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An overview of
Design of Experiments

Pedro P. Balestrassi

Summary

e Efficient Experimentation
e Factorial Designs
 Fractional Factorial Designs

e Screening Designs

e Taguchi Designs

e Response Surface Methodology
e Desirability
e Mixtures

-
\_
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Introduction

Statistical thinking

=~
o
y —4

“Statistical thinking will one + l i i |
s day be as necessary for ‘
efficient citizenship as the
ability to read and write.”

H. G. Wells owriter, 1895) I 1

N
|
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Factors of a Process PEfficient
: » Experimentation

Control Factors
X1 X2

T

Input Output V>
‘ Process — mmmmp -
1.1 yr

1 /2
Noise Factors

SIPOC

Six Sigma | P. P. Balestrassi 4



Robust Process

* Which factors influence Y the
most?

* How to adjust X to get the
desired value for 1/7?

* How to adjust X to achieve
minimal variation for y’?

* How to adjust X so that the
effect of Z on Y is minimal?

»Efficient

» Experimentation

Input

Control Factors
Xp

X1 Xz
l l l Output

Process mmmmp

i1---1

Z1 Iz Zyg
Noise Factors

Vi

HE

Vm

Six Sigma | P. P. Balestrassi

What is
Robustness?




Example: Can Making *Efficient

» Experimentation
Y=f(X)+Z+
X L Bodymaker Process
o Alr strip pressure
* Alir bag pressure Control Factors
« Air front piston pressure l l i .
« Hydraulic pressure . Input Output ,, .
P .
- Temperature @ P| Process I : @
. Oil flow | ' -"Z' .
¢ Nltrogen pressure Noise Factors
* Top Wall width » Operator
» Mid Wall width » Electricity fluctuation
« Dome depth « Aluminiun gquality

» Can height

R painting It’s complicated to infer about X,Y and Z without statistics

Six Sigma | P. P. Balestrassi 6



Example: Injection Molding _ AEfficient

» Experimentation
* Injection time
L COOI“"]g t|me Jgfc)l;ctml Fa(;()rs
» Mold temperature l l lp "
e M h i I [ Input Output .,
acnine temperature p yd
- . - - rocess - ¢
* Injection velocity y
* Injection pressure B
Z1 Iz Zyg
Noise Factors

« Deformation  Operator
 Failure rate . ...

Six Sigma | P. P. Balestrassi 7



How to handle this type of problem? »Efficient

?» Experimentation
TRIP Process of Can Making
- Ph da pré-lavagem - Condutibilidade do mobility
- Temperatura da lavagem quimica - Concentracdo do mobility
- Acidez livre da lavagem quimica - Temperatura da primeira zona do forno
CONTROL - Acidez fotal da lavagem quimica - Temperatura da segunda zona do forno
- Milivolt da lavagem quimica - Velocidade da lavadora
- Ph do tratamento erior do spray na pré-lavagem
X - Temperatura do frat 24 FaCtO rS trior do spray na pré-lavagem
- Milivolt do fratament -~ Pressdio superior do spray na lavagem quimica
- Latas cortadas - Teor de silica - Pressdio inferior do spray na lavagem quimica
impregnadas de - Teor de cloro do mobility - Pressdo superior do spray no tratamento
é|,eO soluvel - Pressdo de vacuo da roda de fransferéncia - pressdo superior do spray no mobility
9 — - Velocidade da printer - Press@o inferior do spray no mobility 7 Outputs _

Inputs Can features

- Gas - Condicdo da esteira de aco - Lata chaleira - Sujeira no m af'ter TR | P
- Dicloro s s . -
X - Condicdo da esteira pldstica da - Lata com rugas no fundo - i
- Agua deionizada lavagem P ° Mangueiras process.
- Desgaste do~vmoe

- Qualidade do produto 1 8 F t
Z - Sujeira no single filer
- Condicdo do puncdo aC O rS

alimentacdosyjeira nos assentos azuis

- Fundo fraturado da printer . .
- Ajuste do manifold

NOISE - Sujeira no conveyor - Sincronismo da roda de

fransferéncia
- Desgaste do assento azul

Six Sigma | P. P. Balestrassi 8



Stick-a-winner Strategy A Efficient
Z » Experimentation

Consider the experimental design in
2-levels (-/+) for the factors X1 .. X7

Experiment X1 X2 X3 X4 X5 X6 X7  Results ﬁ

1. — — — - - - - 2.1
2. + _ _ — — — — 2.6
3. + + — — — — — 2.4
4. + — + — — — — 2.5
5. + - — + - - - 2.8
6. + - — + + - - 2.9
" + — — + + + — 2.7
8. + - - + + — + 3.2
Final + - - + + - +

The Stick-a-winner Strategy is a One-factor-at-a-time method to run experiments.

Six Sigma | P. P. Balestrassi 9



Another Common Sense approach »Efficient
: » Experimentation
Consider the experimental design in
2-levels (-/+) for the factors X1 .. X7

Experiment X1 X2 X3 X4 X5 X6 X7  Results ﬁ

= - - - - = - 2.1
+ - - - - = - 2.5
= + - - — - - 1.9
1.9
- - - + - - - 2.2
- = - - - = - 2.3
- - - - - - - 2.5
- = - - - = = 2.3

© N S O s~ O DdhPE
|
|
+
|
|
|
|

Final + - - + + + +

The Stick-a-winner Strategy is a One-factor-at-a-time method to run experiments.

Six Sigma | P. P. Balestrassi 10



One-factor-at-a-time method PEfficient
: » Experimentation

 These methods are conventional
(common sense).

 These methods are inefficient In
determining the main factors.

* |nteraction 1s totally negleted In this type
of method.

Six Sigma | P. P. Balestrassi 11



Interaction » Efficient

Health

Excelent

Good

» Experimentation

With Medicine

Regular

Death

Without Medicine

Alcohol

Without With

Six Sigma | P. P. Balestrassi 12



DOE for practitioners

» Knowledge of specialist is
fundamental,

« DOE means simplicity;
* DOE recognizes what is importa

* EXperiments are interactive

»Efficient

» Experimentation

One-factor-at-a-time

(Common Sense)

X

t;
Factors vary
simultaneously

(Central 1dea on DOE)

Six Sigma | P. P. Balestrassi
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An example of DOE using Minitab » Efficient
: » Experimentation

Assume that you work at a chemical plant.

You are studying one of the reactions that produces a chemical product.

You would like to somehow increase the yield of a product that is produced
by the reaction.

«  From past experience, you have seen that varying the temperature, the
pressure, and the type of catalyst seem to change the yield of the reaction.

«  The problem is that everyone you work with has their own theory about
how each of these factors affects the reaction.

« You want to make real improvements, so you decide to run an experiment
to determine the actual effects of these three factors:

1. Temperature (Levels of 40 °C and 60 °C)
2. Catalyst (Levels A and B)

3. Pressure (Levels of 1 and 1.5 atmospheres)

Six Sigma | P. P. Balestrassi 14



Minitab Worksheet

— -
el R =R R =r R L RN R

— | o |
LN ok | L | Pl

—
=]

»Efficient
? Experimentation

StdOrder RunOrder| CenterPt| Blocks Temperature| Catalyst Pressure

2
14
4
3
1
15
11

1
2
3

1
1
1

1
1
1

Full Factorial
Design with 2
Replicates

23

TZ

13
14
15
16

1
1
1
1

Six Sigma | P. P. Balestrassi
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BO A
BO A
kO B
40 B
40 A,
kO B
40 B
40 B
BO A
kO B
40 A,
A0 A
kO B
BO A
40 B
40 A,

1.0
1.5
1.0
1.0
1.0
1.5
1.0
1.5
1.5
1.5
1.5
1.0
1.0
1.0
1.5
1.5

Yield [grams]l f
BB

BB
102
S5
b5
54
107
ata
53
b5
55
85
105
85
52
b3

15



DOE Results

»Efficient

» Experimentation

Factorial Fit: Yield (grams) versus Temperature, Catalyst, Pressure

Estimated Effects and Coefficients for Yield (grams) (coded units)

Term effect Coef SE T P

Constant 74.75 2.543 29.39 0.000

Temperature 1.25 0.63 2.543 0.25 0.812

Catalyst 14.00 7.00 2.543 2.75 0.025

Pressure -30.50 -15.25 2.543 -6.00 0.000
Temperature*Catalyst -0.25 -0.12 2.543 -0.05 0.962
Temperature*Pressure -1.25 -0.63 2.543 -0.25 0.812
Catalyst*Pressure -13.50 -6.75 2.543 -2.65 0.029
Temperature*Catalyst*Pressure -0.25 -0.13 2.543 -0.05 0.962

P_value <0.05 - Coefficient is significant.

