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Introduction 

“The best way to predict the future is to create it.” Peter Drucker. 

The very efficient Definitive Screening Designs are receiving a lot 
of interest in bio-manufacturing due in part to the FDA and EMA 
recommendations on Quality by Design (QbD) requirements for 
pharmaceuticals and biologics. 

QbD requires definition and characterization of a process design 
space, which entails modeling the relationships between process 
inputs and critical to quality attributes (CQA). 

Design of experiments is the most efficient way (perhaps only way) 
to achieve this characterization during process development. 

Experimental trials in biologics are costly and time consuming; e.g., 
a single trial can take one month to complete and cost $$$. 
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Definitive Screening Designs 

A new class of screening designs were developed by Jones and 
Nachtsheim (2011a, 2011b) referred to as Definitive Screening 
Designs (DSD); the designs have been enhanced by Xiao (2012). 

 For K factors DSDs require 2K+1 runs if K is even and 2K+3 if K 
is odd (to ensure main effect orthogonality). 

 All factors are run at three levels in a factorial arrangement. 

 Main effects are orthogonal and free of aliasing (partial or full) 
with quadratic effects and two-way interaction effects. 

 No quadratic or two-way interaction effect is fully aliased with 
another quadratic or two-way interaction effect. 

 It is possible to estimate every term of a full quadratic model, but 
not in a single model. 
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Prediction vs. Exploration 
In building predictive models we have two competing issues: 

 Under-fitting the model resulting in biased or inaccurate 
prediction; 

 Over-fitting the model resulting in inflated prediction error. 

Although the classic approach to the under- and over-fitting problem 
is to find a single, best compromise model, this is not necessarily an 
optimal strategy. 

 In no way can one consider a single model to be correct; a 
correct model only exists in a simulation study.  

Modern computing power and statistical algorithms available allow us 
to look for models, or a combination of models, that best predict 
the behavior of the physical system. 
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Model Selection 

Two widely accepted measures of fit for a model are: 

AICc = bias corrected Akaike Information Criterion; 
BIC = Bayesian Information Criterion; 

Both criteria punish under- and over-fitting, but in a different way.  
So, they may not agree on the best model(s) – they often do not 
(see Burnham and Anderson, 2002). 

There is not agreement in the statistical community as to whether 
AICc or BIC criterion is preferred; it almost surely depends on the 
application. 

For both the AICc and BIC smaller values indicate better 
predictive models. 
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Model Selection 

The AIC is derived from information theory by Hirotugu Akaike in 
1974 and is related to Boltzmann entropy from thermodynamics. 

The AICc measures the information in the data lost by fitting a 
model, therefore models with smaller AICc are preferred. 

AICc can subsequently be used to rank a set of fitted models in 
terms of their relative support given the data. 

It is best to rank models based on AICc differences computed as 
 
 
where AICcmin is the smallest AICc among the candidate models. 

Δi estimates the Kullback-Leibler distance or divergence between 
two models and models with large Δi values are not considered 
further. 

 

mini iAICc AICc∆ = −
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Model Selection 

The BIC is similar in form to the AICc and assuming the response is 
normally distributed has the form: 

 

 

The model with the smallest BIC value is interpreted as the one 
with the largest posterior probability given the data. 

It is also best to work with BIC differences in ranking models where 
the differences are computed as 

 

The Bi can be interpreted as a natural log Bayes Factor (Kass and 
Raftery, 1996). 
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The Fermentation Experiments 
We now focus on an experiment to optimize the biomolecule Yield of 

the fermentation step in a bio-process. 

For the experiment K = 5 factors were identified: 

1. pH (6.8, 7.2) = fermentation solution pH; 

2. Dissolved Oxygen (%DO) (target values 20%, 40%); 

3. Induction Tempe (39.5 C, 42.5 C) = Temperature at which the 
biomolecule production is induced in the E. Coli cells. 

4. Induction OD600 (20, 40) = biomass at which the induction is 
initiated as measured by optical density at 600 nm. 

5. Feed Rate (1.9, 3.5 mL/hr) = feed rate of a growth media 
containing 50% glycerol added to the fermentation solution 
when induction is initiated. 
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The Fermentation Experiments 
The two goals of the experiment were to characterize the 

fermentation step and to maximize the Yield of a biomolecule (X) 
produced by E. Coli cells. 

 Note:  The goal was not necessarily to maximize the mass of the E. 
Coli community.  It is possible to substantially increase the mass of 
a microbial community without maximizing biomolecule 
production. 

The three responses of interest are: 

1. Yield = biomolecule titer measured in units of mg/L; 

2. OD600 = measure of biomass by optical density at 600 nm; 

3. WCW = wet cell weight in units of g/L. 

Yield was the primary response and the focus of our analysis. 
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Analysis of the Fermentation Experiment 

We discuss and compare 5 modeling strategies. 

The first four strategies are based upon All Possible Models 
regression and the last method is based on the adaptive LASSO. 

1. Find a single best predictive model using AICc and BIC. 

2. Prediction Averaging: find a subset of best models using AICc 
and BIC and use the average prediction from the models. 

