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Summary

Process control is the next frontier in a QA/QC program. Understanding
variation in your process from a raw material, people, process, and
equipment sources can provide insight into issues before they happen.
This workshop is geared toward those already with a basic knowledge
of process control and statistics. In this advanced session, industry
specialists will showcase the tools and methods that are aimed at
understanding how well your process meets requirements and methods
to improve your processes. Speakers will cover how to execute process
capability studies and statistics used to quantify this, normality testing,
t-tests, analysis of variance (ANOVA), and correlation analysis. An
Introduction into measurements systems analysis will also be provided.
This workshop will teach you how to effectively understand sources of
variation in your processes so that these can be addressed.
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Course Pre-Requisites

« SPC Fundamentals
X-Bar &R
IX & MR

Common cause vs Special Cause Variation
Basic Statistics

« Spreadsheet based techniques
Determining Grand Averages
Determining Standard Deviations
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Course QOverview

* Process Capability Studies & How to Improve

« Measurement Systems Analysis
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Software Overview

OIMacros
Excel 2003-2013

(T ER U T 1 O Statisticians Statisticians Green Belts Green Belts
& Black Belts & Black Belts & Black Belts & Black Belts

$229 $1,495+ $1,195 $990+3295/yr $249 $249

GRS Ul Stand Alone — Import Stand Alone - Import Excel Add-in Excel Add-in PG only
Data from Excel Data from Excel PC & MAC

Graphical point and Multi-form interface Multi-form interface Multi-form interface Multi-form interface
click interface (Excel) Proprietary file format ~ Proprietary Files Excel Excel

Minutes Days/weeks Days Days Days
Free online Instructor-based Instructor-based Instructor-based Instructor-based

Wizards with built-in Users have to know Users have to know Users have to know Users have to know

N EERE GIEERGER T S the rules to choose the  the rules to choose the  the rules to choose the  the rules fo choose the

L R LR (AT TR right chart or statistic.  right chart or statistic.  right chart or statistic.  right chart or statistic.
No Wizard No Wizard. No Wizard. No Wizard.

44 Charts, 28 Stats, Common charts and Limited options —DOE ~ Common charts and Common charts
LR AT ET T T uncommon statistics  and GageR&R cost templates and templates
Tool Templates Lean tools cost extra ~ $1,000s more, DOE additional

Clean, crisp, color B/W and Color (v17) Missing features Missing features Missing features
one-click chart Hard to change Excel changes Excel changes

PivotTable and Stat Crossfab & Stattools  Excel PivotTable Excel PivotTable Excel PivotTable
Wizards automate data  {WRVrEIES Mo Wizard Mo Wizard; No Wizards;
mining/analysis Decision-trees only. Chart selection menu  Chart selection menu
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Process Capability Analysis Overview

Normal Distribution basics

Lyapunov’s Theorum

Y=F(X) & DMAIC

Assumptions on Process Capability Studies
X~iid N(u,52)

Determination of indices (Pp, Ppk, Ppm)

Capability 6 Six Pack

DMAIC Road Map to Process Improvement
SPC, t-test, ANOVA, Correlation

Deriving Functional Limits on the X-vars
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Normal Distribution Basics

e Gaussian Distribution

1
f(x)= e S —00 < X <00
W= o

Carl Friedrich Gauss

 Two Parameters:
u — Central Tendency
c — Spread (Variation)
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Normal Distribution Basics

99.73%
I
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Normal Distribution Basics

« Estimation of u

d
1128
1.6593
20559
2326
2.534
2704

 Estimation of &

NQ‘;U‘
R ARET AR = NN A N e
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Normal Distribution Basics

240

Sample Mean

=
Fed
=]

¢

Sample Range

=
1

Xbar-R Chart of TPO1 & TPO2

2

°

Fed
=]
1

- )\ UCL=1596.4
_ ’\_/ \“‘\ /F\ /\ W R=156.3
- \CL=116.2
¥ "
i 4 7 10 13 15 15 72 75
Sample
UCL=69.65
R=21.32
1CL=0
i 4 7 10 13 15 15 72 75
Sample
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Normal Distribution Basics

Frequency

10

Histogram of TPO Data
Normal
Mean 1583
StDev 35,70
N £4
] T
) \
_,-'-"'_H_-‘-- =
ag 120 150 180 210 240
Result 1
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Y=F(X): Underlying principle of 6 Sigma

Consider the Taylor Series Expansion of a function f(x,,X,) about a point (x*,y*)

2
f (Xl’ Xz) = f (Xl*’ Xz*) '*'% (xl*,xz*)(X1 - Xl*) "‘%;XZ) (Xl*’XX*)(Xz - Xz*) ‘*’% (Xl*VXZ*)(X1 - Xl*)(XZ - Xz*)
t of (le’ XZ) (Xl - Xl*)z + of (2X1’ XZ) (Xz - Xz*)2 + ERn
X, (X %) 0, (X5 ,%)
Taylor Series Expansion Approximation Any function f(x)
to the Response Surface can be
R reasonably
/ approximated by
5 the first few terms
N of the Taylor
Process Yield Series expansion
about a point in
— 100 Temperature Set Ptspace within a
DoseRate = % 0w close region
around “X”

YP = BO + ledoserate + BZXtemp + BlZXdosextemp -
The Science of Beer



Systems Thinking (SIPOC Model)

Inputs Output

X-var
( ) Process (Y-var)

x1: (Malt B-amylase}——

x2: (Sacch. rest —>
temperature)

x3: (Sacch rest —>
time) : — (Wort maltose levels)
x4: (Mash pH) —> (Mashing)

x5: (Mash Ca++) —

xp: (other vars) —

* In general, the output variable is a complex function of many input
variables (x-vars). Some input variables we know quite well from brewing
science and some we don't.

