
 

 1 April 2001 
 

SIMULATION NEWS EUROPE 

S
H

O
R

T N
O

TES
Issue 31 

SHORT NOTES 
RBF-Networks for Identification of 
Patient Pharmacokinetics and Phar-
makodynamics 
Motivation 

The response of the critically ill patient to the drugs 
necessary to sustain the vital physiological functions 
shows a strongly nonlinear dynamic behaviour. In or-
der to guarantee an optimal dosage of the drugs it is 
desirable to have a precise model of the patient at 
hand. Simulation of this model with actual or virtual 
inputs would enable the physicians to predict the pa-
tients reactions and to adjust their decisions accord-
ingly. 

Although there are already well established model 
structures for this purpose their parameters vary con-
siderably between patients. Therefore, the identifica-
tion of model parameters becomes mandatory to ob-
tain an accurate patient model. 

We use Radial Basis Function (RBF)-Networks to 
identify and model the patients pharmacokinetics and 
pharmakodynamics. Although the model structure and 
parameters have no direct physiological meaning the 
model is capable of both off-line and on-line identifica-
tion of nonlinear systems. 

Patient Model and Data Sysnthesis 
Testing the performance of an identification algo-

rithm requires either  

• the knowledge of the true system parameters, 
• or undisturbed input-output data sets. 
 

Since the parameters of the RBF-model cannot be 
compared to those of a physiological model we use 
simulated data sets from a standard propofol model 
[1,2]. Propofol is used for the control of depth of an-
aesthesia (DOA) and the DOA may be measured by 
processing EEG signals (the so called BIS-value). 

The model consists of two different parts, joined by 
a serial connection: 

1. Pharmacokinetics: A linear dynamic part, which 
models the distribution and elimination of the drug 
within the different body tissues. 

2. Pharmacodynamics: A nonlinear static part, which 
represents the patients reaction to the drug con-
centration at the effect site (central nervous sys-
tem). 

 
The patient model can be seen in Fig.1 where also 

the separation of input-ouput data into identification 
and validation data is depicted. Since all real meas-

urements are corrupted by disturbances a zero-mean 
Gaussian noise n(k) was added to the identification 
output data only. 

Figure1: Identification and validation data synthesis using the 
physiological propofol model. 

 
Although the model parameters were chosen for a 

specific drug (propofol) the procedures and methods 
outlined here are also valid for other physiological pa-
tient-drug interactions since the same model structure 
is used for other drugs too. 

RBF-Identification 
The basic structure of an RBF-network is given in 

Fig.2. Delayed inputs u(k) and outputs y(k) enter the 
net through a linear input-layer without weights. In the 
hidden-layer the euclidean distances between this so 
called input-vector x(k) and the centers ci of the basis 
functions are computed and weighted with a nonlinear 
basis function ΦΦΦΦ. The output-layer is a single linear 
neuron where the weighted outputs from the hidden-
layer are accumulated. 

 

Figure 2: Structure of a Radial Basis Function (RBF)-network 
for identification of a nonlinear dynamic system. 

 
The identification of a nonlinear dynamic system 

with an RBF-network can be structured in 4 steps: 

1. Selection of suitable radial basis functions. Here 
the Gaussian distribution function was utilized. 

2. Computation of center locations ci. Several differ-
ent approaches exist, we used orthogonal estima-
tion. 

3. Choice of the spread-parameter. This usually in-
volves a simple gradient search. 
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4. Optimization of the linear weighting parameters ϑi. 
This last step can be solved by standard least 
squares methods since the ouput shows a linear 
dependency on the ϑi parameters. 

 
Finding the proper locations of the centers ci is the 

main design problem. Once the basis function ΦΦΦΦ has 
been chosen as a Gaussian suitable centers for this 
function have to be determined. We employed an or-
thogonal estimation algorithm [3], where the centers 
are chosen from the existing input-output data sets 
according to their importance for reducing the output 
error. Step 4 of the above list is easily implemented 
with a least squares solver. 

The RBF-identification algorithm was programmed 
in MATLAB version 5.3 although a specialized function 
‘newrb’ for training of RBF-networks exist. We found 
that this algorithm did not perform well in two re-
spects: 

1. Neurons in the hidden-layer are added iteratively 
during the training. For a given performance 
(similar to the orthogonal estimation algorithm) a 
considerably larger number of neurons was nec-
essary. 

2. For a given number of basis functions (15-35) the 
performance was poor compared to the algorithm 
utilized here. 

 
Validation and Results 

After a model structure has been chosen and the 
parameters have been identified the performance of 
the new model must be assessed with dedicated vali-
dation data. In the upper part of Fig.3 the identification 
is plotted as a block diagram with the estimated model 
parameters as result. 

Figure 3: Identification and validation 
 

The predicted output from this model is compared 
with the ideal and undisturbed output from the original 
simulation (see Fig.1). This validation procedure is 
depicted in the lower part of Fig.3. 

Since nonlinear dynamic systems of the structure 
given in Fig.1 are known to pose great difficulties for 
identification algorithms the operating range of the 
BIS-value was divided in three regions and three indi-
vidual models were identified for each region. Results 
obtained with validation data for all operation regions 
can be seen in Fig.4. 

Figure 4: Validation results for operating region 1 (top), re-
gion2 (middle), and region 3 (bottom) 

 
Obviously the RBF-Networks (solid line) are able 

to reproduce the system dynamics even in the pres-
ence of measurement noise. Operating range 2 corre-
sponds to a nearly linear part of the static nonlinearity, 
therefore, only 17 neurons in the hidden layer were 
necessary. For the strong nonlinear regions 1 and 2 
considerably mor basis functions became necessary 
(25 and 35, respectively). Nevertheless, these num-
bers are still smaller than those obtained with the 
function provided by MATLAB. 
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