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Abstract. Understanding the functioning of complex biological systems
is a major challenge. A standard formalism used to model bio-pathways
is a system of ordinary differential equations (ODEs). Bio-pathways usu-
ally involve a large number of molecular species and bio-chemical re-
actions. The values of parameters (rate constants) are often unknown
because they are very difficult to be measured. Thus, we have to resort
to computational methods and estimate them from experimental data
by collective fitting. As the noisy data are often insufficient to constrain
all parameters to have a unique solution, we propose to perform parame-
ter estimation multiple times with different starting points. We then can
gain biological insights by statistically analyzing the estimated parame-
ters. Although this process is very time-consuming, it can be easily par-
allelized. We tested our approach on Complement system and achieved
82.1 speedup by enabling our application on the Grid.

1 Introduction

Understanding the functioning of complex biological systems is one of the great
challenges facing science. The rewards of success will range from better ther-
apies to new engineering materials. In the past decades, many experimental
techniques have been developed, such as sequencing, western blot, etc. These
tools have helped biologists to identify what components are present in a cell
and how they interact with each other. Though we already have a general picture
of the basic constituents of a cell, it is still difficult to understand the functioning
of biological systems because bio-molecules do not function alone but exist in
complex assemblies and pathways. Thus, it is important to develop system-level
approaches. This has motivated the emerging domain of Systems Biology that
seeks to understand how the individual components of a biological system in-
teract in time and space to realize the various functions of the system. Systems
Biology integrates many disciplines such as biology, mathematics, physics, chem-
istry, computer science, and electrical engineering. A long-term vision of this field
is to put all the relevant biological processes together and build a model that
can simulate an entire organism. Such model will have substantial impact on our
health care, since it will not only lead to a better understanding of the physio-
logical mechanisms and human diseases, but also bring about a more effective
drug development process by means of in silica experiments.
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To achieve this long-term vision, one first requires quantitative models to
describe the dynamics of fundamental intra and intercellular processes. Usually,
those processes are described as biological pathways including metabolic path-
ways, signaling pathways, and gene regulatory networks. Specifically, signaling
pathways describe how cells sense changes in their environment and make re-
sponses by modifying their metabolisms, transcriptional activities or cell fates.
Upon receiving extracellular stimuli or internal signals, cells pass messages to
their gene regulatory systems via cascades of complex bimolecular reactions.
The dynamics of this process is crucial for achieving the final responses. How-
ever, obtaining an intuitive understanding is difficult because signaling networks
often consist of many players and multiple feedback loops. In order to accurately
describe bio-pathway dynamics, we need to resort to mathematical modeling.

Currently, the most successful means of modeling bio-pathways is through
simultaneous ordinary differential equations (ODE) systems and their variants.

Bio-pathways usually involve a large number of molecular species and bio-
chemical reactions. Hence the corresponding ODE model will involve many vari-
ables and parameters. The values of parameters (rate constants) are often un-
known because they are very difficult to be measured through experiments. Thus,
we have to resort to computational methods and estimate them from experimen-
tal data by collective fitting. However, parameter estimation in high dimensional
space is very difficult because: (1) it require a huge amount of time; (2) the noisy
and limited experimental data are often insufficient to constrain all parameters
to have a unique solution. Therefore, instead of searching for the ’true’ values of
parameters, it is more reasonable to perform parameter estimation many times
with different random starting points to get multiple sub-optimal solutions. Then
statistical analysis of those estimated parameters will not only help us to under-
stand the properties of parameter space but also will reflect the sensitivities of
corresponding biochemical reactions and provide important biological insights.

Although generating many sub-optimal solutions is extremely time-consuming,
this process can be easily parallelized and dramatically sped up by grid com-
puting. In this project, We tested our approach on the Complement system. We
enabled our application on TCG@NUS and achieve up to 82.1 speedup.

The rest of this report is organized as follows. We briefly introduce bio-
pathway modeling and our analysis method in Section 2. The results of our case
study on Complement system and the performance speedup by grid computing
are presented in Section 3. In the final section, we summarize the report and
discuss future work.

