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ABSTRACT 10 
 11 
Parameter estimation is an important part of computational systems biology – especially in 
studies on biological networks. Numerous stochastic search methods have been applied in 
parameter estimation in biological networks. In this paper, a constrained stochastic space 
search (CSSS) method for parameter estimation is proposed and evaluated for estimating 
the parameters of a genetic network described by differential equations. Both linear and 
nonlinear model formalisms were used for the data evaluation. The performance of the 
CSSS method was compared to the Integrated Controlled Random Search for Dynamic 
Systems (ICRS/DS) stochastic optimization algorithm. Compared to the ICRS/DS, the CSSS 
algorithm is faster with at least a 7-fold shorter convergence time.Independent replicates 
were run and identification performed. For the same initialization conditions prior to 
optimization, the CSSS had on average smaller relative mean errors than the ICRS/DS. 
 12 
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1. INTRODUCTION 16 

There is growing interest in parameter estimation and understanding the dynamics of 17 
biological networks. Numerous methods have been used so far to gain insight into various 18 
aspects of biological networks, e.g. (probabilistic) Bayesian networks, regression methods, 19 
Boolean methods, and differential equations. The ordinary differential equation (ODE) 20 
formalism is a popular method to model biological networks[1][2][3][4][5]. This formalism is 21 
used to model the regulatory status of genes,hence, rendering ODEssuitable for describing 22 
gene regulation activity [6]. Generally, manyparameters are required in ODEs to describe 23 
the dynamics and regulatory roles of various components of a biological network. In 24 
principle, the number of parameters increases with the level of details required to describe 25 
the regulatory mechanisms involved in a particular biological network. There is currently 26 
numerous global parameter estimation methods proposed in computational systems biology 27 
[7][8][9][10][11]. There are manyspace search methods that address parameter estimation 28 
problems in biological networksand the number keeps rising[12].  29 

Although much progress has been madein developing powerful and accurate parameter 30 
estimation methods, such as that in [13][14], there is still need for improvement in the 31 
computational robustness and speed of existing methods. Many genetic network inverse 32 
modeling problems require robust parameter estimation routines to ensure that the 33 
parameters are obtained with high precision. The classical way to do this is by least squares 34 
estimation or maximum likelihood estimation is used [15]. Similarly, stochastic search based 35 
methods can be used – in which case a specified set of parameter constraints and heuristics 36 



 

for initializations on some parameters for optimizationare required [7][11][14]. The 37 
optimization is based on minimization of goal function to fit a given model to a dataset. 38 

The challenge of accurately describing the dynamics and change in concentration of 39 
molecular species, e.g. messenger Ribose Nucleic Acid (mRNA)in the cell. In Computational 40 
Systems Biology, Bioinformatics and Biotechnology, parameter estimation remains a big 41 
challenge – especially in the study of biological networks. To help address this challenge, 42 
various methods have been proposed in literature; e.g., Englezos and Kalogerakis[16] 43 
provided insight into optimization methods used for parameter estimation. Currently, there 44 
are numerous approaches to estimating parameters from data. Fundamentally, the 45 
mathematical principles andproblem formulation vary. Additionally, there exist differences 46 
between the most methods, for instance: (i) some methods are computational more 47 
expensive, (ii) variation in levels of accuracy and precision in prediction of state variables 48 
and/or models parameters, and (iii) the scalability to larger dimensional networks (or 49 
compartmental systems). Even small functional modules in networks require a large number 50 
of parameters to describe the underlying kinetics and regulatory mechanisms between the 51 
molecular units (genes and/or proteins). This large number of parameters is required for 52 
accurate network reconstruction irrespective of the model formalism.  53 

Here, the constrained stochastic space search (CSSS) method is proposed and its 54 
performance is compared to the Integrated Controlled Random Search for Dynamic Systems 55 
(ICRS/DS) which can be found in [17]. The ICRS/DS is a modification of the ICRS 56 
algorithm[18]. Much as the ICRS/DS is robust, it comes with weaknesses, e.g.: (i) it requires 57 
making heuristic guesses for the direction search tuning parameters, and (ii) it takes a long 58 
time to converge to an optimum solution, if a solution exists in the search space and the 59 
optimization tolerance level is sufficiently stringent. The CSSS method addresses these 60 
issues by using a technique of variance scaling on the parameters during optimization. The 61 
performances of these methods were validated on two test case networks through in silico 62 
experiments and optimization. 63 

