. Petri Nets were initially designed to serve as 

discrete automata, but afterward they were supplied with continuous data processing capability [24,25]. Since 

the Petri Nets discreteness, they are simulated stepwise through direct addition of simulation time. The 

elementary procedure of Petri Nets was developed to solve more complicated models observed in biological 

simulations [26]. The hybrid Petri nets and functional hybrid Petri Nets (FHPN) enable working with both 

discrete and continuous values; thus, offering the possibility of equal modeling with ODE-based systems for 

Petri Nets [25]. 

 Petri Networks wide success as well as their extended acceptance among biologists is attributed to the fact 

that they need no mathematical skill and knowledge, no precise measured parameters prior to model launching; 

they are able to describe both discrete and continuous events, and user-friendly, developed based on a simple 

graphic user interface. The main disadvantages of Petri Nets are as follows: Except the newly developed spatial 

hybrid species, they cannot model the location related processes (like diffusion, growth, chemotaxis), and also 

for the simple Petri Nets, outputs are only linear equivalents of the expected exponential and sinusoidal 

processes. Table 1 also introduces some software packages working based on Petri Nets, applied in biological 

systems. 

 

3.3) Simulation System Using Cellular Automata: 

 The cellular automata (CA) is simple computer simulation tool which can model temporal and spatial-

temporal phenomena using separate time or spatial steps. Similar to Petri Nets, CA models are relatively non-

mathematical alternatives for differentiation equations of spatial-temporal simulations. CA was discovered in 

1940’s by Ulam and Von Neumann [27] and ever since has been applied in modeling a wide range of physical 

phenomena such as heat flow, spin nets, and reaction permeation process [26]. 

 In addition to simplicity or non-mathematical nature, CA modeling (or DCAs) has several other advantages 

over ODE and Petri nets. CA models allow to model discrete or random spatial/temporal processes such as 

discontinuous state changes, transport processes, diffusion, compartmentalization, cellular migration, apoptosis, 

viral infection, and several other biological events. They also allow easily developing qualitative and 

quantitative models. Accordingly, CA networks are easily developed using a graphic user interface. One 

disadvantage of CA methods is their inability to model processes as fast as methods such as PDE, ODE, or Petri 

Nets. Besides, the standard constant rate applied in reaction modeling cannot be easily converted to the formula 

used in CA models. 

 CA models are used in modeling a wide range of biological processes such as enzymes basic kinetics 

[29,30], gene cycle fluctuations [29], myxobacterial aggregation [31], and even pray-predator relationships [32]. 

Although the free scale nature is among capabilities of CA systems, they have a highly different grain size 

distribution [29]. 

 In pharmaceutical applications, CA methods are used for drug release in bio-erodible micro-media [32], and 

diffusion of lipophilic medicines [29,34] and medicines carrying micelle compounds [30]. Recently, CA 

methods have been applied in modeling the progress of HIV/AIDS, and treatment strategies of HIV [35,36]. 

 

3.4) Simulation System Using Agent-Based Models: 

 Agent based models (ABMs) are almost equal with DCA in concept and design. In ABM systems; 

medicines, metabolites, proteins, or cells are considered as agents spatially and temporarily interact with each 

other based on a set of predefined rules. The motions can be controlled or random (Brownian). Moreover, the 

http://jjj.biochem.sun.ac.za/
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rules can be either simple (physic based) or highly complicated (using previous knowledge). ABM systems are 

used in bacterial chemotaxis simulation [36], modeling migration of calcium dependent cells in healing wounds 

[38], and the desired development of vaccination protocols of breast cancer [39]. One of ABM interesting 

applications is predicting clinical tests outputs of different anti-cytokine treatments for sepsis [40]. 

 

Data Resources for Systems Biology: 

 Developing mathematical models for cellular systems requires a large amount of data of system various 

aspects. The data were extracted by measurements from different levels of cellular information by different 

applied genomic technologies such as DNA, RNA or protein sequence data, gene expression data were derived 

from experimental arrays, protein-protein interaction information or protein modifications, or kinetic of enzyme 

activities, proteins and metabolites data were obtained from various laboratory technologies (such as mass 

spectroscopy, 2D-gels, and blots). Table 2 illustrates a brief list of some related and important references. In this 

regard, a huge set of references were compiled by Galperin (2008) [41]. Furthermore, journal of “Nucleic Acids 

Research” publishes a complete version of these references, annually. 

 Databases offer an integrated interaction and representation of applied science of a biological system 

various components and make topological basics of the mathematical models. KEGG [42], Reactome [43], and 

BioCyc [1,44] databases have various metabolic reactions and pathways for signal transmission. Among the 

databases focused on signal events, one can name BioCarta, Spike [45], TRANSPATH [46], STKE, NetPath, 

and PID. Some other databases store the information related to location of transcription attachment sites; e.g., 

RegulonDB [47], TRED [48], TRANSFAC [1, 49, 50]. Data bases such as BioModels [51] or JWS [51] are 

some free and concentrated databases of the quantitative kinetic models of cellular and biochemical systems 

which are both among the open access publications which are gathered by the curated supervision. 

 

Software Applications for Modeling and Simulation: 

 Over the past few years, with advances in computational methods, an ever increasing growth was observed 

in development of software utilized in describing biological systems dynamic behavior. One of the first software 

designed for simulating biochemical reaction systems is Gepasi which was initially developed in 1990 

[53,54,55]. Table 1 lists some of these computer programs. 

 
Table 1: Modeling tools frequently used in systems biology. 

