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Statistics: A life cycle view

3

Problem 
Elicitation

Goal
Formulation

Data
Collection

Data
Analysis

Formulation 
of Findings

Communication
of Findings

Impact
Assessment

Operationalization
of Findings

Kenett, R.S. (2015) Statistics: A Life Cycle View,  Quality Engineering (with discussion), 27(1), pp. 111-129. 

Kenett, R.S. and Thyregod, P. (2006) Aspects of statistical consulting not taught by academia, Statistica Neerlandica, 60 (3),396-412. 
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https://chemistry-europe.onlinelibrary.wiley.com/doi/full/10.1002/ansa.202000159
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What is 
information quality?

• Big data
• Artificial intelligence
• Data science
• Predictive analytics

The 
information



Analysis goal

g X
Available data 

f
Data analysis

method 

Utility measure

U

InfoQ(f,X,g) = U( f(X|g) ) 

Information Quality (InfoQ)
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g A specific analysis goal

X The available dataset

f An empirical analysis method

U A utility measure

Kenett, R.S. and Shmueli , G. (2014) On Information Quality , Journal of the Royal Statistical Society, Series A 
(with discussion), Vol. 177, No. 1, pp. 3-38, 2014.  http://ssrn.com/abstract=1464444.

The potential of a particular dataset to achieve a 
particular goal using a given empirical analysis method 

• Big data
• Artificial intelligence 
• Data science
• Predictive analytics

The 
information

http://ssrn.com/abstract=1464444
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The 
information

the "Answer to the 

Ultimate Question of 

Life, the Universe, and 
Everything,"

Deep 
thought



1.Data resolution

2.Data structure

3.Data integration

4.Temporal relevance

5.Chronology of data and goal

6.Generalizability

7.Operationalization 

8.Communication

# Dimension Note Value Index

1 Data resolution 5 1.0000

2 Data structure 4 0.7500

3 Data integration 5 1.0000

4 Temporal relevance 5 1.0000

5 Generalizability 3 0.5000

6 Chronology of data and goal 5 1.0000

7 Concept operationalization 2 0.2500

8 Communication 3 0.5000

InfoQ Score = 0.68

InfoQ=68%
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InfoQ(f,X,g) = U(f(X|g)) 
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InfoQ Score = [d1(Y1)  d2(Y2)  …  d8(Y8)]1/8

https://community.jmp.com/t5/JMP-Add-Ins/Calculate-InfoQ-score-with-JMP/ta-p/34898

The 
information

36%<InfoQ<67%

https://community.jmp.com/t5/JMP-Add-Ins/Calculate-InfoQ-score-with-JMP/ta-p/34898


The 
method

• Big data
• Artificial intelligence 
• Data science
• Predictive analytics
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The 
information

http://eu.wiley.com/WileyCDA/WileyTitle/productCd-1118874447.html
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Information Quality and Quality by Design (QbD)
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https://community.jmp.com/t5/JMP-Blog/A-QbD-update-Current-and-future-trends-in-Quality-by-Design/ba-p/258425

QbD
column

https://community.jmp.com/t5/JMP-Blog/A-QbD-update-Current-and-future-trends-in-Quality-by-Design/ba-p/258425


Unexplored Space

Knowledge Space

Control Space

Design Space
Normal Acceptable Range

Proven Acceptable Range

Aggregated knowledge, past 

experiments, manufacturing 

experience, data from lab tests

Usually there will be a large "operability region”, 0, of 

unknown, or vaguely known, extent within which it is possible to 
carry out experiments and within this, at a given stage of 

experimentation, a smaller "region of immediate interest“, R. 

G. E. P. Box and N. R. Draper (1959) A Basis for the Selection of a Response Surface 
Design, Journal of the American Statistical Association, Vol. 54, No. 287, pp. 622-654

12

Design Space, or, “Region of Immediate Interest”

O

R



Blog 2: Factorial experiments
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https://community.jmp.com/t5/JMP-Blog/The-QbD-Column-A-QbD-factorial-experiment/ba-p/30592
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Responses: 1) Assay of active ingredient, 2) In 
vitro permeability lower confidence interval,        
3) In vitro permeability upper confidence interval, 
4) Assay of methylparaben, 5) Assay of 
propylparaben, 6) Viscosity and 7) pH values. 