Six Sigma | P. P. Balestrassi
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Pareto Chart

»Efficient

Six Sigma | P. P. Balestrassi

» Experimentation
Pareto Chart of the Standardized Effects
(response is Yield (grams), Alpha = .05)
2.306
l Factor Name
o A Temperature
B Catalyst
C Pressure
B i
BC i
E ac-
[
A i
ABC -
AB -
0 1 2 3 4 5 6
Standardized Effect

17



Normal Plot

»Efficient

» Experimentation
Normal Probability Plot of the Standardized Effects
(response is Yield (grams), Alpha = .05)
99
Effect Type
® Not Significant
95 4 B Significant
90 4 BB Factor Name
A Temperature
80 B Catalyst
® C Pressure
o 707 .
S 60-
O 50-
g 40-
[
30 -
50 - mBC
1094 mcC
5 -
1 | | | | | | | | | |
-6 -5 -4 -3 -2 -1 0 1 2 3
Standardized Effect

Six Sigma | P. P. Balestrassi
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Factorial Plots

»Efficient
? Experimentation

Mean of Yield (grams)

Main Effects Plot (data means) for Yield (grams)

Temperature

Catalyst

O
o
1

(00]
o
1

N
o
1

(@)
o
1

/’

/

40

Pressure

O
()
1

(0]
o
1

N
o
1

(@)
o
1

1.0

1.5

Six Sigma | P. P. Balestrassi
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Interaction

»Efficient

» Experimentation

Interaction Plot (data means) for Yield (grams)

ﬁ ? HO 1F
L 100 Temperature
—— 40
—i— 60
N\ 80
Temperature P = N\
—=
- 60
a\ - 100 Catalyst
\ —0— A
\ —i— B
\
Catalyst \ - 80
\
N - 60

Pressure

There is an interaction between Pressure and
Catalyst that effects the Response.

Six Sigma | P. P. Balestrassi
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Cube Plot

» Efficient

Six Sigma | P. P. Balestrassi

» Experimentation
Cube Plot (data means) for Yield (grams)
| The Cube Plot
| represents the
| experimental
B | space at two
| levels. Axial
: values are the
| average of the
| replicates.
Catalyst
s 1.5
/
/ Pressure
|:¢75';|0
A
40 60
Temperature

21



Thinking Ahead ... »Efficient

» Experimentation

Control Factors
X1 X2

T

Input Output V>
‘ Process  mmmmp -
1.1 yr

1 /2
Noise Factors

Six Sigma | P. P. Balestrassi 22



Design of Experiments PEfficient
: » Experimentation

Renaissance of DOE in industry:

« Efficient computational softwares (JMP, Statistica,
Minitab, WebDOE, SPSS, etc...)

» Six Sigma Methodology

v'Determining the main factors in a process
(Screening DOE)

v Establishing transfer function and optimization.
(Factorial DOE and RSM)

Y=F(X) +Z +e

Six Sigma | P. P. Balestrassi 23



Use DOE as ... b Efficient

» Experimentation

e ... atechnique to decrease the
amount of experiments (or
simulation)

e ... a graphical method to analyse
experiments

... a numerical method to analyse
experiments

Six Sigma | P. P. Balestrassi
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Transition to DOE @ Factorial Designs

Run Factor Factor Factor
1 2 3 4
1 — — —
2 + - -
3 - + -
4 —_ — + - - -
Which combinations are missing? ‘> represents the lower level
and
S ‘+> represents the upper level
6 -
, In the One-factor-at-a-time
method the space is not
8 balanced.

Six Sigma | P. P. Balestrassi 29



Standard Order

0O NO O & WDN P

Factor

Factor
2

Factor
3

+ + + +

@ Factorial Designs

Full Factorial

The Standard Order is not always the Run

Order

Six Sigma | P. P. Balestrassi

30



Full Factorial @ Factorial Designs

23

Standard Factor 1 Factor 2 Factor 3

Order
1 Yellow 1.42 3.00 Factors are
2 Green 1.42 3.00 Qualitf'zlti\{e or
3 Yellow 2.00 300  Quantitative
4 Green 2.00 3.00
5 Yellow 1.42 4.75
6 Green 1.42 4.75
7 Yellow 2.00 4.75
38 Green 2.00 4.75

Six Sigma | P. P. Balestrassi 31



Cube Plot @ Factorial Designs

Experimental space

2 Factors = A Square 3 Factors = A Cube

O O C/O
_J

+
Factor
2 Factor 2
'O—0O i O
- > . ()
_ =

+

_A{a:i)r 3

D

Factor 1

-
Factor 1 +

Six Sigma | P. P. Balestrassi 32



Fourth Dimension

4 Factors: Two Cubes

-

e

Factorial Designs

+
=

Factor 4

Six Sigma | P. P. Balestrassi
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Cube Plot g Factorial Designs

B=4++-- 16 = ++++-

5 Factors:
4 Cubes

Factor E
(-)
A

v+

Factor D 30 = 44444

\

Factor E

(+)

+
=

AL

Factor D
Six Sigma | P. P. Balestrassi 34



DOE Matrix @ Factorial Designs

# of Standard
factors Order

™
>
| &

.
|
R o T B B B B BN IR B -

k=1

runs = 2X

—»

++||++||++||++||++||++||++||++|||.E’ﬁ

—

++++||||++++||||++++||I|++++|||||(:.?'.1|"1

s R I LN ) O ON I O )

10

 The whole experimental 1

13

space is covered with ¥

15

Factorial Designs. ked 16

17
1%
19

» Factorial Designs are easy 2

21

to conduct due to a well- =
24

established pattern. 25

26

4T
25
29
20
3l

+|+|+|+|+|+|+|+|+|+|+|+|+|+|+|+||,3_’,4
A B N R B B ey e I A I A B <

k Pl
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Simple Model

@ Factorial Designs

Y =Xy, Xp X, o0y X2)

Y (Response)

X; (Factors) = X1, X2, X3

Y=Constant +

k7X1X2X3

<Average>

KiX1 + k2X2 +k3X3 + <Main Factors >
kaX1X2 + ks X1X3 + keX2X3 + <2 QOrder Interactions>

<3 QOrder Interaction >

Six Sigma | P. P. Balestrassi
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Constant
Std.
Order X1 X2
1 _ _
2 + —
3 — +
4 + +
5 _ _
6 + —
7 — +
8 + +

Data

X3 (Rep 1, Rep 2,

— 49.5
— 49.5
— 49.75
— 48.75
+ 51.25
+ 50.00
+ 49.50
+ 50.50

50.75
48.75
49.25
48.25
49.75
50.00
50.50
50.50

@ Factorial Designs

Rep 3) Average
50.00

49.50
48.50
49.00
50.25
50.75
49.75
50.25

Sum 1194.50
Average 49.77

keX2X3 + k7X1X2X3

Y=49 77 + kiX1 + kaX2 +k3X3 + kaX1X2 + ks X1X3 +

Six Sigma | P. P. Balestrassi
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Main Effects @ Factorial Designs

