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Summary 

0 There are many ways to analyze and to test a model.  There 
may be many unknowns or assumptions that go into the 
model.  

0 Sensitivity analysis is a way to figure out how important 
these assumptions are and what effect they may have on 
the model performance.  
0 By disturbing a model component that is not known for certain (a 

parameter, a function, a link), and then seeing the impact.  

0 Model calibration is a standard analysis performed to see 
how closely the model can be made to reproduce the 
experimental data. The model parameters are modified to 
minimize the difference between model output and the 
available data.  



Summary 

0 Validate the model and verify its performance include different 
methods, ranging from diligent debugging of software code and 
mathematical formalizations to comparisons with independent 
data sets, and extensive scenario runs. 

0 Choosing variables and connecting them with flows and 
processes is not enough to build a model. It’s just the beginning. 

0 We still need to make sure that this description really describes 
the system, and then try to use the model in a meaningful way to 
generate additional knowledge about the system. 

0 This stage of testing and working with the preliminary model 
built is called model analysis .  



Sensitivity analysis 

0 If no analytical analysis is possible, we have to turn to 
numerical methods. 

0 A numerical solution of a model requires that all 
parameters take on certain values, and as a result is 
dependent on the specified parameter values.  

0 The result of a model run is dependent on the equations 
we choose, and the initial conditions and parameters that 
are specified. 

0 Sensitivity analysis may have informed us which 
parameters need to be modified to produce a certain 
change in model trajectories. 



Sensitivity analysis 

0 Analyzing model performance under various conditions is called 
sensitivity analysis.  

0 If we start modifying a parameter and keep re-running the 
model, instead of a single trajectory we will generate a bunch of 
trajectories.  

0 Similarly, we can start changing the initial conditions or even 
some of the formalizations in the process descriptions. 

0 By comparing the model output, we get an idea of the most 
essential parameters or factors in the model. 

0 We also get a better feeling of the role of individual parameters 
and processes in how the model output is formed 

0 What parameters affect what variables, and within which ranges 
the parameters may be allowed to vary. 



Sensitivity analysis 

0 Sensitivity analysis explores the parameter space and can 
help us identify some of the critical parameter values, 
where the model might, for example, crash or run away to 
infinity. 

0 A full sensitivity analysis of the model is quite a difficult 
task, since changing parameters one by one and in 
combinations may produce entirely different results, 
especially with non-linear equations.  

0 However, even a partial analysis that looks at only some 
parameters and their combinations is certainly better than 
nothing.  

0 It will also be of great help for the next step of model 
analysis, which is calibration. 



Model calibration 

0 Calibration is about to compare its output with the other 
data that are available about the system.  

0 In many cases we may have better data about the 
dependent variables in the model than data regarding the 
independent variables or parameters. 

0 By solving an inverse problem we will be determining the 
values of parameters such that the model output will be as 
close as possible to the observed data.  

0 This process of model refinement in attempt to match a 
certain existing data set is called model calibration.  

0 We compare the model output to the data points, and start 
changing the model parameters or structure in order to get 
a fit that is as close as possible. 



Model calibration 

0 Note that the data set used for calibration, in a way, is also 
a model of the process observed.  

0 The data are also a simplification of the real process, and 
they may also contain errors; they are never perfect and, 
besides, they have been collected with a certain goal in 
mind, which does not necessarily match the goal of the 
newly built numerical model.  

0 We may call these monitoring results an experimental 
model or a data model .  

0 In this process of calibration we are actually comparing 
two models and modifying one of them (simulation) to 
better match the other (data). 



Model calibration 

0 When comparing models, it makes sense to think of a 
measure of their closeness, or a measure of the fi t of 
the simulation model to the data model.  

0 We may call this measure the error model. 

0 Very often, the metric used to compare the models is 
the Pearson moment product correlation coefficient. 

0 This correlation coeffi cient is good for matching the 
peaks. 



Model calibration 

0 There are different ways to describe systems by means of 
models. There are different models that may be built.  

0 The process of adjustment of one model to match the output 
from another model is called calibration.  

0 This is probably the most general definition.  

0 In most cases we would speak of calibration as the process 
of fitting the model output to the available data points, or 
“curve fitting. ”  

0 In this case, it is the data model that is used to calibrate the 
mathematical model. 



Model testing 

0 Suppose we have a simulation model that represents 
the data set closely enough. 

0 Does this mean that we have a reliable model of the 
system? 

0 To answer the question, the model needs to undergo a 
process of vigorous testing. 

0 There is not (and probably never will be) a definite 
procedure for model testing and comparisons. 

0 The obvious reason is that models are built for various 
purposes; their goals may be very different. 



Model testing 

0 One way to test the model is to compare its output with 
some independent data set, which has not been used 
previously for model building and calibration. 

0 This process is called validation (or verification , in some 
texts). 

0 We start running the model for places and time periods for 
which we either did not have data, or have deliberately 
chosen to set the data aside and not use it for model 
calibration. 

0 We might be calibrating a model of one system, and then 
trying to validate the same model but for a different 
system. 



Model testing 

0 A model is verified when it is scrupulously checked for all sort of 
internal inconsistencies, errors and bugs.  

0 These can be in the equations chosen, in the units used, or in 
links and connections. 

0 There may simply be programming bugs in the code that is used 
to solve the model on the computer, or there may be conceptual 
errors, when wrong data sets are used to drive the model. 

0 There is no agreed procedure for model verification, especially 
when models become complex and difficult to parameterize and 
analyze.  

0 Just keep studying its behavior under all sorts of conditions. 

0 Just check and recheck. Run the model and rerun it. Test it and 
test again. 



Model testing 

0 One efficient method of model testing is to run the model 
with extreme values of forcing functions and parameters. 

 

 

0 As long as we reach new understanding of the system, as 
long as the model helps to communicate understanding to 
others and to manage and control the system, we are on 
the right path and our efforts will be fruitful.  

 

0 Any model that is useful is a good model. 



Any questions? 
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