Factors: A) Temperature of reaction,                      
B) Blending time and C) Cooling time.

Set up a 
Design space

Exploring the Design Space

https://community.jmp.com/t5/JMP-Blog/The-QbD-Column-A-QbD-factorial-experiment/ba-p/30592


Factors, Levels and Responses

14

Experimental 
array



Prediction Profiler
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Viscosity

4708
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Blog 3: Fractional Factorial Experiments

We explore the process of preparing nanosuspension
formulations for water insoluble drugs.   Nanosuspensions
involve colloidal dispersions of discrete drug particles, which 
are stabilized with polymers and/or surfactants. This permits 
to achieve improved bioavailability by using small particles, 
which increase the dissolution rate for drugs with poor 
solubility. The process begins with larger particles.  Then 
milling is used to reduce their size.  The study examines the 
use of microfluidization at the milling stage.

https://community.jmp.com/t5/JMP-Blog/The-QbD-Column-A-QbD-fractional-factorial-
experiment/ba-p/30619
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https://community.jmp.com/t5/JMP-Blog/The-QbD-Column-A-QbD-fractional-factorial-experiment/ba-p/30619


Fractional Factorial Experiments

The experiment is a two-level fractional factorial with six center points.  The 
fractional factorial used here is a   25-1 design set at the extreme levels of 
each of the quantitative factors. The 25-1 design permits estimation of all the 
main effects and all the two-factor interactions.

We derive a formal significance test of nonlinearity by adding  an “indicator” 
column which has the value 1 for the center points and 0 for all other points.  

19

Is there 
nonlinearity in 

responses?
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Center points

3 3

Stabilizer



Parameter Estimates
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MeanSize90 mean particle size after 90 minutes of milling, before storage.



Prediction Profiler
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Blog 4: Robustness with Stochastic Emulators

https://community.jmp.com/t5/JMP-Blog/The-QbD-Column-Achieving-robustness-with-stochastic-
emulators/ba-p/30644
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Perform robust 
design analysis
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4

https://community.jmp.com/t5/JMP-Blog/The-QbD-Column-Achieving-robustness-with-stochastic-emulators/ba-p/30644


Robustness with Stochastic Emulators
The study refers to a formulation of a generic product designed to match the properties of an 
existing brand using in vitro tests. A 90% confidence interval for the ratio of the median in 
vitro release rate in the generic and brand products is computed, and expressed as a 
percentage. If the interval falls within the limits of 75% to 133.33%, the generic and brand 
products are considered equivalent. 

The eight responses listed in the SUPAC* standard that are considered in setting up the 
bioequivalence process design space are: 1) Assay of active ingredient, 2) In vitro release rate 
lower confidence limit, 3) In vitro release rate upper confidence limit, 4) 90th percentile of 
particle size, 5) Assay of material A, 6) Assay of material B, 7) Viscosity and 8) pH values. 

Three process factors are considered: A) Temperature of reaction, B) Blending time and C) 
Cooling time. The experimental design consisted of a 23 factorial experiment with 2 center 
points.

24

*Scale-up and Post-Approval Changes



The key steps of the stochastic emulator approach are as follows:

1. Begin with a model that relates the input factors to the system outputs. 

2. Characterize the uncertainty in the system.  Describe how the input factors are expected to 
vary about their nominal process settings. 

3. Lay out an experimental design in the input factors at nominal settings.  

4. Generate simulated data from the noise distributions at all the nominal settings with a space-
filling design.

5. Summarize the simulated data at each nominal setting by critical response variables (like 
desirability and defect rate in our study).