Std. X1 X2 X3 Average X3 “-” X3 “+”
Order
1 - — — 50.10 50.10
2 + — — 49.25 49.25
3 - + — 49,17 49.17
4 + + — 48.67 48.67
5 — — + 50.42 50.42
6 + — + 50.25 50.25
7 — + + 49.92 49.92
8 + + + 50.42 v 50.42

Total X3 “-> 197.19
Average of X3 “-” 49.30

Total X3 “+” 201.01
Average of X3 “+” 50.25

Effect of X3 =[Average of X3 “+”] - [Average of X3 “-”]=0.95

o n”

When X3 goes from “-” to “+” the response Y increases 0.95

Six Sigma | P. P. Balestrassi 38



Main Effects

.
>

49 495 50 50.5

.
>

49 495 50 50.5

@ Factorial Designs

When X3 goes from “-” to “+” the
response Y increases 0.95

When X2 goes from “-” to “+” the
response Y decreases 0.45

Six Sigma | P. P. Balestrassi
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Coefficients @ Factorial Designs
Response
31,00
A Effect 30,75
tg@ = 5 30,50 /
30,2
./O,Os A Effect
0 2050
— e — >
2 |
-1 +1 Level
Factor A

Six Sigma | P. P. Balestrassi 40



Coefficient of X3 @ Factorial Designs

LOA
8'__
2+
0
< When X3 goes from “-” to “+” the
ST response Y increases 0.95
QR " R
X3 + k3 =0.95/2

Y=49,77 + kiX1 + kaX2 +0.497X3 + kaX1X2 + ks X1X3 +
keX2X3 + k7X1X2X3

Six Sigma | P. P. Balestrassi
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Interaction Effect - Example

@ Factorial Designs

— Terminology:
AXxB or AB

A B AB Response
- - + 50
+ - - 54
- + - 100
+ + + 60

AB Effect = (Average of AB “+”) - (Average of AB “-”)
AB Effect = (50+60)/2 - (54+100)/2

AB Effect = - 22

Coefficient of AB =- 11

Response= Constant + kiA + k2B — 11AB

Six Sigma | P. P. Balestrassi
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Interaction Plot

No Interaction

Low Interaction

High Interaction

Response

A\

Response

AW

Response

Factor A

+

+ -

Factor B

Factor A
+

|
+ -

Factor B

N\

Factor A

+

— +
Factor B

§ ° o FactorA
5.)_ —
el T ° +
" Factor B
§ Factor A
S +
2 ><
4
“Factor B
+
3 Factor A
o
o
& _
o
— +
Factor B

Six Sigma | P. P. Balestrassi

Factorial Designs

Evaluate
also P_value
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Design with interactions

@ Factorial Designs

Std. Response
Order A B C AB AC BC ABC

1 - = — + + .

2 + - _ — _

3 — — — + — +

4 + + _ - - =

5 - - + — — +

6 + _ + _ + - _

I — + + = — + —

8 + + + + +

23 Factorial Design o ueually

Six Sigma | P. P. Balestrassi
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P-Value / Test of Hipothesys @ Factorial Designs

- H,: factor is in the group
- H,: factor is different from the group

- Ifp <a:H,lis rejected

Estimated Effects and Coefficients for Distance (coded units)

Term Effect Coef 3Schev Coef T F
Constant 49,7708 0.1067 466.29 0,000
Eand Fos -0.2500 -0.1250 0.1067 -1.17 0,259
|_E1::|p Fos -0.4568  -D.2292 0.1067 -2.1%5 W‘
Cocking 0.9583 0.4792 0.1067 4,49 0.000
Band Pos*3top Fos 0.2500 0.1250 0.1067 1.17 0.259
Band Po=*Cocking 0.4167 0.2083 0.1067 1.95 0.0689
Stop Pos*Cocking 0.2917 0.1456 0.1067 1.37 0.191
BEand Pos*3top Pos*Cocking 0.0833 0.0417 0.1067 0.39 0.701

Six Sigma | P. P. Balestrassi 45



Coded Unit

@ Factorial Designs

Response= 50+ 0,5A+ 0,3B

Level

(-1) (+1)
FactorA 10 20
FactorB 0 10

Max Response= 50+0,5(+1)+0,3(+1)=50,8

Six Sigma | P. P. Balestrassi
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1

@ Factorial Designs

40 12
Cube Plot (data
B means) for Y2
20 50
-1
-1 A 1

Example
1
30 52
A B Y1
1 i 20 0 Cube Plot (data
1 -1 40 50 B means) for Y1
1 1 30 20
1 1 52 12 20 40
-1
-1 A
Eztimated Effects and Coefficients for Y1
Term Effect Coet
Constant 35,5000
iy 21,0000 10,5000
E 11,0000 S,.5000
4FE 1, 0000 0, 5000
E=ztimated Effects and Coefficients for Y2
Term Effect Coef
Constant a0, 50
iy 1,00 0,50
E -9.,.00 -4, 50
AFE -29.00 -14,50

Six Sigma | P. P. Balestrassi
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Main Effects

1

2

45

40

35

a0

25

34

32

ao

28

26

Main Effects Plot (data means) for Y1

A B

Main Effects Plot (data means) for Y2

A B

Six Sigma | P. P. Balestrassi

@ Factorial Designs
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Interaction Plots Factorial Designs

Interaction Plot (data means) for Y1 Interaction Plot (data means) for Y2

50 — PP
e A
,f”f(/ o - 40 —
-7 1
40 — -
= - A
g S 0 1
E E ] - _1
a0 —
20 —
20 —
[ T I |
1 B 1 1 B 1

Six Sigma | P. P. Balestrassi 49



Surface Plots

Y1

a0

40 A

30

20

Surface Plot of Y1

Factorial Designs

Surface Plot of Y2

a0
40
30

Y2

201

10 -]

Six Sigma | P. P. Balestrassi
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Contour Plots

Contour Plot of Y1

@ Factorial Designs

——
—— 26
.
—- 32
35
38
— 41

44
—— 47

50

- e ———— -

T

Six Sigma | P. P. Balestrassi
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—— 196
- 234
—- 272
— 310
348
— 386

424
—— 462

50,0
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Example

Temperature Catalyst

40 A
bl A
40 B
bl B
40 A
bl A
40 B
bl B

Six Sigma | P. P. Balestrassi

Yield (grams)

@ Factorial Designs

57 a) What s the

.
55
bk
bl
i
0.3
L

linear model?

b) What is the

C)

main factor?

Does it have
Interaction
among the
factors?
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Example

Temperature Catalyst

40 A,
B0 A
40 B
B0 B
40 1A,
B0 A,
40 B
B0 B
40 A,
B0 A,
40 B
B0 B
40 A,
B0 A,
40 B
B0 B

Pressure Yield
1.0

1.0
1.0
1.0
1.5
1.5
1.5
1.5
1.0
1.0
1.0
1.0
1.5
1.5
1.5
1.5

Six Sigma | P. P. Balestrassi

@ Factorial Designs

e
85
45
b4
b5
=)
a7
£
0
g
47
k.
b
S5
Rl
74

a) What is the

linear model?

b) What is the

C)

main factor?

Does it have
Interaction
among the
factors?

53



Example

Temperature Catalyst
A0 A,

B0 A
40 B
B0 B
40 A,
B0 A
40 B
b0 B
40 A,
RO A
40 B
kO B
40 A
B0 A
40 B
kO B

Pressure
1.0
1.0
1.0
1.0
15
15
1.5
15
1.0
1.0
1.0
1.0
15
15
15
1.5

PH Yield
70
/0
70
70
70
70
70
70
B O
b0
b0
B O
b0
B O
b0
B O

Six Sigma | P. P. Balestrassi

@ Factorial Designs

54
85
44
b2
b4
54
]
70
52
=
43
b4
b4
54
i
73

a) What is the

linear model?

b) What is the

C)

main factor?