2 Methods

2.1 Bio-pathway modeling

To study the complex behavior of bio-pathways, many computational models
have been proposed in the recent years, ranging from abstract models that em-
phasize on understanding some generic features of signaling pathways [1] to de-
tailed models that quantitatively describe the dynamics of specific pathways in
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specific organisms [2]. Currently, the most commonly used approach is via a sys-
tem of ordinary differential equations (ODEs), which is the cores of many quan-
titative models such as XS-System [3], Hybrid Automata [4], Piecewise-affine
hybrid model [4], etc. ODE kinetic modeling seeks to describe bio-molecular
transformations such as covalent modification, intermolecular association and
intracellular localization in terms of equations derived from established physical
and chemical theories [5]. The general mathematical representation is as follows:

ẋi =
r∑

j=1

nijvj (1)

where ẋi denotes the rate of production and consumption of individual bio-
molecular species xi, r is the number of reactions associated with xi, the quanti-
ties nij denote the stoichiometric coefficients, and vj describes the reaction rate
of corresponding biological processes such as catalysis and assembly in terms of
sophisticated kinetic laws such as Mass action law, Michaelis-Menten law, Power
law, etc. For example, the reaction rate of a reversible binding process of two
proteins x1 +x2 
 x3 can be modeled by mass action kinetics, which states that
rates of an elementary reaction are proportional to the concentrations of the
reacting species. Thus given rate constants k1 and k2, the forward and reverse
rate can be expressed as v1 = k1x1x2 and v2 = k2x3, which results in an ODE
system as follows:

ẋ1 = −v1 + v2 = −k1x1x2 + k2x3

ẋ2 = −v1 + v2 = −k1x1x2 + k2x3

ẋ3 = v1 − v2 = k1x1x2 − k2x3

Since each bio-chemical reaction involved in the signaling network can be de-
scribed by certain rate equation, we can systematically convert the bio-pathway
into a system of ODEs. Then the dynamics we are trying to study become the
solution of such ODE system.

Parameter estimation However, it is very challenging to analyze large signal-
ing networks because even the simplified models often possess tens or hundreds
of unknown kinetic parameters whose values can significantly affect model be-
havior. As it is very difficult to determine these parameters through wet-lab ex-
periments, a typical modeling effort might draw some values from the literature
(possibly from different cell lines), which may introduce substantial inaccuracies.
An alternative way is to resort to computational techniques to estimate param-
eters by optimizing the agreement between the model prediction and available
experimental data (e.g. time courses of bio-molecular concentration). In this
manner, parameter estimation is formulated as an optimization problem with
differential algebraic constraints. Typically, the goodness-of-fit of a parameter
combination (i.e. difference between prediction and experimental data) is mea-
sured by the objective function that is a weighted sum of square error:
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fobj(p) =
∑
i,j

ωi(xi,j − yi,j(p))2 (2)

where p is the currently tested parameter set, xi,j is a point in the data set for
species xi at time point j, yi,j(p) is the corresponding simulated value, and ωi

is the normalization factor for xi which is usually the inverse of the maximum
value of xi.

In order to search for the optimal solution p in parameter space which
can give the lowest objective value fobj , many algorithms such as Levenberg-
Marquardt [6], Genetic Algorithm [7], Particle Swarm Optimization [8], etc,
have been proposed in the past decades. The benchmarking tests done by Moles
et al. and Fomekong-Nanfack et al. [9] [10] separately showed that a variation of
evolutionary strategy algorithm namely Stochastic Ranking Evolutionary Strat-
egy (SRES) [11] can give the best performance among popular algorithms in the
settings of biological pathway models. Thus, we adopted SRES to estimate the
unknown rate constants in our pathway models.

Model Analysis Once we have a system of ODEs with estimated parameter
values, simulations via numerical integration methods can be performed. Model
analyses can be conducted in many ways. For instance, we can monitor the dose-
dependent response of a pathway to certain drug by varying the initial condition
of simulation. Similarly, the effects of a kinase inhibitors or mutation can be
simulated by modifying the rate constant [12]. By adding or removing links of
the model structure, we can also test or generate hypotheses by comparing the
obtained time courses with experimental data [13]. Further, one can also analyze
the role of particular species or parameters. For example, Gallego et al. found
an opposite role for tau in circadian rhythms [14], Lee et al. explained the im-
portance of axin degradation in amplifying and sharpening the Wnt signal [15],
and Birtwistle et al. suggested that phosphoinositol-3 kinase is a major regulator
of post-peak but not pre-peak EGF -induced ERK activity [16]. The analysis of
the role of parameters is usually via sensitivity analysis that evaluates the con-
tribution of a particular parameter to the overall behaviors [17]. It is valuable
in ascertaining which parameters should be the focus of direct measurement or
experimental perturbation. Finally, studies can also be performed to analyze the
network properties such as bistability [18] and oscillation [19] caused by multiple
positive/negative feedback loops.