6. Construct statistical models that relate critical response variables to the design factor settings 
using  the Gaussian process model option in JMP.  

7. Optimize the choice of the factor settings for all critical outcomes.  Here we want the process to 
have both on target performance and robustness (JMP allows us to do this by linking and 
optimizing profilers).

25

Key Steps
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Perform robust 
design analysis

Robustness Design Analysis
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From stochastic emulator

Linked Profilers When we run the simulation 

on the noise in the design 

factors (Temp=75, Blending 

Time=2, Cooling 

Time=150.6), we achieve 

an overall desirability of 

0.53 and a defect rate of 
0.09.

81% => 19% => 9%



Blog 5: Mixture Designs

The properties of a formulation, or mixture, are a function of the relative 
proportions of the ingredients rather than their absolute amounts. This type 
of data is called mixture or compositional data (CoDa) In experiments with 
mixtures, a factorʹs value is its proportion in the mixture, which must fall 
between zero and one. 

We use here an extreme vertices design with four components to compute 
formulation compositions with the following constraints applied to the 
weight fractions of corresponding formulation components: for Ibuprofen, 
0.25≤wt. fraction≤0.75; for HPMC, 0.01≤wt. fraction≤0.03; for MCC: 0.19≤wt. 
fraction≤0.57; for Eudragit L 100-55: 0.05≤wt. fraction≤0.15.  

https://community.jmp.com/t5/JMP-Blog/The-QbD-Column-Mixture-designs/ba-p/30651

28

5

https://community.jmp.com/t5/JMP-Blog/The-QbD-Column-Mixture-designs/ba-p/30651


Mixture Designs

29

How to represent 
formulations?



Mixture Designs

30



Mixture Designs

With the set up of Ibuprofen=0.5, MCC=0.38, Eudragit=0.1 and HPMC=0.002, and 
the variability structure with means at set up points and variability with normal 
distributions and standard deviations determined by experimental range, one gets 
an overall defect rate of 24%. 

The Mmax and Mmin responses generated by these simulations have respective 
means and standard deviations (in brackets) of 14.77 (0.34) and 2.56 (0.06). These 
two responses induced failure rates of 17% and 7% respectively. 

In the simulation experiments, the four factors (components) were sampled 
independently from their specific variability distributions. JMP also makes it possible 
to include a correlation structure between the sampled values.

31



Mixture Designs
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Blog 6: Sequential Exploration

The goal is to improve the drug delivery system for a class of molecules by using 
liposome formulations.  Such formulations were expected to bring benefits by 
improving the ability to target the activity of the molecule in the body.  However, 
previous efforts had yielded methods that were not commercially viable, primarily 
because an important critical quality attribute (CQA), encapsulation efficiency, was 
too low.  

The experimental team focused on three CQA’s in this sequence of experiments:  
encapsulation efficiency (with a goal of at least 20%); particle size (with a target 
range of 100-200 nm); and storage stability at 4⁰ C.  

A risk analysis of process factors produced a list of 8 factors:  lipid concentration; 
drug concentration; extrusion pressure; cholesterol concentration; buffer 
concentration; hydration time; sonication time; and number of freeze-thaw cycles. 

https://community.jmp.com/t5/JMP-Blog/The-QbD-Column-Response-surface-methods-and-
sequential/ba-p/30654
33
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https://community.jmp.com/t5/JMP-Blog/The-QbD-Column-Response-surface-methods-and-sequential/ba-p/30654


Sequential Exploration

34

Term  Estimate Std Error t Ratio  Prob>|t| 

Lipid Conc(30,120)  10.49 0.23 44.89  <.0001* 

Drug Conc(1,5)   -3.45 0.23  -14.78  <.0001* 

HEPES Conc(10,20)   -0.51 0.23  -2.19  0.0710 

Extrusion(250,550)   -0.46 0.23  -1.98  0.0946 

Cholesterol(20,34)   -0.45 0.23  -1.94  0.1003 

Hydr Time(60,180)  0.387 0.23 1.66  0.1489 

Sonic Time(30,90)   -0.33 0.23  -1.41  0.2074 

Cycles(4,6)   -0.11 0.23  -0.48  0.6495 

 