Does it have
Interaction
among the
factors?
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Full Factorial problems

Number of
Experiments

2k

Number of

Factors

s s e OO NOOUTAWNE

=
o1

20

Full

« ~ gm Fractional Factorial

- Design

Number of
Experiments

2
4
8

1,048,576

Six Sigma | P. P. Balestrassi
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Avaﬂab]e Informatlon v Fractional Factorial

 Design

Number
of Factors

|
e o e OO ~NOOUIPA WNPEF

=
o1

N
o

Main
Effects

¢ o o IS@OO\ICDO‘I-BOOI\)H

=
* Ol

20

2"d Order
Interaction

o Wk |

15

> 2nd Order
Interaction

1
5

1,048,365

Six Sigma | P. P. Balestrassi

Zk

The vast
majority of
processes are
dominated by
main effects and
lower order
Interactions



Example for 4 factors

24

WM . mm Fractional Factorial
e Design

Response=Constant+
ABCD +
ABACADBCBDCD +
ABCABDACDBCD +
ABCD

<Average>
<Main Effects>
<2"d |nteractions>

< 31 Interactions>

< 4% Interaction>

Six Sigma | P. P. Balestrassi
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Fractional Factorial % . mm Fractional Factorial
e Design

N
w
N
%
=

Yooy )

Order A B C
1 — _ _
2 + — _ ) -
3 - + - | Fraction
4 + + _ o
- - + B / Q5 6
6 + — + / C
/ — + + O
o+ LA
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- LE] Fractional Factorial
[—]a f Frac On A |
1 u " Design

O
o
>
+ 1 |w
o

+
+ |
+

Observe that C=AB
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Building Half Fraction =" . gm Fractional Factorial

i Design

25-1

~

-1

2 A B C D E
A B LC| D=ABC . - - -
_ — — — _ + _ _ —
+ — — + + + — — +
— + — + . . + _ _
u + . N S + - o+
1 - . - — + + — +
- N N _ + + + — —
+ + + + — - - " o
3 + = = + +
— + — + +
+ + — + —
Base 2 T
_ _ . + — + + —
D=ABC-= Design Generator 4 L ow o e
+ + + + +
Base 2

E=ABCD= Design Generator
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Full Factorial x Half Fraction -—-Trade-Offs H& « mm Fractional Factorial
i Design

Number of Effects

V4
Effects Full Fraction If you don’t hgve a
Average 1 1 reason to believe that
Main c . h/gher o'rder
interactions are
; .

2% order Interactions 10 10 present, you can

3'd order Interactions 10 — choose half fraction.

4% order Interactions 5 _

5t order Interaction 4 —

Number of
experiments

Total of Effect 32 16

Six Sigma | P. P. Balestrassi



=" . gm Fractional Factorial

Confounding A=B

" Design
Run Factor A Factor B Response

1 - — 130
2 _ _ 125 WHAT CAUSES THE RESULT 7 @!)
3 - - 133 Main — @5
4 - - 130 - Ho
5 + + 50 ANy \ g @

’__E“' Z NS 20
8 + + 93

The Effects of Aand B
are confounded.
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D=ABC

A B C DJ|AB CD
- - - = + 4+
+ - — + - =
— + — + — —
+ 4+ R — + 4+
- - + 4+ + 4+
+ - + - - =
— + + - - =
+ + + + + +
A = BCD
B = ACD
C = ABD
D = ABC
AB = CD
AC = BD
AD = BC
Average = ABCD

=" . gm Fractional Factorial

i Design

From the Base D=ABC

1
A.DZé/KIéC:l.BC:BC
1
A%A.lZD.BC

Etc...

Six Sigma | P. P. Balestrassi
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Meaning of AB+CD - " - Fractional Factorial

- Design

D=ABC

A B C D|AB CD| Response
- - - - + 4+ 10

+ - - + | - - 20
T " I 18

+ + - — | + + 12

- -  + + |+ + 12

+ - + - | - - 18

S N N I — 20

+ + + + |+ + 10

Effect of AB+CD = (10+12+12+10)/4 — (20+18+18+20)/4
=11-19= -8

This is not AB effect or CD effect exclusively. Also, it is not
possible to divide AB + CD.

Six Sigma | P. P. Balestrassi
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Common Sense X DOE = ~ pm Fractional Factorial
i Design

Consider the experimental design in
2-levels (-/+) for the factors X1 .. X7

Experiment X1 X2 X3 X4 X5 X6 X7
1. — — — — — — —
2. + — — — — - —
3. — + — — — _ _
4, — — + — — — —
5. - - - + - - -
6. - - - - + - -
7. - - - - - + -
8. - - - - - - +

The Stick-a-winner Strategy is
a One-factor-at-a-time method
to run experiments.
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Common Sense X DOE =" . gm Fractional Factorial

i Design

Consider the experimental design in
2-levels (-/+) for the factors X1 .. X7

Experiment X1 X2 X3 X4 X5 X6 X7
1. — — - + + + -
2. + — — — — + +
3. — + — — + — +
4., + + — + - — -
5. - - + + — — +
6. + - + — + — —
7 — + + — — + —
8. + + + + + + -

Resolution 111 Placket-Burman
Design

Six Sigma | P. P. Balestrassi



. . - g Fractional Factorial
I
Screemng DQSlgnS v Design

Minimal number of experiments

Ex.: 7 Factors on 8
experiments

A B D E F G |=
A C [|AB AC BC ABC
_ _ — + + + —
+ _ — — — + +
— + = = + — +
A=BD=CE =FG Full Factorial on 3 t i ; : . . J_,
factors + N + _ + _ _
B=AD=CF =EG = + - - N
C = AE=BF =DG T '
_ Table of
D=AB=CG=EF ::E)__:g Interactions
E=AC=BG=DF F=BC 4 Factors are confounded with interactions

F = AG=BC=DE G =ABC
G=AF=BE=CD

Six Sigma | P. P. Balestrassi



Display available design

=" . gm Fractional Factorial
i Design

Available Factorial Designs [with Hesolution)

Runs| 2 3 4 5 b 7

1 [Fl [

8 Full I+ --
16 Full | %
37 Full | W 1
64 Full I
128 Ful

Factors
8 9 10 11 12 13 14 15

i ARLI ST ST TN LT LT
I % % I I % % %"

W % % I I % % %"
Wl W W i I % % %"

Available Resolution Il Plackett-Burman Designs

Factors Huns Factors
2-7 12,20,24.28,....48 20-23
g-11 12,20,24,28,....48 24-2F

12-15 20,24,28,36,....48 28-31
16-19 20.24,28,32,....48 32-35

Runs Factors Runs
24.28,32.36,....48 36-39 40,44,48
20,32,36,40,44,48 40-43 44,48
32,36,40,44,48 44-47 48
36.40,44.48

Six Sigma | P. P. Balestrassi

68



Design’s Resolution

Six Sigma | P. P. Balestrassi

-

Fractional Factorial
Design

1]
A\

Confounding
1-2

1-3, 2-2
1-4, 2-3
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Nomenclature WM . mm Fractional Factorial

- Design
7 factors 2 'i[V
2 levels 2 Times

Resolution 1V

3 main factors confounded with 3@ order
Interaction

With Replication
Total of 32 runs

Six Sigma | P. P. Balestrassi



Paper helicopter ¥ . mm Fractional Factorial
" Design

(Box, Bisgaard and Fung — Designing
Industrial Experiments: The Engineer’s Key
to Quality, 1990)

Six Sigma | P. P. Balestrassi 71



Screening

Resolution III Experiments _
Design

Available Factorial Designs [with Resolution]

Factors
Runs ¢ 3 4 5 b Fi 8 9 10 1 12 13 14 15

32 ' I I I [ I |
64 Ful Il W I [+ I I I I [+
128 Full %I W % I I I [+

Available Resolution Il Plackett-Burman Designs

Factors Runs Factors Runs Factors Runs
2-7 12.20,24,28,...,48 20-23 24.28,32,36,....,48 36-39 40,44,48

8-11 12.20.24,28,....,48 24-27 28,32,36,40,44,48 40-43 44,48
12-15 20,24,28,36,...,48 28-31 32,36,40,44,48 44-47 48
16-19 20.24.28,32,....48 32-35 36,40,44,48

Six Sigma | P. P. Balestrassi



Example of Screening Design

Screening
Design

Objective: Analyze the results of the following factors using Screening

Designs.