Other stochastic search algorithms such as the Genetic Algorithms and Particle (Swarm) 64 
Optimization have also been applied to solve parameter estimation in biochemical systems 65 
(see Bosezzi et al.[19] and Yang et al. [20]. Unlike the CSSS method, many of the stochastic 66 
algorithms in literature are quite complex and require curation of initial parameter values 67 
prior to optimization. Extensive insight into the performance of commonly used algorithms for 68 
parameter estimation in Systems Biology is found in the work of Ashyraliyev et al. [21].The 69 
CSSS algorithm aims to get the best parameter estimates by optimizing the sum of squared 70 
errors (SSE) goal function. Just like the ICRS/DS, the CSSS algorithm requires pre-71 
specification of constraints on the parameter for initialization. The parameter precision and 72 
accuracy levels were found to be influenced by network topology and the existence of a 73 
feedback and/or feed-forward loop. For instance, the existence of edges (which represents 74 
the regulatory strength between a target gene and its transcription factor)in a network being 75 
significantly stronger than others may cause a drastic shift in the system condition number - 76 
ultimately affecting how accurately parameter are estimated. 77 

2. METHODS 78 

2.1 Network representation 79 

Consider a genetic network system that is represented by the differential equation 80 

�� = ���, �;Ω	;        � = ���, 
	  (1) 81 



 

where � = ���, … , ���� ∈ ���82 
activities. Here �� = ����, … , �83 
number of time points; the matrix of measured data is 84 
space, 
 - Gaussian measurement error term and 85 
transition function ��∙	 captures the network dynamics and 86 
measurement function which can be obtained by transcriptomics experiments87 

2.1.1 Linear representation  88 

Let us consider the linear system89 

X� = �� � �� 90 

Here, A is the network connectivity 91 
like activation, repression, auto92 
and feedback. The network is triggered using an external perturbation function:93 

��!	 = ��0	�1 �$ � %&'	⁄ � 94 

$ and ) are nonnegative constants and 95 
compound. The nature of ��96 
the concentrations of an inducing compound is consumed97 

98 

Fig. 1. A synthetic genetic network. The sharp headed 99 
respectively represent activation and repression100 

represent genes and * is the perturbation (input) signal, which can be nut rient uptake, 101 
glucose uptake etc depending the biological network under c onsideration.102 

Consider a system of ODEs represented with the connectivity matrix constructed from the 103 
network in Figure 1. The fully connected matrix 104 
has a total of +, = 36 parameters. However, not all 105 
given that sparseness is a common attribute of biological networks 106 
the parameterized connectivity matrix which107 
parameters – including the input vector coefficient 108 
auto–regulation effects. The parameterized connectivity matrix is109 

�� represents the state of the system which details the gene ����� ∈ ���� is the measured activity of gene / in time, 
matrix of measured data is � = ���, … , ���� ∈ ����, Ω 

Gaussian measurement error term and � - external perturbation vector. The 
ptures the network dynamics and ��∙	 is the output 

which can be obtained by transcriptomics experiments. 

 

sider the linear system representation: 

 

network connectivity matrix with typical attributes of real biological networks 
ke activation, repression, auto-regulation (which is also often referred to as self

is triggered using an external perturbation function: 

�  

are nonnegative constants and ��0	 is the initial concentration of the triggering �!	 is based on many physical and biological systems in which 
the concentrations of an inducing compound is consumed[22][23]. 
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and the input vector  111 

� = ���, 0,0,0,0,0��  (5) 112 

The network is triggered by the signaling function in (3)as an external perturbation, 113 
therefore, enhancing the gene activities. For the ease of notations, let the parameter from (4) 114 
are represented by:  115 

= = �0��, 0�8, 0,,, … , 099, ����  (6) 116 

Several sets with different parameter values were assigned to the connectivity matrix to 117 
enable synthetic data generation. The initial parameters are depicted as: 118 

=�>	 = ?0���>	, 0�8�>	, 0,,�>	, … , 099�>	, ���>	@�
  (7) 119 

The vector dimension A/BC=�>	D = B depends on the number of unknown parameters. 120 

2.1.2Boundary constraints on parameters  121 

The restrictions imposed on the lower (L) and upper (U) parameter bounds are: 122 

