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Response surface designs

Experimental plans used in product and process optimization.

Involves the study of several quantitative factors

The estimation of a complete second-order response surface is often the goal:
Main effects

Second-order effects (SOEs): interaction effects + quadratic effects

Best-known designs are:
(Small) Central Composite Design

Box-Behnken design
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3-level screening designs

Experimental plans used in product and process optimization.

Involves the study of several quantitative factors

The estimation of a partial second-order response surface is often the goal:
Main effects

Some Second-order effects (SOEs)

Best-known designs is:

Definitive Screening Design
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The most popular 3-level designs
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All these designs belong to the family of OMARS designs
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OMARS designs
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[Nufiez Ares, Goos 2020 & Nufez Ares, Schoen, Goos 2023]

Orthogonal

main effects estimated independently

from each other

Minimally Aliased
main effects estimated independently
from all second-order effects

Response Surface Designs

allow the estimation of a partial or

complete second-order effects model
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Choosing a standard 3-level design
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Limited number of standard designs

160

140

120

., 100

G—

S 80
(]

o
S
S

< 60

40

20

0

7/32



Motivation of the present work
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Numerous OMARS designs exist!

#runs/#factors 3
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How did we find them?

Our enumeration method:
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Example 1: 5-factor 22-run design
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Example 2: 4-factor 23-run design

X1 X2 X3 X4 X1 X2 X3 X4
1 - - 130 0 +
2 O 0 + 14 0 +
3 O 0 + 15 0 + - +
4 O 0O 16 0 + O
5 0 + - 17 0 + + + Non-foldover
6 -+ 00 18+ - 0 - Balanced for MEs
7 0 -+ 19 + 0 - O
8 0 00 20+ 0 0 - No center runs
9 0 + + 21 + 0 0 +
10 0 - 0) 22 + 0 0 +
11 0 0 - O 23 + + + O
12 0 0 0 -



Are they any good? How to choose?

Optimization second-order design for 4 quantitative factors
Consider the standard designs:
* Central composite design: 26 runs with 2 center points

* Box-Behnken design: 27 runs with 3 center points

CCD BBD
Power interaction effect 0.952 0.452
Power quadratic effect 0.309 0.564
Maximum 4th order correlation 0.639 0.2
G-efficiency 75.07 23.8
Prediction variance 0.325 0.4

Pure error YES YES



Second-order designs for 4 factors

We select 14 4-factor second-order OMARS designs, and we compare them to the

CCD and the BBD

Max 4th order correlation
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Two OMARS designs for optimization

22- and 25-run OMARS designs

Number of runs

Power interaction effect

Power quadratic effect
Maximum 4th order correlation
G-efficiency

Prediction variance

Pure error (number of replicates)

OMARS1 |OMARS 2
22 25
0.699/0.641| 0.948/0.876
0.373/0.345 0.528/0.423
0.333 0.305

40.21 73.13

0.455 0.429

NO YES (2)

CCD BBD
26 27
0.952 0.452
0.309 0.564
0.639 0.2
75.07 23.8
0.325 0.4
YES (1) YES (1)

22-run OMARS
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Strong OMARS

Two-factor interactions are orthogonal to each other and to the quadratic effects
Optimization designs, competing with CCDs and BBDs

Very few exist
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A screening experiment

Screening second-order design for 6 quantitative factors, no more than 22 runs.

Benchmark designs: Definitive screening designs with 16 to 22 runs.

Projection estimation capacity equals 3:
e 6 factors: X1, X2, X3, X4, X5, X6
* There are (g) = 20 subsets of 3 factors out of the six

* With these designs we can fit a full second-order effects model on any

subset of 3 factors



Benchmark designs

Characteristics of the benchmark definitive screening designs:

DSD#1  DSD#2 DSD#3 DSD#4 DSD#5 DSD#6 DSD#7

“Number of runs 16 17 18 19 20 21 22
\/ Power interaction effect 0.857 0.868 0.876 0.882 0.935 0.958 0.96
X |Power quadratic effect 0.215 0.29 0.357 0417 0.29 0.318 0.391
> [Maximum 4th order correlation 0.666 0.666 0.666 0.666 0.75 0.75 0.75

Projection estimation capacity 3 3 3 3 3 3 3

Projection information capacity D-eff (3) 41.81 44.43 44.25 43.39 44.43 4451 44.8
Projection prediction variance (3) 1.25 1.21 041 036 053 0.5 0.38
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Pareto analysis