2.2 Statistical analysis with grid computing

Although SRES outperform other parameter estimation algorithms in general
cases, they still fail to produce good results within acceptable time when we are
dealing with large signaling networks. First, to evaluate the goodness-of-fit of a
parameter solution requires simulating the whole ODE system for all time points.
Since nonlinear differential equations have no analytical solutions in general, we
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need to resort to finite difference methods that numerically approximate the so-
lutions of differential equations using finite difference equations to approximate
derivatives. Such methods are often very slow especially for stiff ODE systems.
Second, although SRES may require less evaluations than others, searching for
the optimal solution in a high dimensional space still require millions of evalua-
tions that is very computational expensive. Third, due the limitations of the the
quantity, quality and type of biological data, non-identifiability of the models
may arise so that relationships among parameters and experimental observables
are inherently non-unique. It has been shown that even a complete set of time-
resolved measurements of all species in a complex reaction model is insufficient to
fully constrain all parameters due to the sloppy’ nature of the fitting procedure
[20]. In other words, non-identifiability may induce a large regions of parameter
space that are consistent with experimentally observed dynamics. Therefore, in-
stead of researching for one optimal solution using limited and noisy data, we
need to generate and analyze multiple sub-optimal solutions. By computing the
width of the distributions in parameter values across those solutions, it would
be valuable to know which parameters are well constrained, which co-vary and
which are truly unconstrained because such information will help us to identify
sensitive or robust reactions in the network and provide more biological insights.

To achieve this, we have to execute SRES many times with different initial
starts. This is infeasible on a stand-alone personal computer since the computa-
tional demand will be huge. However, notice that the process of getting multiple
sub-optimal solutions can be easily parallelized to many sub-tasks and executed
on computer cluster. Furthermore, these sub-tasks only differ in initial condi-
tions and do not require communications during execution. This motivated us
to enable our program on Tera-Scale Campus Grid at NUS (TCG@NUS) us-
ing the Parametric Study program. Currently, there are 1554 computers on the
TCG@NUS. To run an application in parallel mode on the TCG@NUS, one
needs to have a wrapper program to split the application into multiple worku-
nits. When a job is submitted, those workunits will be dispatched by the server
to client agents if their load is below certain level. Then the result will be sent
back to the server upon completion. We utilized Parametric Study Program as
the wrapper since it allows user to run a program many times with different
inputs. We then modified our parameter estimation program in order to fit its
requirements about input and output.

3 Results

We now present our case study of a relatively large signaling and show the
relevant performance results along with our grid-enabled implementation.

3.1 Modeling complement system

The complement system is a bio-chemical cascade which helps clear pathogens
from an organism. It is one part of the larger immune system. The complement
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system consists of a number of small proteins found in the blood, normally circu-
lating as inactive zymogens, when simulated by one of several triggers, proteases
in the system cleave specific proteins to release cytokines and initiate an ampli-
fying cascade of further cleavages. The end result of this activation cascade is
massive amplification of the response and activation of the cell-killing membrane
attack complex. Over 20 proteins and protein fragments make up the complement
system, including serum proteins, serosal proteins, and cell membrane receptors.
These proteins are synthesized mainly in the liver, and they account for about 5%
of the globulin fraction of blood serum. The bio-chemical pathways activate the
complement system: the classical complement pathway, the alternative comple-
ment pathway and the mannose-binding lectin pathway. The differences between
the three pathways are steps before the forming of C5convertase, i.e. three path-
ways converge at C5. Our research focuses on the crosstalk between classical and
lectin pathways induced by local inflammation. The schematic graph is shown
as Figure 1.
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Fig. 1. The Schematic representation of the complement pathway

We constructed the ODE model using COPASI software [21] based on mass
law and Michales-Menten kinetics. The resulting model has 42 differential equa-
tions and 52 unknown parameters.