Ω� = E0�FG ≤ 0�F ≤ 0�FI   for all   /, O��G ≤ �� ≤ ��I
P  (8) 123 

These constraints ensure that nonrealistic parameter values are avoided[26][27]. Once the 124 
model structure is known and the constraints on the parameters in (8)specified, then 125 
optimization of the goal function is initiated. The parameter values are updated during 126 
optimization until convergence at some optimal goal function value is obtained.  127 

2.2 Nonlinear network representation 128 

Consider the nonlinear model representation of a genetic network of three genes as in[28]. 129 
With a slight change of notation, the model is given by 130 

ΓQRS�Ω�	 =
TUV
UW

XYZX' = [�\ ��]^Z_Y_ − [�X��
XY`X' = [,\ ^`ZYZ�]^`ZYZ − [,X�,

XY_X' = [6\ ^_ZYZ�]^_ZYZ
^_`Y`�]^_`Y` − [6X�6

P  (9) 131 

The term �� represents the state for gene/. The equations in (9) describe a simple regulatory 132 
network in which gene 3 (�6) represses transcription of gene 1 (��), gene 1 activates 133 
transcription of gene 2 (�,), gene 1 (��) and gene 2 (�,) collectively activate gene 3 (�6).A 134 



 

popular form of function used in modeling biological networks is the Hill function[29][30]. The 135 
parameter vector for this nonlinear system (nls) representation is given by 136 

=QRS = �[�\, [�6, [�X , [,\, [,�, [,X, [6\, [6�, [6,, [6X�� (10) 137 

In(9), the mRNA degradation is modeled as a first-order reaction and is represented by the 138 
constants [�X, [,X and [6X; The terms [�\, [,\ and [6\are the synthesis parameters and [�F is 139 
the effective affinity constant for gene O activating /. The expression for the measured 140 
system outputs are as described in subsection 2.1.The constraints on the parameters in (9)141 
were specified as: 142 

Ω�,QRS = [�FG ≤ [�F < [�FI   (11) 143 

The dots in the parameter subscripts in (11) denote the corresponding indices in (10). This 144 
restriction and the initial guess =QRS�>	 were used for the optimization. 145 

2.3 Data generation and parameter estimation 146 

The synthetic data was generated prior to parameter estimation. A comparison of the “true” 147 
and the estimated parameters was done. In the simulation, measurement noise was added 148 
to the data. The expression for gene / at time ! is ���!	 = ���!	 � 
��!	, where 
� = b‖��‖� is 149 
the relative data measurement error, bis the measurement noise. A value of b = 0.05 was 150 
considered at sampling moments in the in silico data simulations. The notation ‖∙‖� 151 
represents the City Block Distance in the f� space. The SSE goal function is expressed as 152 

gCΩh �D = arg B/+ jk�lC!|Ωh �Dk�C!|Ωh �Dn   for / = 1, . . . , + (12) 153 

where k�C!|Ωh �D = ��opS�!	 − ��qSrC!|Ωh �Dis the residual vector, and ��qSrC!|Ωh �Dis the estimated 154 
expression for gene / conditioned on the parameter space. 155 

2.4 Performance evaluation 156 

A precision measure, relative errors were used on the individual parameters. The expression 157 
for computing the relative error on a parameter is given by 158 

sqttot,u = |=urtvq − =wu| |=urtvq|⁄   (13) 159 

where =urtvq and =wu represent the considerably “true” and estimated parameter values, 160 
respectively. Overall, two goodness-of-fit measures on parameter estimates were used, 161 
namely: the goal function and the relative error in parameter estimates.The mean and 162 
standard deviations of the relative errors in the vector =w are given by (14) and(15), 163 
respectively. 164 

x̂z{||}| = �~ ∑ sqttot,u�=w	~u��   (14) 165 

��z{||}| = � �~�� ∑ Csqttot,u�=w	 − xz{||}|D,~u��   (15) 166 

Here �is the number of independent identifications performed. Twenty different in silico 167 
experiments were performed (i.e. � = 20). Firstly, performing different experiments involved 168 