Data: Damage.mtw

Factors and Levels - +
Background: A mail order | A | Load partial | full
company Is trying to reduce | ; | | ,.d method std. ush
the Damage Claims caused _
] .. C | Packing paper styrofoam
by boxing, shipping, and
- D|B ' d.

opening methods. They ran ox size ot custom
a design with these factors: | E | Shipper x P

F | Open method knife scissors

G | “Use Caution” message on box no yes

¥
Y = Damage Claim (%)

Six Sigma | P. P. Balestrassi

73



Screening
Design

Session window - Alias

Fractional Factorial Design

Factors: 7 Ease Desiogn: T, 8 Fesolution: ITT
Funsz: 8 Feplicates: 1 Fraction: 1716
Elocks: 1 Center pts [(total): 0

* NOTE * 3ome main effectzs are confounded with two-way interactions.

4liaszs Ftructure

I + ABD + ACE + AFG + BECF + BEG + CDx + DEF + ABCG + ABEF + ACDF + ADEG + BCDE
+ BDFG + CEFG + ALBCDEFG

4 + B + CE + F&z + BECG + BEF + CDF + DEG + ABCF + LBEG + ACDG + ADEF + ARCDE +
ABDFG + ACEF: + ECDEFG

B + &D + CF + E+x + ACG + AEF + CDE + DFG + ABCE + ABF> + ECDG: + EDEF + AECDF +
ABDEG + BECEF: + ACDEFG

c + & + BEF + I + 4BG + ADF + EDE + EFG + ABCD + ACFGz + ECEG + CDEF + ABCEF +
ACDEG + BCDFG + ABDEFG

I + &6 + C+ + EF + 4ACF + AEG + ECE + BFG + ACDE + ADFG> + ECDF + EDEG + ABCDG +
ABDEF + CDEFG + ABCEFG

E + &C + B + DF + ABF + aD0>F + ECD + CFG + ABDE + AEF> + BCEF + CDEG + ABCEG +
ACDEF + BDEFG + ALBCDFG

F + A + BC + DE + ABE + ACD + BDG + CEG + LBDF + ACEF + BEFG + CDFG + ABCFG +
ADEFG + BCDEF + ALBCDEG

> + AF + BE + CD + ABC + ADE + BDF + CEF + ALBDG + ACEG + BCFG + DEFG + ABEFG +
ACDFG + BCDEG + ALBCDEF
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Session window - Results

Screening
Design

Fractional Factorial Fit

Estimated Effects and Coefficients for $Damage

(coded unit

s)

Message -13.250

Term Effect Coef

Constant 0

Load 20.250 Coefficients with largest
tethod 2.250 1129 values are highlighted; will
Packing 0.750 0.375

Box —52.250 1.125 need to check plots to see the
Shipper 5.250 2,025 size relative to each other
Open -11.750 since there are no P-values

Source DF Seq SS
Main Effects 7 1524
Residual Error 0 0
Total 7 1524

are discrete)

Alias Structure (up to order 3)

Analysis of Variance for $Damage (coded units)

Adj SS
1524
0

Adj MS
217.7
0.0

F P

* *

No replicates
means no
estimate of
experimental
variability; no
t-values; no

Estimated Coefficients for $Damage using data inuncoded units
Output deleted to save space:same as above for this situation (all factor levels

I + Load*Method*Box + Load*Packing*Shipper + Load*Open*Message + Method
*Packing*Open + Method*Shipper*Message + Packing*Box*Message + Box*Shipper*Open
Load + Method*Box + Packing*Shipper + Open*Message+ Method*Packing*Message +
Method*Shipper*Open + Packing*Box*Open + Box*Shipper*Message

Method + Load*Box + Packing*Open + Shipper*Message+ Load*Packing*Message +
Load*Shipper*Open + Packing*Box*Shipper + Box*Open*Message
Packing + Load*Shipper + Method*Open + Box*Message+ Load*Method*Message +
Load*Box*Open + Method*Box*Shipper + Shipper*Open*Message
Box + Load*Method + Packing*Message + Shipper*Open+ Load*Packing*Open +
Load*Shipper*Message + Method*Packing*Shipper + Method*Open*Message
Shipper + Load*Packing + Method*Message + Box*Open+ Load*Method*Open +
Load*Box*Message + Method*Packing*Box + Packing*Open*Message

Open + Load*Message + Method*Packing + Box*Shipper+ Load*Method*Shipper +
Load*Packing*Box + Method*Box*Message + Packing*Shipper*Message

Message + Load*Open + Method*Shipper + Packing*Box+ Load*Method*Packing +
Load*Box*Shipper + Method*Box*Open + Packing*Shipper*Open

P-values
———

Same information here as previous page, but Factor Names used
instead of letters; harder to read, but still accurate

Six Sigma | P. P. Balestrassi
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Screening

Effects plots

Design
Pareto Chart of the Effects Normal Probability Plot of the Effects
(response is $Damage, Alpha = .05) (response is $Damage, Alpha = .05)
1.5
Load—] ®
1.0
Message—]
°
Open—] o 0.5
o
v
Shipper—| = 0.0 (]
€
Method—| g -0.54
°
Box—] 1.0
Packing— [ J
J -1.5- T T T T
‘ ' ' -10 0 10 20

0 10 20

 Because there are no replicates and 7 effects estimated in only 8

runs, Minitab cannot produce a P-value reference for these plots.

 |tis left to your own judgment to determine which effects seem
Important enough for you to investigate further.

« 3 effects—load, message, and open—seem relatively larger than the rest

Six Sigma | P. P. Balestrassi

76



Screening
Design

Results

« Simplest explanation for three important effects

— Observed results could be due solely to main effects from 3
factors
Load (= A) Open-method (= F) Message-on-box (= G)

Alternative explanations

— Observed results could also be due to two main effects and their interaction.

If you look carefully at the alias structure, you’ll see that the two-factor

interactions of these three factors are confounded with each other as follow:

Six Sigma | P. P. Balestrassi
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Adjusts

Screening
Design

Alias Information for Terms in the Model.

Totally confounded terms were removed from the analysis.

*Load + Method*Box + Packing*Shipper + Open*Message
*Method + Load*Box + Packing*Open + ShipperMessage
*Packing + Load*Shipper + Method*Open + Box*Message
*Box + Load*Method + Packing*Message + Shipper*Open
*Shipper + Load*Packing + Method*Message + Box*Open
*Open + Load*Message + Method*Packing + Box*Shipper
*‘Message + Load*Open + Method*Shipper + Packing*Box

Terms in bold are responsible for 90% of the effects.

Six Sigma | P. P. Balestrassi
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Mixed Levels

o o

Screening
Design

Full Factorial Designs can be constructed for
any number of factors with any number of
levels. When there are more than two levels,
they provide all the benefits of the Factorial
designs, as well as the Response Surface
Designs.

