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Abstract 
 

In bioinformatics, biochemical pathways can be mod-
eled by many differential equations. It is still an open 
problem how to fit the huge amount of parameters of the 
equations to the available data. Here, the approach of 
systematically learning the parameters is necessary.  

This paper propose as model selection criterion the 
least complex description of the observed data by the 
model, the minimum description length. For the small, 
but important example of inflammation modeling the per-
formance of the approach is evaluated. 

1. Introduction 

In living organisms many metabolisms and immune re-
actions depend on specific, location-dependent interac-
tions. Since the interactions occur in a timed transport of 
matter and molecules, this can be termed as a network of 
biochemical pathways of molecules. In Bioinformatics, 
these pathways or signal interactions are modeled by 
many differential equations. For complicated systems, 
differential equations systems (DES) with up to 7,000 
equations and 20,000 associated parameters exist and 
model reality. The motivation for life science industry to 
use such systems is evident: A prediction of reactions and 
influences by simulated models helps avoiding time-
consuming, expensive animal and laboratory experiments, 
decrease the high costs for developing new drugs and 
therefore may save millions of Euros. For small signal 
transduction networks, this has already been done by 
estimating the parameters by data-driven modeling of ex-
pression profiles of DNA micro arrays, see e.g.[2]. Inter-
estingly, no problems were reported fitting the mo dels to 
the data. 

Although the basic idea is quite seducing, the practical 
problems associated with the simulation approach are dif-
ficult to solve: How do we know that our selected model is 
valid and how can all parameters be set to the correct val-
ues? And if all parameters are different for each individual, 
how can they be adapted to the real values based only on 
a small set of measured data per organism?  

In this paper we will try to answer some of theses 
questions for the example of the small but important prob-
lem of inflammation and septic shock.  

2. The differential equation neural network of 
inflammation and septic shock 

The symptoms of septic shock contain low blood pres-
sure, high ventilation and high heart rates and may occur 
after an  infection or a trauma (damage of tissue). The sep-
tic shock research has no convincing results yet; there is 
still a high mortality of about 50% on the intensive care 
units (ICU) and nobody knows why. It is only possible to 
predict the outcome for a patient in advance just for 3 
days [1]. In 1999, about 250,000 death were associated 
with sepsis in the USA. 
The septic shock state is produced by a confusing myriad 
of immune pathways and molecules. For studying the ba-
sic problems we restrict ourselves first to a simplified but 
still functional version of the model which uses only three 
variables and 12 constant parameters [3]. Let P be the 
pathogen influence, M the immunological response, e.g. 
the macrophages involved and D the obtained cell dam-
age. Then, using some basic assumptions [4], we might 
combine them into a coupled system of three first order 
differential equations (DES): 

 P'(t)  = a1(1–P)P  + a2MP (1) 

 M'(t) = a3M +a4M(1–M)P + a5M(1–M)D (2) 

 D'(t)  = a6D + a7 h( (M–a9)/a8) (3) 

The plot of the time course for the three outputs (three 
variables) for the set of parameters shown in Tab. 1 is 
shown in Fig. 1. For this, the differential equations were 
numerically integrated using the Runge-Kutta method. 

 
a1 =   0.054 a3 = -1.0 a6 = -0.01 
a2 = –0.2155 a4 =  5.0 a7 = 0.00384 
a9 = 0.2018 a5 = 1.0 a8 = 0.1644 

Tab. 1 The constant parameter values 

It can be concluded that an infection (P) causes cell dam-
age (D) and a delayed activity of the macrophages (M). 
The infection is defeated by the macrophages which de-
crease to a sufficient level afterwards. 
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Fig. 1 The time dynamics of the equations (4), (5) 
and (6). 

In this case (parameter regime), the infection remains 
chronically and the cell damage reaches a stable level. In 
the next section let us regard the adaptation of the parame-
ters more closely. 

3. Learning the Parameters 

Generally, the biochemical pathways are very complex. 
It is not clear, which influences are important and which 
are not important. For the analytical description by equa-
tions this means that the number of terms (“model selec-
tion”) and the values of its parameters (“model adapta-
tion”) are not given a priori, but have to be estimated 
(“learned”) by the real observed data. How can this be 
done? 
First, we are troubled by the fact that we do not have the 
full data set of Fig. 1 but only the small set of observed 
data. An example is given in table 2. For instance, the dy-
namics of inflammation might be in the range of hours, 
whereas the observed data is taken once each day. 
 

Time 
step 

P M D 

0 0.05000
0 

0.00100
0 

0.15000
0 

100 0.20121
5 

0.20607
9 

0.25434
7 

200 0.18375
1 

0.20684
4 

0.34202
7 

300 0.17727
0 

0.20675
0 

0.37428
2 

400 0.17487
6 

0.20668
0 

0.38614
1 

500 0.17399
5 

0.20664
9 

0.39050
0 

Tab. 2 The observed sparse data  

In Fig. 2 this situation is shown. Here, the variable y(t) 
changes after each time tick, but it is only measured at time 
points ti. The different time scales will change heavily the 

approximated coefficients and difference equations, see 
[4]. Therefore, if we ignore the time steps b etween the ob-
servations and assume that system iterates once for one 
observation we will not be able to predict the best fitting 
parameters ai for the difference equations that have sev-
eral time steps between the observations. 

   

y ( t )  

t i m e  t i c k s t1  t 2  t3  t 4   
Fig. 2 The different time intervals for the differen-

tial equation and the observations 

It turned out [4] that a variant of the classical evolutionary 
approach [5] did the job quite well. The advantage of this 
approach is its independency of the complexity of the ob-
jective function. The disadvantage is its high computa-
tional burden: we have to recompute the objective func-
tion each time we change only one parameter, and we can 
not adapt the step width in advance. Nevertheless, for a 
given DES and given observed data this approach shows 
good performance, see [4]. 
For a given model, this is fine. If the model is not given we 
are in trouble: How should we select the model and adapt 
the parameters at the same time? The initial idea of first 
adapting the parameters and then selecting the model by 
pruning all terms that has very small parameter values 
might work. Consider for instance our model of eqs. 
(1),(2),(3). We might consider the following ideas: 

(1) If the pathogen influence (microbes) is present at the 
location where cell damage occurs, the pathogen influ-
ence will be increased: P’ ~ PD 

(2) Macrophages will die due to toxic influence of mi-
crobes, proportional to the co-occurrence probability 
and the microbe concentration : M’ ~ –P2M 

These two possible extensions of the model are translated 
into the modified differential equations 

 P'(t)   = a1(1–P)P  + a2MP + a10PD    (4) 

 M'(t) = a3M+a4M(1–M)P+a5M(1–M)D+ a11P2M (5) 

 D'(t)  = a6D + a7 h( (M–a9)/a8) (6) 

On the other hand, we might have a more simple model in 
reality than we expect. For instance, we might have a 
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