Encapsulation efficiency (EE)

34

PB Design
12+3 ctr pts

CCD Design
12



Sequential Exploration
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Encapsulation efficiency (EE)

Encapsulation efficiency (EE)

Sequential 
experimentation



Blog 7: Split-plot Experiments

The experiment compared, on animal models, several methods for the 
treatment of severe chronic skin irritations. Each treatment involved an orally 
administered antibiotic along with a cream that is applied topically to the 
affected site. There were two types of antibiotics, and the cream was tested 
at four concentrations and three timing strategies. 

The experiment was run using four experimental animals, each of which had 
eight sites located on their backs from the neck down. Thus, the sites are 
“blocked” by animal. For each animal, we can randomly decide which sites 
should be treated with which concentration by timing option. The antibiotics 
are different. They are taken orally, so each animal could get just one 
antibiotic, and it would then apply to all the sites on that animal.  

https://community.jmp.com/t5/JMP-Blog/The-QbD-Column-Split-plot-experiments/ba-p/30716

36
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https://community.jmp.com/t5/JMP-Blog/The-QbD-Column-Split-plot-experiments/ba-p/30716


Split-plot Experiments
Effective treatment combinations will have low values of AUC. There is a clear effect 
associated with concentration (p-value=0.002). The effect for timing has a p-value of 0.076. 
The F-statistic for comparing the two antibiotics is larger than the one for timing. However, 
it has a p-value of 0.078, close to the one for timing. 

The reason is that the antibiotic comparison is at the “whole plot” level and so has more 
uncertainty, and much lower power, than the comparisons of timing strategies and 
concentrations. 

The topical cream study provided valuable information that the cream is more effective at 
higher concentrations. 

The use of multiple sites per animal permitted “within animal” comparisons of the 
concentrations and timing, so that the positive effect of increasing concentration could be 
discovered with a small number of animals. The “between animal” variation was only 
about 1/3 as large as the “within animal variation.” This was a surprise, as we had 
expected that there would be substantial inter-animal variation.
37



Analysis of Random Effects
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Hard to change 
(HTC) factors



https://community.jmp.com/t5/Discovery-Summit-Europe-2021/Maximizing-Data-
Science-Success-with-Information-Quality-InfoQ/ta-p/349217
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https://community.jmp.com/t5/Discovery-Summit-Europe-2021/Maximizing-Data-Science-Success-with-Information-Quality-InfoQ/ta-p/349217
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https://community.jmp.com/t5/JMP-Blog/Analytic-work-in-Industry-4-0-applications-A-checklist/ba-p/264864

https://community.jmp.com/t5/JMP-Blog/Analytic-work-in-Industry-4-0-applications-A-checklist/ba-p/264864


https://community.
jmp.com/t5/JMP-
Blog/Analytic-
work-in-Industry-4-
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Is your work 
generating 
information 

quality?

https://community.jmp.com/t5/JMP-Blog/Analytic-work-in-Industry-4-0-applications-A-checklist/ba-p/264864
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Thank you for your attention

https://crm.buzz/the-real-work-of-data-
science?ppplayer=e8ea7cfbee5cd2a3ac34e1db9e8dca63&ppepiso
de=0215a77eba7b4356e6eff43ce769706f

https://chemistry-
europe.onlinelibrary.wiley.com/doi/full/10.1002/ansa.202000159

https://www.youtube.com/watch?v=oHn-jXHm46c

https://crm.buzz/the-real-work-of-data-science?ppplayer=e8ea7cfbee5cd2a3ac34e1db9e8dca63&ppepisode=0215a77eba7b4356e6eff43ce769706f
https://chemistry-europe.onlinelibrary.wiley.com/doi/full/10.1002/ansa.202000159
https://www.youtube.com/watch?v=oHn-jXHm46c

