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Model Discrimination

The problem of choosing the most appropriate model toThe problem of choosing the most appropriate model to
describe the behavior of a real system in situations where
more than one candidate model can be proposed to explain
a process.
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Model Discrimination
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Mechanistic models:Mechanistic models:
Physical mechanisms can be suggested Physical mechanisms can be suggested 
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Copolymerization

Terminal

Penultimate
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Application of Model Discrimination in Polymerization

•Burke, A.L., Duever, T.A. & Penlidis, A. 1994, "Model discrimination via designedBurke, A.L., Duever, T.A. & Penlidis, A. 1994,  Model discrimination via designed 
experiments: discriminating between the terminal and penultimate models on 
the basis of composition data", Macromolecules.

•STY/MMA  :  Styrene methyl methacrylate
•STY/AN :  Styrene Acrylonitrile
•STY/BA : Styrene butyl acrylate

Real system: 
•Terminal
•Strong PenultimateSTY/BA :  Styrene butyl acrylate Strong Penultimate
•Small Penultimate

Initial Reactivity Ratio Estimates: Error Level:
•Poor
•Neutral
•Good

•Low
•Medium
•High
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Application of Model Discrimination in polymerization

•Burke, A.L., Duever, T.A. & Penlidis, A. 1994, "Model Discrimination Via Designed Experiments 
‐ Discriminating between the Terminal and Penultimate Models Based on Triad Fraction Data", 
Macromolecular theory and simulations.

•Burke, A.L., Duever, T.A. & Penlidis, A. 1995, "Model discrimination via designed experiments: 
Discrimination between the terminal and penultimate models based on rate data", Chemical 
Engineering Science. 

•Burke, A., Duever, T. & Penlidis, A. 1996, "An experimental verification of statistical 
discrimination between the terminal and penultimate copolymerization models", Journal of 
Polymer Science Part A Polymer Chemistry. 

•Landry, R., Duever, T.A. & Penlidis, A. 1999, "Model Discrimination via Designed Experiments: 
Discriminating Between the Terminal and Penultimate Models on the Basis of Weight Average 
Chain Length", POLYMER REACTION ENGINEERING. 

•Landry, R., Penlidis, A. & Duever, T.A. 2000, "A study of the influence of impurities when 
discriminating between the terminal and penultimate copolymerization models", Journal of 
Polymer Science Part A: Polymer Chemistry 
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Motivation

Hsiang and Reilly method works poorly

New Markov Chain Monte Carlo 
(MCMC) Methods are available
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Objective

•Establishing a procedure for model discrimination 
between nonlinear models using an MCMC based 
approach

•sequential marginal likelihood 

• difi d H i d R ill h i hi h•modified Hsiang and Reilly approach in which 
MCMC methods will be used

•Applying this method to polymerization case studies
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Model Discrimination

InitializationInitialization

Experimental Design Design StepDesign Step

No

Model Selection

No

Yes

Stop criterion
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Hsiang - Reilly
Hsiang and Reilly (1971) 

Models probability : 
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Model 1 :  Model 2 : Parameter 1 : 
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Parameter 1 : 

1 1.5 2 2.51 1.5 2 2.5
10 20

1e5 0 08 0 081 1.5 2 2.51.5 1.85 2.15 2.5
10 20

1e5 0 1 0 111.5 1.85 2.15 2.5 1e5
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 : 100

120

140

100 0.05 0.05 0.05 0.05

120 0.05 0.05 0.05 0.05

140 0.05 0.05 0.05 0.05

1e5 0.08 0.08

2e5 0.08 0.08

3e5 0.08 0.08

4e5 0.08 0.08

100 0.0001 0.1 0.1 0.05

120 0.0000 0.04 0.05 0.1

140 0.0002 0.3 0.15 0.1

100 0.05 0.05 0.05 0.05

110 0.05 0.05 0.05 0.05

120 0.05 0.05 0.05 0.05

1e5 0.1 0.11

2e5 0.08 0.08

3e5 0.12 0.13

4e5 0.1 0.08

100 0.01 0.07 0.02 0.02

110 0.02 0.05 0.06 0.01

120 0.01 0.12 0.20 0.03
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5e5

6e5

Pa
ra

Pa
ra
m160

180

160 0.05 0.05 0.05 0.05

180 0.05 0.05 0.05 0.05

5e5 0.08 0.08

6e5 0.08 0.08

160 0.0003 0.0000 0.0001 0.0000

180 0.0001 0.0002 0.0000 0.0001

130 0.05 0.05 0.05 0.05

140 0.05 0.05 0.05 0.05

5e5 0.02 0.08

6e5 0.01 0.09

130 0.02 0.14 0.032 0.01

140 0.015 0.08 0.01 0.003
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Hsiang - Reilly

Experimental Design: 
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Sequential Marginal Likelihood

The posterior probability of a hypothesis is proportional to the 
d f h lik lih d d h i b biliproduct of the likelihood and the prior probability.

Posterior Prior
LikelihoodPosterior Likelihood

Following Bayes theorem, the marginal likelihood: 
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Design Step

Methods Based on Maximum Divergence:

Conditions where the difference between the predicted 
values of the rival models is maximized

Roth (1965) weighted average of the total separation ( ) g g p
between the models where weights are the Bayesian 
posterior probabilities
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Sequential Marginal Likelihood
SMLSML

 Using Roth method to pick the next experiment 

 Calculating the posterior  probability of the 
modelsmodels
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Case study
(Order of a chemical reaction)

•Box and Hill  (1967)
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Case study(Order of a chemical reaction)

is the measurement error which is assumed 
normally distributed with mean zero and known 
standard deviation               . So, errors on
are normally distributed.
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Case study(Order of a chemical reaction)

Experimental results are simulated by assuming that the 
reaction is of second order, where
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HR Method (Case study)

19 / 23

IP
R 20

11



SML Method (Case study)
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Future Works

Modifying and finalizing of the SML 
procedureprocedure

Appling the SML method in more caseAppling the SML method in more case 
studies
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RAFT

The RAFT process was introduced in 1998 as a 
controlled/living radical polymerization method (CLRP).

Slow

The irreversible termination method Termination with other 
radical species, cross 
termination or even

Fast Slow

The slow fragmentation mechanism

termination, or even 
self‐termination
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