1 factor of 2 levels
1 factor of 3 levels
1 factor of 5 levels
Runs=30

Six Sigma | P. P. Balestrassi
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Example

Background: An experiment was desired on finishing a
mechanical device. Response variable was the consistency of

lubrication, measured subjectively on a 1-5 scale.

Data: wire.mtw

Factors Levels
Precoat Yes
No

Pressure Dies

2% larger than incoming wire
4%
5%
7%
9%

Speed

150 fpm
175
200
225
250
275
300

Six Sigma | P. P. Balestrassi
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Example

General Linear Model

Factor Type Levels Values

Precoat fixed
Pressure fixed
Speed fixed

Analysis of Variance

2 Yes No
52 45 79
7 150 175 200

for Lubricat,

Source DF Seqg SS Adj SS
Precoat 1 4.129 4.129
Pressure 4 196.057 196.057
Speed 6 2.943 2.943
Error 58 18.714 18.714
Total 69 221.843

Unusual Observations

Obs Lubricat

for Lubricat

Fit StDev Fit

1 3.00000 1.70000 0.23519
9 4.00000 5.27143 0.23519
47 1.00000 3.04286 0.23519
58 3.00000 1.70000 0.23519

R denotes an observation with

Screening
Design

225 250 275 300

using Adjusted SS for Tests

Adj MS F P
4.129 12.80 0.001 The effects of Precoat and
49.014 151.91 0.000 Pressure are significant.
0.490 1.52 0.188 Speed is borderline.
0.323

Residual St Resid

1.30000 2.51R
-1.27143 -2.46R
-2.04286 -3.95R

1.30000 2.51R

a large standardized residual.
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Screening

Example _
Design

Precoat Pressure Die Speed

Lubrication

From the graph you can understand the nature of the effects
for the factors. From these plots it is easy to see that the 7%
or 9% Pressure Die is much preferred. With these Dies, the
Speed and Precoat seems to have minimal effect.

Six Sigma | P. P. Balestrassi
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Screening

Example .
Design

Interaction Plot- Data Means for Lubrication

9 % 9 A 9 S LPP LS

15
Precoat
-N) —
N —a _r/'
‘\\//0/;‘ T3
OE __1
N > --5
Pressure Die e ”~.
}9 * Q\\ ’50/ *
7 T3
05 - \ ¢
4 N
02 __1
Speed
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Screening
Design

Research on DOE for Simulation ’ Q

FACTOR LEVELS
ANN architecture MLP, EEF, GRNN, ARTMAP, ...
Number of hidden Lavers 0 (rarelv). 1, 2 or 3 (rarelv)

Number of units per laver

k*(N+1). where N is the number of input and =1, 1.5, 2

Regression output function

Linear, Logistic-range

Problem tvpe / input mode

Univariate time series/ Regression

Predict X steps ahead

12,3, ..

Steps used to predict

12,24

Phase one training algorithm

Back propagation, Quick propagation, Delta-bar-delta

Phase two training algorithm

Conjugate gradient descent, Quasi-Newton, Levenberg-marguardi

Epochs

100, 400

Leaming rate 01,09
Initialization method Unif(0.1), N(0,1)
Stopping conditions (Target error) | 0, 0.1

Minimum improvement in error 0,-0.1

for Training /'Selection

Minimum improvement in error 1,25, 50

for number of epochs

Prune units

No, with small fan-out weights (pruning threshold=0.05)

Prune input variables

No, with small fan-out weights (pruming threshold=0.05), with low
sensitivity after training (ratio=1).

Weight decay regularization —
Phase one

No, Decay factor=0.0001, Decay factor=0.001, Decay factor=0.01

Weigend weight decay
regularization — Phase two

No, Decay factor=0.0001, Decay factor=0.001, Decay factor=0.01

Back propagation tuning

2? runs for a full factorial design with factors (1- Adjust learning rate and
momentum each epoch, 2- Shuffle presentation order of cases each epoch
and 3- Add Gaussian noise)

Quick propagation tuning

2? runs for a full factorial DOE with 3 factors (1- Learning rate 2-
acceleration and 3- Add Gaussian noise)

Delta-bar-delta tuning

2? runs for a full factorial DOE with 2 factors (1- learning rate and 2-Add
Gaussian noise)

Sample Size

k724, where k=7, 14, 21

Sampling Method

Random, Bootstrapping, Cross Validated

Six Sigma | P. P. Balestrassi
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Research on DOE for Simulation 3

Many

Mumber of Factors

Few

Screening

Design
Response Surface Complexity

maximal minimal
screening assumptions
m::_nn {?ffﬁ:"’_rs Ist order 2nd order smooth ﬁﬂﬁ_smﬂ?m, _
(d errors complex errors
sequential folded SB

e olde
bifurcation Latin hypercube

(SB) (LH)
combined
designs
(nearly) saturated frequency designs
(25P FF)
Plackett-Burman differential grids
R4
central
coarse grids composite Kleiinen fine erids
(2" f'mtinﬂl} R3 (CCD) J {m ﬁfmnal}
(2004)

Six Sigma | P. P. Balestrassi

85



Crossed Array

Control

1
2
3
4
5
6
V4
8
O

RWONNRWWNRU

Taguchi
Designs

R1 R2 R3 R4 R5 R6 R7 RS8

Six Sigma | P. P. Balestrassi
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Display available design

single-level designs

( ’!&.',
< |

Taguchi
Designs

Available Taguchi Designs [with Number of Factors]

De=zign= |2 lewel |3 level |4 level |& level
L4 2=

LA 2=

LA d—d

L1 2-11

L1& 2—15

L1& 2—5

L25 2—B
L27 2—13

L3Z 2—31

Mixed 2-3 level designs

De=zign=s |2 level |3 lewel

L1A 1 1-7

L36 1-11 2—-12

L36 1-3 13

L54 1 a-25

Mixed 2-4 level designs

De=zign= |2 lewel |4 lewel
La 1-4 1

Ll 2—12 1

L1 1-9 2

Ll 1-6 3

Ll 1-3 4

L3z 1 2—9
Mixed 2-8 level designs
De=sign= |2 lewel |3 lewel
Llg 1-13 1

Mixed 3-6 level designs

De=igns=

3 level

B level

L18

Six Sigma | P. P. Balestrassi
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Example: Gustavo Kuerten

Taguchi
Designs

« Kuerten’s coach used Taguchi Design to improve the
serve of Gustavo Kuerten, the best Brazilian tennis

player.
Factors Level 1
A Force L ow
B Technigue Flat
C Frequency Low
D Racquet

Factors
A Hour
B Court
C Side

Quantun Yonex

Day
Clay
Right

Level 2 Level 3

Medium High _
Topspin Slice-Topspin
Medium High

Wilson

Level 1 Level 2

Night
Grass
Left

Six Sigma | P. P. Balestrassi
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T hi Desion ~ Taguchi
asUe 515 @ Designs

A B C D

 Taguchi Lg
Design
4 Control

Factors in 3
levels

Force Technique

Frequency Racq
, :

uet
!