 

making a nonnegative change �=u in the parameter vector (i.e. set=u ≔ =u ± �=u) and then 169 
simulating the data – this was repeated �times. Secondly, independent identifications were 170 
performed using both the CSSS and ICRS/Ds methods. In each in silico experiment, a 171 
random number of parameters was kept constant while the others were varied around at 172 
most 20% of their starting values – this was repeated � times.The above different cases in 173 
data simulation and identification help to specify reliability of the optimization methods with 174 
respect to =w. Low values ofx̅z{||}| are associated with a good performance, and low values 175 
of the mean relative standard errors ��z{||}| represent a high consistency in estimating =. To 176 
assess the performance of the method over the parameter space, the average values, 177 x̅z{||}|were computed using 178 

x̂lor�R = �� ∑ x̂z{||}|,��̂��   (16) 179 

This statistic is an unbiased estimator since x̅lor�R ≈ 0. Similarly, the total variations in the 180 
estimate ��lor�R were calculated using the expression  181 

��lor�R = � ���� ∑ j��z{||}|,� − EC��z{||}|D^n,�̂��   (17) 182 

The mean standard deviation was calculated from 183 

���q�Q = �� ∑ ��z{||}|,��̂��   (18) 184 

where E�∙	 is the expectation operator. Equation(16) and(18) provide additional information 185 
on the accuracy and consistency of the computed parameter estimates. A small confidence 186 
bound in(18) indicates replicable experiments with respect to the identification method used. 187 
The closer (16) gets to zero, the better the identification. 188 

2.5 CSSS algorithm pseudo-code 189 

The specifications of the subsequent steps in the CSSS algorithm are given in Table 1. The 190 
implementation and systems identification was done in MATLAB version 7.4.0.Setting an 191 
infinitesimal tolerance value �� = 1% − 5 (a relative deviation in goal functions) reduces the 192 
likelihood of the optimization getting stuck at a local minimum. This low tolerance value 193 
ensures that the error in the goal function is negligible, hence, increasing the accuracy in 194 
parameter estimation. 195 

Table 1. Pseudo-code for the CSSS algorithm. Here �, �, � are the iteration indices, �: 196 
number of successful iterations satisfying the spec ified criterion, �: a definite integral 197 
domain, ‖∙‖�: the city block distance (or �� norm), ��∙	 : is the expectation operator. ���	 198 

– initial value of goal function, ������, ⋯ , �¡������	 and ������, ⋯ , �¡�����¢£	 are the vectors of 199 
mRNA measurements (or model output for individual g enes) during iteration and 200 

upon convergence, respectively. The superscripts “L ” and “U” in ¤¥ and ¤¦ represent 201 
the lower and upper bounds, respectively. The other  variables and parameters are as 202 

defined elsewhere in the manuscript. 203 
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2.6 Pre-conditioner verification 205 

The condition number, just like correlation coefficients, can be used to explain any 206 
anomalies in parameter estimates. If the condition number is large (i.e. deviates significantly 207 
from the value 1), then the gene expression values have similar time trajectories. This is an 208 
attribute that may lead to biased parameter estimates. Let the measured gene expression 209 
(mRNA levels) data be ����, then the condition number for this matrix is defined as §��	 ≔210 ‖�‖‖���‖if ������is a nonsingular matrix. If �is a non-square matrix, then the analogous 211 
definition for the condition number is: 212 

§����	 ≔ §��,	 = ‖��l�	‖‖����	��‖  (19) 213 

3. RESULTS AND DISCUSSIONS 214 

3.1 Model goodness-of-fit to data 215 



 

On performing the identification, the results for the linear, the non-linear both for the CSSS 216 
and ICRD/DS methods all showed good model fits to the data. See, for instance Figure 2, 217 
which concerns results of the CSSS method for the non-linear casewhich involves three 218 
genes and a total of 10 parameters to be estimated. Individual data points such as those in 219 
Figure 2 represent averaged data values from duplicates, triplicates or more measurements 220 
– depending on the costs. The condition number for the linear and nonlinear network cases 221 
was found to be in the order of magnitude §�∙	 = 1.7% � 4 and §QRS�∙	 = 1.2% � 4, 222 
respectively. This order of magnitude in this number may compromise the accuracy of 223 
parameter estimates. It should be noted that by invoking a network by a single trigger most 224 
of the gene transcription profiles turn out to be correlated. 225 

 226 

Fig. 2. Model fit to data using the CSSS method to the nonlinear example in section 227 
2.2. The data points are indicated by points and th e model fit by lines (measurement 228 

noise ª = �. �«, ¬ = �� data points and sampling step size of ∆® = �. « units). 229 