We select 15 6-factor screening OMARS designs, and we compare them to the DSDs
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Two OMARS for screening

Number of runs

Power interaction effect

Power quadratic effect
Maximum 4th order correlation
Projection estimation capacity

Projection information capacity D-eff (3)

Projection prediction variance (3)

16-run OMARS

OMARS 1
16

0.698
0.332

0.5

3
40.34
0.46

DSD#1 DSD#2 DSD#3 DSD#4 DSD#5 DSD#6 DSD#7

16
0.857
0.215
0.666
3
41.81
1.25

17
0.868
0.29
0.666
3
44.43
1.21

18
0.876
0.357
0.666
3
44.25
0.41

22-run OMARS

19
0.882
0.417
0.666
3
43.39
0.36

20
0.935
0.29
0.75
3
44.43
0.53

21
0.958
0.318
0.75
3
44.51
0.5

22
0.96
0.391
0.75
3
44.8
0.38

OMARS 2
22

0.748
0.494
0.552

3.8

39.99
0.33
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Weak points of standard designs

/

Central composite
designs

No flexibility in the
number of runs
Expensive designs
High correlation
between quadratic
effects

Low power to detect
qguadratic effects

~

/

/

\

Box-Behnken
designs

No flexibility in the
number of runs
Expensive designs
Low power to detect
interaction effects

/

\

Definitive screening
designs

High correlation
between second-
order effects

Low power to detect
qguadratic effects
Limited projection
estimation capacity

/




Advantages of OMARS design catalog

Flexibility in terms of number of runs.
All standard OMARS designs are included in the catalog.
Consider multiple criteria while choosing a design

/ Optimization \ / Screening \

 There are cheaper alternatives * Higher projection estimation
to CCDs and BBDs. capacity than DSDs.
* The weak points of CCDs and * Higher powers to detect
BBDs can be overcome curvature than DSDs
 More OMARS have 2Fls * Lower correlation between SOEs
orthogonal to each other and than DSDs
to QEs.

NS /




Application 1: complex problems

Chemical experiment.
Extremely expensive and high estimation quality requirements

10-factor 27-run design with Projection estimation capacity = 4

Projection information capacity

#factor projections D-eff A-eff G-eff PV
3 42.04 27.61 62.85 0.244
4 35.37 17.79 33.44 0.907

Max 4t order correlation = 0.5
Quadratic effects orthogonal to each other
Min power to detect an |IE: 0.898
Min power to detect a QE: 0.629

23/32




Software demo

“never give a software demo” (popular saying)



Extensions 1: mixed-level OMARS

OMARS with quantitative and two-level categorical factors
The orthogonality structure is preserved

We improve the previous work on mixed-level DSDs.

We built a large catalog of mixed-level OMARS for both screening and optimization.

A similar design selection approach can be followed for mixed-level designs too.



ROSDESES

Mixed-level OMARS: example

Screening design with 4 quantitative factors and 4 two-level categorical factors.
Two DSDs (22 and 26 runs) and one 24-run OMARS comparison.

22-run DSD 24-run OMARS 26-run DSD
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Application 2: mixed-level design

Chemical experiment in the health sector.
Screening + optimization experiment
6 gquantitative factors and 2 two-level categorical factors

Budget of 24 runs

Max 4th order correlation = 0.54
Good projection properties
Twice the power to detect quadratic effects
than alternative DSDs from JMP




Extensions 2: blocked OMARS

(Mixed-level) OMARS usually can be blocked in different ways.
Our blocked designs have the following properties:
* Block effect is orthogonal to main effects

* Minimal aliasing between the blocks and the second-order effects

Our approach is based on integer programming
We built a large catalog of blocked (mixed-level) OMARS for both screening and
optimization.

A similar design selection approach can be followed for blocked designs too.



Blocked OMARS: example

4-factor 15-run definitive screening design
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Blocking scheme using JMP16
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Blocked OMARS: example

4-factor 15-run definitive screening design
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block 2 block 3
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Blocking scheme using our approach
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example

Blocked OMARS

JMP16

Powers to detect the effects in two models
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Summary

The catalog offers much flexibility in choosing a design.

Often improves DSDs for screening and CCDs and BBDs for optimization.

Our catalog allows finding a design for novel problems, like, for example, a screening
design in blocks with a high power to detect QEs.

The availability of a complete catalog allows us to develop a multi-criteria selection

approach.



Thank you!