O | S0 | ] | S| LT | R | L | Pl | e

—

1

o W W R R R = =
Lk = R = L kA

Six Sigma | P. P. Balestrassi
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Outer Array @ Taguchi

& Designs
A B C
Time Court Side _
1 1 1 17 Taguchi L,
2 1 1 1 Design
3 1 2 2 ]
1 1 2 >« 3 Noise Factors
3 : | °in2levels
b 2 1 2
7 2 2 1
] 2 2 1
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Crossed Array

guga.mtw

OCO~NOOADWNLE

R WONNPEP®WWNRUO

R2
10
16
17
17
19
16
19
16
20

™~ Taguchi
3 Designs

R3 R4 R5 R6 R7 RS8
17 20 20 20 20 19

100 100 2297\ DN\ DA ol )

Smaller is better:
Response is the distance
between where the ball
hit the court and a

specified target.
IS5 17 138 20 Zz3 24

19 17 23 23 23 29

'V VT VI VI \J 1

Six Sigma | P. P. Balestrassi
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Signal/noise ﬂ Taguchi

& Designs

o
n =-10log,, HZY.Z S/N
i1

Main Effects Plot (data means) for SN ratios
~ Force Technique
-25.50 4
-25.75 O\
-26.00
2 ~N—
W -26.25-
©
} &
z _26'50_ T T T T T T
& 1 2 3 1 2 3
g 7\ Frequency Racquet
@ -25.50
]
=
-25.75- //O
-26.00
-26.25 - \\ /
-26.50 - T T T T T T
1 2 3 1 2 3
Signal-to-noise: Smaller is better
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S/N - Levels

o
n =-10log,, HZYE
| =l |

= Taguchi

& Designs

1

2

3
Delta
Rank

Level A: Force

-25.54
-26.43
-26.06

0.8
1 4

B: Technique
-25.78
-26.18
-26.07

0.40

Response Table for Signal to Noise Ratios
Smaller is better

C:Frequency D:

-25.48
-26.22
-26.33
0.85

2

Racquet

-26.37
-25.92
-25.74

0.62

Factor that affect the
response the most

Six Sigma | P. P. Balestrassi
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Taguchi

Target . |
i J Designs
Smaller is better I Mean
Main Effects Plot (data means) for Means
Force Technique
20.5 -
20.0 /\
@ 19.0
4]
L 18.5- . | | | | |
‘S 1 2 3 1 2 3
= Frequency Racquet
2 20.5 -
20.0 - //
19.5 -
19.0 -
18.5 | | |
Y 2 3 ! T T

Six Sigma | P. P. Balestrassi

94



Smaller is Better

~ Taguchi
& Designs

Response Table for Means

1 18.71 19.25 18.50
2 20.79 20.21 20.25
3 19.83 19.88 20.58
Delta 2. 0.96 2.08
Rank (ii) 4 2

Level A: Force B: Technique C:Frequency D:Racquet

20.63
19.54
19.17
1.46
3

‘ Main factor

Six Sigma | P. P. Balestrassi
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Selected Levels H Taguchi
Designs

Factors Level 1l Level2 Level 3
A Force Low Medium High

B Technique Flat Topspin SIice-TopSpin
C Frequency Low Medium High
D Racquet Quantun Yonex Wilson

Order of the Malin factors

(1) Force (2) Frequency (3) Racquet (4) Technique

Six Sigma | P. P. Balestrassi
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Array

Taguchi
Designs

Orthogonal
Array (Sum=0)

Saturated Designs
(Each column one factor)

Six Sigma | P. P. Balestrassi
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Taguchi Equations

Taguchi
Designs

Analyze Taguchi Deszign - Opltions

aignal to Noise Hatio:

(" Larger is better
(" Nominal is best
* Mominal is best

(" Smaller is better

Formula
-10*Log[sum[1/v**2Z]{n]
-10%Log|s**2]

10*Log[[¥Bar**2){s**2]
-10*Log[sum[¥**2]{n]
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What is RSM? N RSM

» Response Surface Methodology refers to the design
and analysis of experiments that can model curved

relationships. For Response Surface Analysis, all
X’s must be continuous variables.

Contour Plot of Plating y = Plating (mm)

— y = f(Xq, X5)

— 24
— 26

/

>
N
Concentration (%)
~ oo ©
| | |

Wire Diagram

42 52 62
Soak Time (min.)

1 Plating (mm) *

oz =2 4
IS E L
-/
Yy 15 L7 > 95
8.5
P 75 Concentration (%)
6.5
60

X2

x1
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RSM with Minitab m RSM

iCreate Response Surface Design...
Cefine Custom Response Surface Design

Select Opkimal Design. ..

Analyze Respanse Surface Design, ..

ConkourSurface Ploks, .,

iorverlaid Conkour Plak, .,

p |@:n |'ﬂ {H' ['Hz'] n-m- ﬂ}

F.esponse Qpkimizer, ..
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Process Knowledge

RSM

Current State of Process Knowledge

Low r | r | High
Type of Design Screening Fractional Factorials Response
Factorials Surface
Usual number
= 4 J-158 1-7 <0
of Factors
Purpose: host ianshi
. Felationships i
* ldentify factars (vital Sorme i g Hitm )
: among a
Important interactions ; fa':t':_'r
fiw) factors settings
Crude All main effects | All main Curvature in
] direction and some effects response,
* Estimate far interactions and all empirical
improvement interactions muodels
(linear
effects)

Resolution
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The Quadratic Model, One X m RSM

» Response Surface Methodology fits these curved surfaces
using a quadratic model. A quadratic model in one X has the

form:

y=a *h X Th,x"

» Some shapes produced by this model are:
Parabolas

R/
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The Quadratic Model, Two Xs m RSM

Similarly, a quadratic model for 2 X factors has the form:

y=a+Qx+b X+ Xx+b X+ XX

O] L@

Peak or Valley Rising Ridge

SN
N\F

Stationary Ridge Saddle

7/4(
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Why Use the Quadratic Model? m RSM

» Quadratic functions fit many functions over a narrow range,
even 1f those functions aren’t quadratic in nature.

» Most surfaces can be approximated by hills, or valleys. They
are basically flat when you are far away from the peaks and
troughs, and more curvy near the tops and bottoms. We will
use linear models when we are far from the optimums, and
quadratics to approximate the surfaces when we are near the
peaks.

Curved surfaces are found
near the peak

Flat surfaces away from the

\ optimum
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RSM Designs m RSM

Minitab allows the design and analysis of several different types of
Response surface designs.

Full Factorial Designs Central Composite Box-Behnken
with more than 2 levels Designs Designs

Description: A special arrangements of

. :
3%and others 2> with center and axial surface points on a cube, with

points :
Advantages- center points

All combinations represented

No points extending beyond the

cube. Usually slightly fewer

runs
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Central Composite Designs m RSM

Since we have previously covered the design of a full factorial
with more than two levels, we will now focus on the Central
Composite Design.

’ Q@ Factorial points

@ Axial points

®o— @ ..... __, O center points

: 04 .
a is used to represent the distance the
axial point is from the center point in
| scaled units. a is chosen to assure
é rotatability and orthogonal blocking
This design has desirable properties, including:

« [t can be run in sequential orthogonal blocks, first cube points, then axial
points
* @ can be chosen for rotatability
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CCD for 2 factors m RSM

AXIAL POINTS ‘
‘:ACTORIAL

POINTS
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An example of Y1=f(X1,X2)

Yield
160 4D'D¢ 1’rﬂr'1,5
# Centerpoint
« Factorial Point
40,34 3
40,5
Temperature & 107
40,2
40,6
150 39'3¢ ‘4[],9
50 Time 40

rsml.mtw
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An example of Y1=f(X1,X2)

RSM

DOE ReSUItS Estimated Effects and Coefficients for Yield (coded units)

Term

Constant

Time
Temperatu
Time*Temperat

Ct Pt

Analysis of Variance for

Source DF
Main Effects 2
2-Way Interactions 1
Curvature 1

Residual Error
Pure Error

Total

Effect Coef SE Coef T
40,4250 0,1037 389,89

1,5500 0,7750 0,1037 7,47
0,6500 0,3250 0,1037 3,13
-0,0500 -0,0250 0,1037 -0,24
0,0350 0,1391 0,25

Yield (coded units)

Seqg SS Adj SS Adj MS F
2,82500 2,82500 1,41250 32,85
0,00250 0,00250 0,00250 0,06
0,00272 0,00272 0,00272 0,06

4 0,17200 0,17200 0,04300
4 0,17200 0,17200 0,04300
8 3,00222

P
0,000
0,002
0,035
0,821
0,814

p
0,003
0,821
0,814

Y=40,42+0,77Time+0,32Temperature

Six Sigma | P. P. Balestrassi
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An example of Y1=f(X1,X2) m RSM