3.2 Identification from the linear model formalism 230 

Parameter estimation with the CSSS and ICRS/DS algorithms is done for a 20 sets of 231 
parameters for the linear model formalism. The SSE (or goal function value) using the 232 
ICRS/DS algorithm was found to be g¯°±²/´²�µ¶	 = 0.0191, and g°²²²�µ¶	 = 0.0170 for the CSSS 233 
method.These values indicate the lowest achievable goal function resulting from the 234 
optimization. It basically shows a marginally better performance for CSSS compared to 235 
ICR/DS (i.e. g°²²²�µ¶	 < g¯°±²/´²�µ¶	 ).Table 2 provides an example of the parameter estimates and 236 
the true parameters of one of the sets. For both methods there is a deviation from the true 237 
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values. The main reason is that a large number of parameters are estimated from a dataset 238 
with correlated response variables resulting in a high condition number. Identification with 239 
reduced system dimension (e.g. with gene 5 and 6 knocked out) shows that the CSSS 240 
method still yields results with lower variances on the relative errors. The overall relative 241 
error rates for the reduced system (with 9 parameters) were also lowered. 242 

Table 2. Parameter estimates obtained by using the CSSS and ICRS/DS algorithm. 243 
Estimations were done using time course data from t he linear network formalism 244 

(subsection 2.1) with measurement noise level of ª = �. �« and ¬ = ¸� data points. 245 

  ICRS/DS CSSS =QRS “true” value =wQRS,��µ¶	  =wQRS,��µ¶	  0�� 0�8 0,, 0,7 06� 066 067 07� 077 08� 088 09� 09, 098 099 �� 

2.0 
1.0 
2.1 
1.2 
2.5 
2.6 
1.6 
1.4 
2.9 
1.2 
1.1 
1.0 
2.6 
2.1 
2.1 
1.0 

0.6922 
0.1398 
2.0944 
1.1965 
2.7175 
2.8466 
1.7097 
1.1515 
2.3845 
1.2235 
1.1193 
0.2683 
2.4020 
0.9770 
1.5236 
0.5854 

1.6589 
0.6760 
1.6817 
0.9581 
1.0710 
1.1614 
0.6087 
0.6307 
1.2947 
0.9866 
0.8993 
0.3777 
1.1511 
1.6007 
1.7599 
1.0011 

 246 

 247 
Fig. 3. Mean relative error (MRE) for the linear mo del formalism by the ICRS/DS and 248 
CSSS method, respectively. Analysis was done using datasetin which ª = �. �«.The 249 

error bars are the standard deviations ( ¹wº�»»¼»,½) to the MRE on parameter ¤½. 250 

Figure 3 gives the mean relative error (MRE) for each parameter as estimated by both 251 
methods. Overall, the MRE for the CSSS method (x̅lor�R = 0.4072) is below that of the 252 
ICRS/DS (x̅lor�R = 0.6001). Moreover, an important property of the CSSS method is that the 253 



 

MRE for an individual parameter is nearly constant while the MRE for the ICRS/DS shows a 254 
large variation (compare corresponding error bars). In other words the CSSS method is 255 
consistent in its results. The lower variation is a result of the variance scaling in step 11 of 256 
the algorithm. To estimate =in the linear model set up, parameter estimation a choice of 257 =u�>	 ∈ ¾−1, �1¿was made. Hereby, −1 was chosen for the auto-regulation effects, −1 for the 258 
repressing and �1 for the activating effects of the transcription factors to a particular target 259 
gene. With this choice ofinitial parameter, the CSSS algorithm needs a significantly lower 260 
amount of iterations to achieve the convergence than ICRS/DS (Figure 3). If the initial 261 
parameters were not chosen according the above strategy, the convergence rate of both 262 
algorithms slightly worsens, but the performance of both algorithms remain invariantly 263 
comparable with CSSS marginally outperforming the ICRS/DS. 264 