3. Model Averaging: fit the entire full quadratic model using 
coefficient averaging across the large set of all possible models. 

4. Relative Effect Importance based upon exponential AICc weights 
(see Burnham and Anderson, 2002, page 167). 

5. Generalized regression using the Adaptive LASSO. 
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All Possible Models Analysis 

To initiate the All Possible Models analysis (we’ll do this in JMP): 

• Use Analyze > Fit Model 

• Use Macros > Response Surface to fit a full quadratic model 

• Change the Personality to Stepwise and click on Run 

• Select All Possible Models from the top red triangle 
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All Possible Models Analysis 

Once the Fit Group is formed, the 8 models can be compared 
using residual plots, Actual by Predicted plots, Lack of Fit tests, 
Press, etc. 

Press (Prediction Error sum of Squares) is a measure of how well 
a model might predict if applied to validation data not used to fit 
the model – smaller values are preferred. 

 Caution, Press does not necessarily protect against over fitting 
but is useful in comparing a set of competing models. 

The Fit Group can then be used to Prediction Average or to select 
a best model. 

We now examine both the individual models and prediction 
averaging based on the 8 selected models. 
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The best Δmin and Bmin of the 8 candidate models models are 
highlighted in the table below.   

The smallest Press occurs for one of the Bmin model, which is 
smaller than even the other two 8 effect models. 

 
 
 
 
 
 

All Possible Models Analysis 

Number MS(Press) AICc BIC Δi  wi Bi BIC wts 
4 61.43 170.42 156.61 2.76 0.2514 12.67 0.0018 
4 62.71 171.51 165.26 3.85 0.1457 13.76 0.0010 
5 45.74 167.66 156.61 0.00 1.0000 5.12 0.0775 
5 48.35 169.75 158.70 2.09 0.3516 7.21 0.0273 
7 41.79 182.75 153.13 15.10 0.0005 1.63 0.4428 
8 18.21 199.42 151.50 31.76 0.0000 0.00 1.0000 
8 33.43 200.98 153.06 33.33 0.0000 1.57 0.4570 
8 31.93 201.12 153.20 33.47 0.0000 1.70 0.4265 
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Prediction Averaging 

Prediction averaging is a form of multimodel inference in which 
the predictions across the subset of models are averaged. 

The averages may be arithmetic or weighted by some criterion 
such as AIC weights or the analogous BIC weights. 

• An advantage of averaging predictions over a set of models is 
that it provides protection against over and under fitting. 

• The prediction averaging has the effect of shrinking the 
prediction error that occurs if one under or over fits a single 
model. 
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In this case, we will use the arithmetic average of the predictions 
from the 8 models selected as best, so models with 4 through 8 
effects are used to generate the average. 

A simple formula is used 
 to generate the average using  
 the JMP Formula Editor. 
 

 

 

 

Note:  In JMP Pro the prediction average can be generated in the 
Model Comparison platform using Model Averaging. 

 
 
 
 
 

Prediction Averaging 
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Model Averaging is another form of multimodel inference in which 
one averages the estimated coefficients for each effect across a 
possibly large set of fitted models. 

 The model averaged coefficients are typically weighted averages of 
the coefficients from each of the fitted models where that effect 
occurred. 

Model Averaging is implemented in the Stepwise platform (a red 
triangle option). 

AICc weights for each 
model are used to create  
the averages. 

 
 
 
 
 
 
 

Model Averaging 
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Model averaging generally results in a very large over-fit model.  

 In this case, the full quadratic model is being fit (in only 11 df). 

Over-fitting results in inflated coefficient estimates, which in turn 
results in inflated prediction error.  

The effect of model averaging with weights is to shrink the 
coefficients for each model effect. 

 The coefficient averaging is really a form of regularization 
whereby the inflated coefficient estimates are shrunken by the 
averaging, which diminishes over-fitting problem. 

See Burnham and Anderson (Chp. 4, 2002) and (2004) for further 
discussion of model averaging. 

 
 
 
 
 
 
 

Model Averaging 
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Here we estimate the full quadratic model using the Model Averaging 
option in the Stepwise platform. 

The technique makes it possible  
to fit a full quadratic model  

 from the supersaturated DSD. 

The estimated coefficients are 
qualitatively quite reasonable. 

Note: More research is needed 
 on choices of maximum 
 model size, weighting  
 schemes, and the number  
 of models to average. 
 
 
 
 
 
 
 

Model Averaging 
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Relative Effect Importance Modeling is used to determine which 
model effects have the highest importance in terms of prediction. 

 The technique is discussed in Burham and Anderson (2002, pg. 
167) and involves fitting a set of models; perhaps All Possible 
Models. 

Using their notation let wj+ represent the sum of the AICc weights wi 
(or possibly other types of weights) across all of the fitted models 
where the jth effect occurs. 

Effects with higher wj+ values have higher relative importance 
compared to the effects with smaller values. 

A Pareto type plot can then been used to show visually show the 
relative effect importance values (we’ll show this in JMP). 

 
 
 
 
 
 
 

Relative Effect Importance Modeling 
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Although this plot is informative by itself for scientists, it can also be 
used to fit models based on the most important effects. 