3.2 Generating multiple parameter sets

We then implemented a program to translate the SBML file generated by CO-
PASI to C code so that the ODE system can be solved by CVODA method and
the objective function can be recognized by libSRES, a C library for stochastic
ranking evolution strategy for parameter estimation. As TCG@NUS consists of
resources available in multiple OS platforms such as Windows and Linux, we
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compiled our code for Linux 64 platform. After uploading the generated exe-
cutable to the grid server, the following jobs can be automatically distributed to
the selected nodes with Linux platform.

Job ID µ λ Gen No. of Samples

9944 30 200 6000 99
10055 40 300 10000 99
10282 30 200 500 2000

Table 1. Experiments

Three experiments summarized in Table 1 were performed. Here µ, λ and
Gen, standing for number of parents, number of mutants and number of genera-
tions respectively, are the parameters of SRES algorithm. The number of samples
correspond the number of sub-optimal solutions generated. Since Job10055 has
the largest {µ, λ, Gen}, it is expected be able to find better solutions than the
other two jobs. As Job10282 has the largest sample number, it is expected be
able to generate the most accurate distributions. The probability distributions of
objective values induced by parameter sets generated by the three experiments
are shown in Figure 2. The distributions of Job9944 and Job10055 are very close,
indicating that {µ = 30, λ = 200, Gen = 6000} is enough to estimated relatively
good sets of parameters. Although global method like SRES can find the optimal
theoretically, it is interesting to see that with arbitrary staring points, the qual-
ities of estimated parameters can be quite different even we spend enough time
for searching. On other hand, the mean of the distribution of Job10282 is much
larger than the other two, suggesting that 500 generation is far from enough.
However, those solutions are still quite useful, as they can help us to understand
the properties of parameter space.

Moreover, we further investigate the distributions of each parameter val-
ues across all sub-optimal solutions. The results are shown in Figure 3. Among
equally good fits (those that varied by less than experimental error), only a sub-
set of parameter values were constant such as K49, whereas others such as K15
varied over the entire allowable range. One interpretation of this finding is that
biological networks are quite robust to changes in rate constants and protein
concentration, while the dynamics are shaped by the values of a small number
of critical parameters.

3.3 Performance

We tested the performance of our program on both stand-alone PC and TCG@NUS.
The running time of the three tasks for one sample (workunit) on stand-alone
PC is reported in Table 2. For example, a single run of Job10055 took about 20
hours. Thus, hundreds of runs of Job10055 will require several month of running
time which is infeasible. However, as the results shown in Table 3 indicated, with
the help of grid computing. We can dramatically reduce the running time and
achieve up to 82.1 speedup.
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Fig. 2. Probability distributions of objective values of sub-optimal solutions generated
by the three experiments.
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Fig. 3. Probability distributions of selected parameter values across sub-optimal solu-
tions.
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Job ID No. of Workunits Running Time

9944 1 481 min
10055 1 1208 min
10282 1 42 min
Table 2. Performance on single PC

Job ID No. of Workunits No. of Nodes Total CPU Time Running Time Speedup

9944 99 96 44928 min 729 min 61.6
10055 99 100 108780 min 3245 min 33.5
10282 2000 91 67815 min 826 min 82.1

Table 3. Performance on the Grid

By comparing Table 2 and Table 3, we may observe that for light workload
tasks such as Job10282, it is easy to achieve high speedup, while for heavy
workload tasks such as Job10055, the speedup we can get is relatively low. The
reason for this is that a long run on nodes of TCG@NUS will induce high risk
of failure (e.g. the failure rate of Job10055 %35) since when the nodes are used
by their owners for CPU intensive jobs, they are not available anymore. Thus,
when we are using TCG@NUS, it is better to further parallel our applications
so that the running time of workunits will not be too long.

4 Conclusion

We have proposed a statistical analysis method for bio-pathway modeling. We
estimate multiply parameter sets instead of searching for one global optimal
in order to cope the non-identifiability induced by limited and noisy data. As
the distributions of each estimated parameters can reflect the sensitivities and
robustness of corresponding reactions, biological insights about the pathway dy-
namics can be gained by such statistical analysis. We tested our approach on the
Complement system. By enabling our application on TCG@NUS, we were able to
achieve up to 82.1 speedup and make our application piratical. Currently, we are
investigating more properties of Complement system using the parameters esti-
mated by TCG@NUS, and we plan to apply this method to other bio-pathways
in collaborating with biologists in NUS.
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