 265 
Fig.4. Plot of goal function convergence values usi ng the CSSS and ICRS/DS 266 

algorithms. The figure axis narrowed for easy visib ility – the final successful iteration 267 
number at which the goal function converges is abou t 150 and 900 for the ICRS/DS 268 

and CSSS, respectively. 269 

3.3 Identification from the nonlinear model formali sm 270 

The ODE nonlinear model formalism is known to be prone to having correlated parameters. 271 
This is problematic for network identification since it leads to reduced accuracy and precision 272 
in parameter estimates. Parameters were estimated for 20 different datasets. For the two 273 
methods being compared, theSSE values for the goal functions using the nonlinear 274 
identification problem were g¯°±²/´²�µ¶	 = 0.0017 and g°²²²�µ¶	 = 0.0014. The parameters estimated 275 
for one of the datasets are shown in Table 3. Despite the correlation between parameters, 276 
for all these sets the parameters estimated are much closer to the true values compared to 277 
the linear model formalism. As expected, for the linear case with reduced number of 278 
parameters, better parameter estimates were observed. 279 
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Table 3. Parameter estimates obtained by using the CSSS and ICRS/DS algorithm. The 280 
estimations were performed using with data having m easurement noise ª = �. �«, 281 ¬ = �� data points and sampling step size of ∆® = �. « units. 282 

  ICRS/DS CSSS =QRS “true” value =wQRS,��µ¶	  =wQRS,��µ¶	  [�\ [�6 [�X [,\ [,� [,X [6\ [�\ [6� [6, [6X 

2.0 
2.0 
1.0 
2.0 
1.0 
1.0 
2.0 
1.0 
1.0 
1.0 

2.0221 
1.4011 
1.1755 
1.4067 
1.8981 
1.7361 
3.1916 
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Figure 4 gives the MRE for the individual parameters. The average MRE for the CSSS is 283 
0.1670 with a deviation of 1.4% − 4 and for the ICRS/DS method 0.2274 with a deviation of 284 1.5% − 3. Again the CSSS is more consistent in finding the parameters. In contrast to the 285 
linear case no rules could be applied for the parameters initial guess, therefore initial values 286 
were randomly chosen from the interval �0,5�. 287 

 288 

Fig. 5. Mean relative error (MRE) for the non-linea r model formalism by the ICRS/DS 289 
and CSSS method, respectively. Analysis using data with a ª = �. �« noise level.The 290 

error bars are the standard deviations ( ¹wº�»»¼»,½) to the MRE on parameter ¤½. 291 

3.4 Comparison of algorithm performance: ICRS/DS ve rsus CSSS 292 

To assess the performance of the convergence times for the two identification methods 293 
under consideration, the optimization times to convergence were computed. For the same 294 
model and dataset, the CSSS algorithm converges faster than the ICRS/DS algorithm 295 
(Figure 7 and 8). This holds true even for a highly connected network (with B = 16 296 
parameters) used in the linear network as opposed to the nonlinear network with only three 297 
genes (with B = 10). During the optimization process, an iteration run was either rejected as 298 
unsuccessful or accepted as successful by checking if=�ℓ	 and g�ℓ	satisfies the conditions in 299 
steps 12 and 17, respectively (Table 1). A distinguishing feature of stochastic optimization 300 



 

methods is that much computational time is wasted on unsuccessful iterations. Compared to 301 
the ICRS/DS; steps 12 and 17 in the CSSS method ensure that the number of unsuccessful 302 
iterations is reduced. 303 

 304 
Fig. 6. Comparison of relative deviations in goal f unctions ÁÂÃ�Ä to convergence time 305 

for the CSSS algorithm versus with the ICRS/DS algo rithm for the linear model 306 
formalism. 307 

 308 
Fig. 7. Comparison of relative deviations in goal f unction ÁÂÃ�Ä to convergence time for 309 

the CSSS algorithm versus with the ICRS/DS algorith m for the non-linear model 310 
formalism. 311 
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An assessment on the parameter accuracy was performed with five times the number of 312 
time points for all the cases considered. A total of 100 data pointswere used for both the 313 
linear and nonlinear network representation problems. The results do not deviate much from 314 
those observed earlier-on in which the CSSS method was shown to besuperior to the 315 
ICRS/DS method. Relative error analysis was performed with noise-free data and the results 316 
indicated that the standard deviations on the parameters are again lower for identification 317 
with the CSSS as compared to the ICRS/DS method. Therefore, irrespective of the 318 
measurement noise level in the dataset, the CSSS method is consistent and reliable in the 319 
parameter estimates – as seen from the low mean relative error and standard deviation 320 
values. This analysis indicates that the errors in the parameters are not caused by the noise 321 
level (see Figure 8)but are associated with the high condition number. 322 