A model comprised of the 5 most important effects had the lowest 
AICc, BIC, and MS(Press) among this reduced set of possible 
models. 

 

 

 

 

Note:  One has to be cautious in that a model comprised of a set of 
most important effects could potentially be singular for a given 
combination of quadratic and interaction effects. 

 

 
 
 
 
 
 
 
 

Relative Effect Importance Modeling 
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An additional approach that can be used is a generalized or 
regularized regression modeling, which is available in JMP Pro. 

The Lasso is a shrinkage and selection method for linear regression.  

 As usual, sum of squared errors is minimized. 

 However, a bound on the sum of the absolute values of the 
coefficients is used to help reduce the impact of over fitting.  

There are many variations of Lasso (see Tibshirani, 1996).   

 We restrict our focus to the Adaptive Lasso with BIC for 
validation, which results in an 11 effect model. 

Note: The use of generalized regression for model selection in 
supersaturated designs is discussed by Marley and Woods (2010). 

Generalized Regression Modeling 
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An entire 31 run Central Composite Design was run in parallel 
with the DSD as a basis for validation and comparison. 

 This allows a comparison of the best CCD models, using the same 
modeling strategies, vs. the models estimated from the DSD. 

 Using All Possible Models with the CCD data results a 6 effect 
model having Δmin = 0 and Bi = 1.1 (well within the cutoff of 2.0). 

We will validate and compare the DSD models by determining 
how they performed when applied to the CCD data. 

 Two statistic used to compare models in validation sets are the root 
average squared error (RASE) and the average absolute error 
(AAE), which are both measures of the prediction error on the 
validation trials. 

 
 
 
 
 
 
 
 
 
 

Validation and Model Comparison 
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We use the Model Comparison platform in JMP Pro to compare 
our models our 6 models based on the 31 CCD validation trials. 

The Model Average and the Best BIC models performed best.   

 All models actually did well, with the exception of the LASSO. 

 
 
 
 
 
 
 
 
 
 
 

Validation and Model Comparison 
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It is also useful to compare all of the potential models in terms of 
how they characterize the fermentation process and the suggested 
factor settings to maximize Yield. 

The Prediction Profiler has two excellent tools to accomplish 
these tasks: the Desirability Functions and the Variable 
Importance analysis. 

 Variable Importance analysis uses monte carlo techniques to 
ascertain the relative importance of the factors in the model both 
as main effects and as combined effects with interactions, etc.  
(see Sobol, 1993 and Saltelli, 2002).  

We will examine all of the models in terms of variable importance 
and suggested optimum settings for the process factors. 

 

 
 
 
 
 
 
 
 
 
 
 

Characterization and Optimization 
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The factor settings to optimize Yield and the variable importance 
report for the best 8 effect BIC model are shown. 

The predicted max average Yield is 523.  

 

 

 

 

 

Feed rate is the most 
important input 
affecting Yield. 

 
 
 
 
 
 
 
 
 
 

Characterization and Optimization 
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All models lead to the same conclusions concerning factor 
importance.   

 
 
 
 
 
 
 
 
 

Characterization and Optimization 
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It is also helpful to look at Actual by Predicted plots on the CCD 
validation trials to confirm that the prediction is unbiased.   

 Ideally, the fitted line will have an intercept 0 and slope 1, with no 
obvious lack of fit patterns. 

The selected models (below) are predicting well on the CCD trials.  

 
 
 
 
 
 
 
 
 

Characterization and Optimization 
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Based on the evaluation of the various modeling strategies for 
DSDs the best BIC model and Model Averaging performed 
best in terms of predicting the results of the 31 CCD trials. 

 However, the best AICc model and the prediction average 
models performed nearly as well. 

The Lasso approach performed poorly and is generally not a good 
strategy to use with the small sample sizes in DSDs. 

For process characterization and optimization in terms of variable 
importance and desirability (and control strategies for a process) 
all of the modeling strategies (except Lasso) lead to similar 
conclusions. 

 
 
 
 
 
 

Conclusions and Recommendations 
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Although we do not show the results, the analysis of the CCD 
experiment, using the same modeling strategies, leads to similar 
conclusions in terms of variable importance and optimization. 

This reinforces that the DSDs, combined with proper modeling 
strategies, are a cost effective, viable alternative to the much 
larger response surface designs. 

We urge those doing research in design of experiments to spend a 
good bit more time studying analysis strategies. 

 Burnham and Anderson (2002, 2004) point out that model 
selection strategies have not been properly studied. 

 
 
 
 
 
 
 
 
 

Conclusions and Recommendations 
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Finally: 

Validation is a critical part of modern experimentation and must be 
emphasized more strongly in Design of Experiments training. 

This is particularly true when the objective of the experiment is 
prediction of future performance. 

More work needs to be done on what constitutes sound validation 
strategies. 

For pharmaceuticals and biologics, validation will be increasingly 
important as QbD methodology becomes mainstream and 
possibly required in the future by the FDA, EMA, etc. 

 
 
 
 
 
 
 
 
 

Conclusions and Recommendations 
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