Package Method URL 

Cell Designer ODE, SDE http://www.celldesigner.org/index.html 

CellWare ODE, SDE www.cellware.org 

Dynetica ODE, SDE http://people.duke.edu/~you/Dynetica_page.htm 

E-Cell ODE, SDE, SSF http://www.e-cell.org 

Gepasi ODE http://www.gepasi.org 

SmartCell ODE, SDE http://software.crg.es/smartcell 

Vcell ODE, PDE http://www.vcell.org 

Snoopy Colored Petri Net http://wwwdssz.informatik.tucottbus.de/DSSZ/?/software/snoopy.html 

CPN Tools Colored Petri Net http://wwwdssz.informatik.tucottbus.de/index.html?/software/snoopy.html 

Cell Illustrator-

Animator 
Hybrid Petri net http://www.gene-networks.com 

MesoRD Pseudo PDE http://mesord.sourceforge.net/index.phtml 

SpiM Pi calculus http://research.microsoft.com/~aphillip/spim 

BioSPI Pi calculus http://www.wisdom.weizmann.ac.il/~biospi/indexmain.html 

CancerSim CA http://www.cs.unm.edu/~forrest/software/cancersim 

Mcell DCA http://www.mcell.cnl.salk.edu 

SimCell DCA http://wishart.biology.ualberta.ca/SimCell 

AgentCell ABM http://flash.uchicago.edu/~emonet/biology/agentcell 

COPASI ODE http://www.copasi.org 

ProMoT/Diva DAE http://www.mpi-magdeburg.mpg.de/projects/ promot 

Virtual Cell ODE, PDE http://www.nrcam.uchc.edu 

Systems Biology 
Workbench 

ODE http://sys-bio.org 

PyBioS ODE http://pybios.molgen.mpg.de 

Cell++ ODE, SDE, SSF http://www.compsysbio.org/CellSim 

 

Conclusion: 

 The computational models solve the key problems of pharmaceutical industries, i.e., prediction. Although 

many of traditional biological studies offer a complete description for the given system, testing the assumption 

regarding the new parametric space (such as concentration of various ligands or variation in number of 

receptors) is usually a difficult task. Computational model solves this problem and allows scientists to predict 

entropy effects of system parameters. Although these models do not constantly yield a proper prediction, once a 

model has error it shows our assumptions are accurate and to modify them it is required to conducted further 

tests [9]. 
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Table 2: Databases useful for modeling of cellular systems. 

Database URL 

 Pathway databases 

KEGG http://www.genome.jp/kegg 

Reactome http://www.reactome.org 

BioCyc http://biocyc.org 

EcoCyc http://ecocyc.org 

MetaCyc http://metacyc.org 

HumanCyc http://humancyc.org 

BioCarta http://www.biocarta.com 

Spike http://www.cs.tau.ac.il/~spike 

TRANSPATH http://www.biobase.de 

STKE http://stke.sciencemag.org 

NetPath http://www.netpath.org 

PID http://pid.nci.nih.gov 

 Protein interaction databases 

IntAct http://www.ebi.ac.uk/intact 

DIP http://dip.doe-mbi.ucla.edu 

 Databases on gene regulation 

RegulonDB http://regulondb.ccg.unam.mx 

TRED http://rulai.cshl.edu/TRED 

TRANSFAC http://www.biobase.de 

 Databases on kinetic parameters 

BRENDA http://www.brenda-enzymes.info 

SABIO-RK http://sabio.villa-bosch.de 

 Model databases 

JWS http://jjj.biochem.sun.ac.za 

BioModels http://biomodels.org 

 

 As previously mentioned, ODEs are among the most common modeling methods or biological systems [1]. 

Although historically, the time, programming knowledge and mathematical skills used for running an ODE 

model is beyond the capabilities of the majority of experimental biologists, the recent advances in design of 

graphical user interface (GUI) have improved representation and reproduction standards of reaction. 

Furthermore, development and standardization of markup languages such as SBML and Cell-ML has simplified 

generation and exchange of biological models [56]. 

 The key limitation of ODE-based methods is their requirement for comprehensive quantitative data for 

reaction details, which are rather difficult to measure. Typically, these types of data are not available for 

biological systems, so then they are approximated. Unfortunately, inaccurate approximations usually results in 

instability of ODE simulations. While the ODE models are now commonly used for explaining signaling 

pathways, few number of them can precisely relate cellular signaling pathway to cellular behavior. Thus, to deal 

with this problem, more abstracted signaling models are required [57]. The abstracted signaling models develop 

statistical relation between signaling and cellular behavior [9]. 

 The mathematical models, same as the differential equation based models, can model various states in 

natural and engineering sciences. In comparison, the more abstracted and non-mathematic models offer a plan 

for natural phenomena. The main difference which distinguishes these two models is in their language type. As 

a result, each of these models offer a different understanding of the system. The basics of more abstracted and 

non-mathematic models is their state machine which relates different qualitative settings together. 

 CA, DCA, and ABM methods allow rather simple non-mathematic spatiotemporal modeling using a GUI 

and facilitate modeling processes such as compartmentalization, infection, diffusion, and stochasticity. 

However, the computation size is quickly enlarged in these methods, particularly when the number of molecules 

is increased. In comparison, the more traditional ODE methods, and computational π techniques, and Petri Nets 

promote the efficacy of time-dependent continuous modeling processes for reactants which are properly mixed 

in the same site. However, the traditional systems cannot easily model the spatiotemporal events and are not 

able to model granularity and stochasticity of the live systems [58]. 

 Hybrid models were developed considering the advantages and shortcomings mentioned for the mentioned 

models. The hybrid models aim to relate mathematic models to the more abstracted and non-mathematic models 

by combining them. The hybrid systems are particularly suitable for modeling the biological systems once the 

materials relationship is varying with time [58,59,60]. 
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