 323 
Fig. 8. Mean relative error (MRE) for the linear mo del formalism by respectively the 324 

ICRS/DS and CSSS method, analysis with the noise-fr ee datasetin which ª = �. �.The 325 
error bars are the standard deviations ( ¹wº�»»¼»,½) to the MRE on parameter ¤½. 326 

Using the CSSS method, the averaged relative errors on the estimated parameters were 327 
less than those obtained using the ICRS/DS method (Figure 3 and 4). The CSSS method 328 
achieves the best accuracy results and is faster in convergence. The advantage of using the 329 
CSSS method over the ICRS/DS method is that the CSSS method does not require heuristic 330 
tuning of the parameters. In step 6: Table 1, the variance of the parameters is estimated and 331 
the minimum deviation from the two terms is used for updating the next parameter estimate. 332 
Scaling the variance term �, by the iteration index ℓ � 1 (step 11: Table 1) ensures that the 333 
variance decreases during optimization, leading to faster convergence (Figure 6 and 7). This 334 
increased speed of convergence is associated with less function rejection during the space 335 
search in the optimization process.In the presence of correlated parameters in a model, the 336 
likelihood of obtaining good parameter estimates is reduced because a change in one 337 
parameter value proportionally causes a shift in the other parameter value – this is a 338 
challenge in systems identification. In essence, applying a method to a parameter estimation 339 
problem for larger network dimensions may yield a model with good fits to the data, but with 340 
fading degrees of parameter accuracy. Quicker convergence and better parameter 341 
estimates can be achieved by good parameter initialization since this increases the 342 
likelihood of obtaining optimal solutions [31]. This statement seems relevant for the ICRS/DS 343 
method, but this work shows that with the fast converging CSSS algorithm the initial choice 344 
is not that important.  345 



 

4. CONCLUSIONS 346 

The results presented in this paper are based on two stochastic optimization methods 347 
addressing the parameter identification problem from time course datasets. The findings 348 
indicate that the performance of the CSSS is better than that of the ICRS/DS. The CSSS 349 
method shows lower variation on relative error on the parameter estimates. The mean 350 
relative errors on the parameters are also lower for the results obtained using the CSSS 351 
method as opposed to those obtained from the ICRS/DS method. The CSSS method can be 352 
used for parameter estimation in small sized networks. The CSSS method is computationally 353 
efficient and out-performs the ICRS/DS in the convergence speed. The performance of the 354 
proposed optimization method for both the linear and nonlinear model representation was 355 
better than that of the ICRS/DS.Achieving accurate parameter identification remains one that 356 
is crucial to address, especially with growing interests from understanding larger biological 357 
networks, thereby,up-scalingthe challenge. However, by decomposing networks into sub-358 
units, it is easier to estimate the parameters with much better precision. 359 

COMPETING INTERESTS 360 

The author declares no competing interests. 361 

REFERENCES 362 

1. Goodwin BC. Temporal Organization In Cells; A Dynamic Theory Of Cellular Control 363 
Processes. Academic Press, New York. 1963  364 

2. Hartemink AJ, Gifford DK, Jaakola TS, Young RA. Combining location and expression 365 
data for principled discovery of genetic regulatory network models. Proc. Pac. Symp. 366 
Biocomput. 2002;7:437–449  367 

3. Zak D, Pearson RK, Vadigepalli R, Gonye G, Schwaber JS, Doyle III FJ. Continuous-time 368 
identification of gene expression models. Omics. 2004;7:373–386  369 

4. Savageau MA. Biochemical systems analysis: a study of function and design in molecular 370 
biology. Addison Wesley Publishing Company. 1976  371 

5. Kikuchi S, Tominaga D, Arita M, Takahashi K, Tomita M. Dynamic modeling of genetic 372 
networks using genetic algorithm and S-system. Bioinformatics. 2003;19:643-650  373 

6. Smolen P, Baxter DA, Byrne JH. Modeling transcriptional control in gene networks: 374 
methods, recent results, and future directions. Bull. Math. Biol. 2000;62:247-292  375 

7. Zwolak J, Tyson J, Watson L. Globally optimized parameters for a model of mitotic control 376 
in frog egg extracts. IEE Proceedings Systems Biology. 2005;152:81-92  377 

8. Chaitankar, V,P., Perkins EJ, Gong P, Deng Y, Zhang C. A novel gene network inference 378 
algorithm using predictive minimum description length approach. BMC Syst. Biol. 2010;4:S7  379 