Steepest Ascent
t may

. _ require a
Contour Plot of Yield vs Temperature, Time )
160 model of high
order

158 -
£ 156
E 154 -
=

152 - Yield

160

150 T T
30 32 34 36 38 40

Time

Temperature
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An example of (Y1,Y2)=f(X1,X2)

New DOE
rsml_2.mtw
considering also a
new response

— | —
_.hl:lf.l:ll:l:l'-ll:l':ll'_'l"l-ﬁl-l'.l.'ll"m.'l_\

— | -
Ll | T

Time
50.0000
B0, 0000
S0.0000
BO.0000
47 9255
B2.0711
550000
55.0000
55,0000
55 0000
550000
55.0000
55,0000

m RSM

Temperature

160000
1600000
170000
170.000
1650000
1650000
157 9.2
172071
165.000
1650000
TB5S.0000
15,0000
165.000

Six Sigma | P. P. Balestrassi

Yield |Viscosity

B5.3
k.2
k.
k9.5
bd .5
S=Al
k4[]
k3.5
b3
S
k3.5
BY. 4
k9.0

35
34
b
43
a0
44
31
45
a7
34
35
b
a7
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An example of (Y1,Y2)=f(X1,X2) RSM

'stimated Regression Coefficients for Yield

‘erm Coef SE Coef T P

onstant 69,100 0, 3505 197,145 0,000

, Time 1,633 0,2771 5,893 0,001

., Temperat 1,083 0,2771 3,908 0,006

'ime*Time -0,969 0,2972 -3,260 0,014 j
Temperat*Temperat -1,219 0,2972 -4,101 0,005 \(IeICi
Time*Temperat 0,225 0,3919 0,574 0,584

nalysis of Variance for Yield

ource DF Seqg SS Adj SS Adj MS F P
egression 5 45,8925 45,8925 9,1785 14,94 0,001
Linear 2 30,7164 30,7164 15,3582 25,00 0,001
Square 2 14,9736 14,9736 77,4868 12,19 0,005
Interaction 1 0,2025 0,2025 0,2025 0,33 0,584

Residual Error 7 4,2998 4,2998 0,6143

Lack-of-Fit 3 3,4398 3,4398 1,1466 5,33 0,070
Pure Error 4 0,8600 0,8600 0,2150
Total 12 50,1923

Six Sigma | P. P. Balestrassi
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An example of (Y1,Y2)=f(X1,X2)

Temperature

RSM for Yield:

Contour Plot of Yield vs Temperature, Time

170.0

167.5

165.0

162.5

160.0

52.5

55.0
Time

57.5

60.0

m RSM

Yield
< B2

62 - &4
W4 - 66
M- 65
Wcs- 70

= 0

Best Yield~70

for Time~59 and
Temperature~168

69

Yield &6

63

50

o5 160

Time

Six Sigma | P. P. Balestrassi

&0

168

172

164 Temperature

113



An example of (Y1,Y2)=f(X1,X2)

Estimated Regression Coefficients for Viscosity

Term Coef SE Coef T
Constant 35,8000 1,1336 31,580
X, Time 3,8499 0,8962 4,296
X, Temperat 3,0999 0,8962 3,459
Time*Time 0,7875 0,9611 0,819
Temperat*Temperat 1,2875 0,90611 1,340
Time*Temperat 0, 7500 1,2674 0,592

Analysis of Variance for Viscosity

Source DF Seq SS
Regression 5 211,944 2
Linear 2 195,446 1
Square 2 14,248
Interaction 1 2,250
Residual Error 7 44,979
Lack-of-Fit 3 38,179
Pure Error 4 6,800
Total 12 256,923

Adj SS
11, 944
95,446
14,248
2,250
44,979
38,179
6,800

P
0,000
0,004
0,011
0,440
0,222
0,573

Adj MS
42,389
97,723
7,124

F

6,60

15,21

1,11
2,250
6,426
12,726
1,700

(@)
~
(@)
=
NN

(@)
~
(@)
(@)
w

0,382
0,35

7,49

RSM

DOE for
Viscosity

0,

0,041

Y,=35,8+3,85X,+3,1X,
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An example of (Y1,Y2)=f(X1,X2)

Temperature

m RSM

Best Viscosity~35

for Time~60 and
Temperature~168

Time

RSM for Viscosity:
Wiscosity
< 35
- 35 - 40
170.0 * MW 40 - 45
B 45 - =0
[ | = 50
167.5
165.0#
50 |
162.5 -
i sity
40
160.0 - . .
30 -
50
T T » T T
50.0 52.5 55.0 57.5 60.0
Time

Six Sigma | P. P. Balestrassi
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An example of (Y1,Y2)=f(X1,X2)

m RSM

Temperature

Overlaid Contour Plot of Yield, Viscosity

170.0 -

167.5 -

165.0 -

162.5 -

160.0 -

/

/
Region of K_/

Otimization

500 525 550 57.5 60.0
Time

Yield
— 69
mmem 7]

Viscosity

38

42
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Desirability

Combined

For Yield

For Viscosity

An example of (Y1,Y2)=f(X1,X2)

& Desirability
"_\\

i Time Temperat
Dpt['jma' Hi 520711 1720711
cur || [58.7221] [166.1361]
10000 |4 47 9289 157 9289
Yield B N
Ml muim
y = 70.0000
d = 1.0000
YISCosit /
Targ: 400 | ___ /__ ______________
y = 40.0 ]
d = 1.0000
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Mixture

» The Variables are now dependent

e X1+x2+x3=1 (100%)

i’ Mixtures

):2:1 .'-':3=1
l:_ll::l,l..l,ll::lj I:DEDH1J

cantroid (1,0,0)

aclge midpoint

e

(1/2,172,0) (142,0,1/2)

(07,0 (0,0,1)

aclge trisectors

(1,0,00
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Mixture

Create Mixture Design

Type of Design

" Simplex centroid [2 to 10 components]

+ Simplex lattice.  [2 to 20 components)

" Extreme vertices [2 to 10 components]

Number of components: I 3 'I Display Available Designs...

Mixtures

Create Mixture Design - Simplex Lattice Design

Degree of lattice: | Evl

Designs... [~ Augment the design with center point
[” Augment the design with axial points
Components... Process Yars...
. Heplicate Design Points
Options... Results... _ .
* ‘NMumber of replicates for the whole design: | 1 j
" Mumber of replicates for the selected types of points
Point Twpe Deszcription Humber
1 vertex |1
A | B | C | H.ESFI 2 double blend |1
K] triple blend 1
1.0 0.a 0.0 .7 it
1] center point 1
D,E D,E D,D 15.3 -1 agial point 1
05 0.0 05 b9
0.0 1.0 0.0 9.4
0.0 05 05 105
0.0 0.0 1.0 16,4

Six Sigma | P. P. Balestrassi
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Mixture i Mixtures

Mixture Surface Plot of Resp Mixture Contour Plot of Resp

A
1.0

— 10,0
— 11,2
——- 124
— 136
— 14,8
— 16,0
— 17,2

Six Sigma | P. P. Balestrassi
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Quality Detectives < Final words

y —4

“Real life problem solving using statistical methods is
a dynamic process that often is like detective work...
‘Ouality detectives’ follow hunches and get inspired by
evidence collected in conjunction with their subject
matter expertise. Data inspire them to follow new
leads in pursuit of never-ending quality and
productivity improvement. It is with a sequential use
of experimental design and analysis that the real
power of statistics applied to industrial problems is
released. ”— Soren Bisgaard

Bisgaard, Soren. “The Quality Detective: A Case Study.” Center for
Quality and Productivity Improvement. Report No. 32: June 1988.
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