« The x-vars are not necessarily fixed (e.g. mash pH) and they also have a
random component to them which may not exhibit Gaussian behavior

 So why is it justified to assume that the output variable (Y-var) are
normally distributed?
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Lyapunov’'s Theorem (1901)

Lyapunov CcLT.” Suppose {X1, Xz, ...} is a sequence of independent random variables, each with finite expected value y; and variance Uf‘. Define

n
2 _ 2
Sﬂ - EJ*.E
i=1

If for some & = 0, the Lyapunov’s condition

1 ZE“XE'—H:'FH] —0
1

T=

is satisfied, then a sum of (X; — p;)/s, converges in distribution to a standard normal random variable, as n goes to infinity:

S—Z -—;L}—}NU 1).

« Brewer's condensed version:

No matter what the underlying distribution of the
iInput variables are, provided that they remain stable,
the output variables will tend to have a Gaussian or
bell shaped curve associated with behavior.
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Assumptions

Y ~iid N(u,02)

Y — output variable we want to study
~ - “Is distributed as”

First 'I': Independence

id": ldentically Distributed

N(u,02): data comes from the same normal
population that has mean p and standard
deviation o
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Independence

|dentically
Distributed

Normal
Random
Variables

Assumptions

Correlation Analysis
within a subgroup and
time series analysis

SPC Charts
(X-bar & R)
(IX & MR)

Normality Tests:

a) Anderson-Darling

b) Ryan-Joiner

c) Kolmogorov-Smirnoff

Not typically performed but heavily
violated in our industry
(TPOs, Fills, CO2)

If SPC charts exhibit out of control
conditions, technically a Process
Capalbility Study is invalid,;
however, there is still merit in
generating the Capability
Histogram / 6 Pack

If processes are in-control but
exhibit non-normal behaviour it is
likely additional sources of
variation are present (filler-valve to
valve)
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First Generation Index: Process Potential (Cp)

LSL USL
L

Specification Tolerance Width

L

Process Spread = 6 ¢

3o | 3o

LNPL UNPL
)

Co— (USL—LSL
60

The Science of Beer



Calculating Indices — Short & Long Term

°
Cp (Short Ter_m) . —
A R z 1128
O shortterm — d_ 3 1.693
4 2089 |<——
(USL-LsSL) e
Cp(ShortTerm) = — & 2.534
O-shortterm il 2. 704

* Pp (Long Term) ( )2
i X. —X
O-Iongterm \/Z Z p(n 1)

(USL-LsL)
6S

Pp(LongTerm) =
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Calculating Indices - Example

* Fills Data (120z (355.0 ml) Cans) n=4
« LSL=350.0mls USL =360.0 mis
« Short Term and Long Term Stdevs next page

. R
O shortterm— S —
d2

O-Iongterm —

(UsL-LsL) Po(LongTerm) — (USL-LsSL)

6Gshortterm 68

Cp(ShortTerm) =
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Calculating Indices

Sample Mean

Xbar-R Chart of Fill 1, ..., Fill 4
I5E.E + » LMOL= 358, 554
357.6 -
2o F=356.151
355.2 -
354,0 |
L1 =353.609
7 10 13 16 19 22 25 28
Sample
& - UCL=7.961
3 6
=
=
4
[ -]
= R=3.450
E
& 2-
o LOL=0
7 10 13 16 15 22 25 28
Sample

Given

S=1.838 mils
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Calculating Indices - Example

 Fills Data (120z (355.0 ml) Cans)
« LSL=350.0mls USL =360.0 mils
« Short Term and Long Term Stdevs next page

: R 349
O-shortterm: d o 2 059 o
2 :

1.40 — S =1.838

Glongterm

Cp(ShortTerm) = (UsL-LsL) = (360.0-350.0) =1.19 Pp(LongTerm) =

6*1.40

(USL-LSL) _ i

Gshortterm
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What is a Good Pp ?