9. Tsai KY, Wang FS. Evolutionary optimization with data collocation for reverse engineering 380 
of biological networks. Bioinformatics. 2005;21:1180-1188; doi:10.1093/bioinformatics/bti099  381 



 

10. Ashyraliyev M, Jaeger J, Blom JG. Parameter estimation and determinability analysis 382 
applied to Drosophila gap gene circuits. BMC Syst. Biol. 2008;2:83  383 

11. Polisetty PK, Voit EO, Gatzke EP. Identification of metabolic system parameters using 384 
global optimization methods. Theoretical Biology and Medical Modelling. 2006;3:4  385 

12. Torres NV, Voit EO. Pathway analysis and optimization in metabolic engineering. New 386 
York, Cambridge University Press. 2002  387 

13. Espocito WR, Floudas CA. Global optimization for the parameter estimation of 388 
differential-algebraic systems. Ind. Eng. Chem. Res. 2000;39:1291-1310.  389 

14. Papamichial I, Adjiman CS. A rigorous global optimization algorithm for problems with 390 
ordinary differential equations. J. Global Optim. 2002;24:1-33  391 

15. Li Z, Osborne MR, Prvan T. Parameter estimation of ordinary differential equations. IMA 392 
J. Numer. Anal. 2005;25:264-285  393 

16. P E, N K. Applied Parameter Estimation for Chemical Engineers. 1st Edition ed. CRC 394 
Press: USA; 2000  395 

17. Carrasco EF, Banga JR. Dynamic optimization of batch reactors using adaptive 396 
stochastic algorithms. Ind. Eng. Chem. Res. 1997;36:2252-2261  397 

18. Banga JR, Casares JJ. Integrated Controlled Random Search: application to a 398 
wastewater treatment plant model. Inst. Chem. Eng. Symp. Ser. 1987;100:183  399 

19. Besozzi D, Cazzaniga P, Mauri G, Pescini D, Vanneschi L. A Comparison of Genetic 400 
Algorithms and Particle Swarm Optimization for Parameter Estimation in Stochastic 401 
Biochemical Systems. Lecture Notes in Computer Science. 2009;5483:116-127  402 

20. Yang F, Zhang C, Sun T. Comparison of Particle Swarm Optimization and Genetic 403 
Algorithm for HMM training. ICPR 2008 19th International Conference on Pattern 404 
Recognition IEEE Xplore Digital Library. 2008  405 

21. Ashyraliyev M, Fomekong-Nanfack Y, Kaandorp JA, Blom JG. Systems biology: 406 
parameter estimation for biochemical models. FEBS J. 2009;276:886-902; 407 
doi:10.1111/j.1742-4658.2008.06844.x; 10.1111/j.1742-4658.2008.06844.x  408 

22. Eungdamrong NJ, Iyengar R. Modeling cell signaling networks. Biol. Cell. 2004;96:355-409 
62  410 

23. Omony J, de Graaff LH, van Straten G, van Boxtel AJB. Modeling and analysis of the 411 
dynamic behavior of the XlnR regulon in Aspergillus niger. BMC Syst. Biol. 2011;5:S14  412 

24. Hoguland M, Frigyesi A, Mitelman K. A gene fusion network in human neoplasia. 413 
Oncogene. 2006;25:2674-8  414 

25. Nacher JC, Ochiai T. Power-law distribution of gene expression fluctuations. Physics 415 
letter A. 2008;372:6202-6206  416 



 

26. Tucker W, V M. Parameter reconstruction for biochemical networks using interval 417 
analysis. Reliable Comput. 2006;12:389-402  418 

27. Tucker W, Kutalik Z, V M. Estimating parameters for generalized mass action models 419 
using constraint propagation. Math. Biosci. 2007;208:607-620  420 

28. Karleback G, Samir R. Modeling and analysis of gene regulatory networks. Molecular 421 
cell biology. 2008;9:770-780  422 

29. Hill AV. The possible effect of the aggregation of the molecules of haemoglobin on its 423 
dissociation curves. J. Physiol. 1910;40(Suppl.):4-7  424 

30. Polynikis A, Hogan SJ, di Bernardo M. Comparing different ODE modeling approaches 425 
of gene regulatory networks. J. Theor. Biol. 2009;261:511-530  426 

31. Averick BM, Carter RG, Moré JJ. The MINPACK-2 test problem collection. 1991  427 

 428 