LSL USL
|
: I
if Pp=1 :
= 600 germ = (USL— LSL) l
|
= l
. LSL USL
If Pp =05 I |
= 60 jgngerm=2*(USL—LSL) |
— I
|

[NPL T T UNPL
The Science of Beer



Calculating Indices

« Pp/Cp only measures “Potential”

SL us

L
l
l
l
l
l
l
l
l

_—_—_—_—r

—I—.I—
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Calculating Indices — Ppk/Cpk

« Compare the distance SL U

from the mean to

L L
l
I
each specification, |
l
I
l
I

S
l
I
l
I

‘I
|
Short Term Long Term
. [ X- . X . (X- s (usL—X
¢, = X LsL ¢ —|UsL-x b - X - LSL b -
3Gshortterm P 3o shortterm 3S 3S

¢, | Ppk =min{P, B |=

pl? " pu

normalized
to 3 standard
deviations

Cpkzmin{é

pl?
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2nd

. [ X-LsL
Co=|z=%
3Gshortterm

épkzmin{é

Generation Index: Ppk & Cpk

Capability Histogram

pl?

)

e

320 352 3534 356 338 360

Co

Cou |

USL-X

Lsasho rtterm

I5pk=min{l5 P }:

pl? " pu
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2"d Generation Index: Ppk & Cpk

Capability Histogram

Al

320 352 354 356 358 360

&l (X— LSLJ : (356.151—350.00

X —LSL) 356.151—350.0
g ¥ _1.12
il 3%1 40

! P
j %0 i 3S 3*1.838

shortterm

- 518 [USLx] E (360.00—356.151) Taganes US'S—SX} : (360-221—;3:2151) B 2
e 3O/\-shortterm 3*1.40 '
Cpk =min{1.46,0.92} = 0.92 Ppk =min{P,,, B, =0.70
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Introduction to the Capability 6 Pack

Process Capability Sixpack of Fill 1, ..., Fill 4
Xbar Chart Capability Histogram
* UCL=353694 T ——
- 53 [ I Specifications
3 A " ,\" _ | | 5L 350
& 355 ¥=356.151 Target 355
5 >e | | usL 38D
3 | |
&= e — — LCL=353508
1 4 7 0 13 16 189 | ;| 28 I[M IM 34 3|/ I 390
R Chart Hormal Prob Plot
a. T AD: 0.229, P: 0.805
AN e AA N
2 ¢ R=3400
& ’
0 — — — LCL=0
1 4 7 10 13 16 189 2| 2| 28 LN 353 350
Capability Plot
Wthin Within Cramra
Shey 1655 Shey 13538
[ nssE Po =2l
e 076 Crwerall Pk 070
PP 1IT7IS 5 (i oFr
y y Pl eem 1zserce
Spers
+—t
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Testing Normality

The Anderson-Darling test is defined as:

H,: The data follow a specified distribution.
H,: The data do not follow the specified distribution
Test The Anderson-Darling test statistic is defined as
Statistc: o
A= —N— 5 where
i (2 — 1)
§=Y 5 mF¥) + (1 - F(Yupr))
i=l

F is the cumulative distribution function of the specified
distribution. Note that the Y, are the ordered data.

Blah Blah Blah Blah Blah ....................
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http://www.itl.nist.gov/div898/handbook/eda/section3/eda362.htm

Testing Normality

« P-value Is the only thing to worry about

Rule:

Capability Histogram
|_.:

Specifications
LSL 350
Target 355
UsL 360

350 352 354 356 358 360

Normal Pr
AD: 0.22¢, P: 0.805

350 ' 355 ' 360

if p-val < then assume
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Watch out for Qutliers

Testing Normality

Aequency

200

150 4

—

=

=
L

304

Histogram (with normal curve of CO2 data

Normal

......

2.70

2.76

2.62 2.88 2.94 3.00 3.06
C02 Result

Percent

09.99

99 -
a5 -

80 4

a0 4

20 4

0.01 4

Probability Plot of CO2 data
Mormal - 95% CI

F-Value LR

2.6

2.7

2.8 9 3.0 hil
C02 pésult

Data looks to be normally distributed with some outliers,
and this most likely influenced the AD test statistic.
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What are Good Ppk/Cpks

LSL

C
—

« If Ppk> 1.33 then it
can be demonstrated
that the process average
IS 4 standard deviations
(long term) away to the
nearest specification

- —————— = =)

« Ratio Ppk/Cpk:
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One-Sided Specifications

« Common to have only one specification In
brewing (Eg SO2, VDKs, TPOSs)

* If a specification does not exist then do not
calculate the one side index and assume it is

very large (o)
~ [ X-LSL s [USL—X
P"':[_ss J Pp“:[ 35 J

Ppk = min{oo, P.. }z P

pu

Minitab exercise: Set LSL=0
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,,
wn
Tm =

Example One Sided Specifications

Process Capability of VDK poor :
USL

—— Within
— — — Overal
Potential (Within) Capabiity
e Ppk = 0.75
CPL 215 L]
CPU 072
cpk 072
Overal Capabiity
Pp 148
PPL 222
PPU 075
Ppk 075
Cpm *

ofFf-——————_—_—_———_——_—_—_————C

j | * Process Capability of VDK good ©
L USL

in
]

10 20 30 40 50 60 70 — 1 — wen
: — —— Overal
: Potential (Within) Capabifty
| o 207
- | L 152
| U 2.62
- | Cpk  1.52
‘\ : Overal Capabiity P p k j— l R 33
| PP 176
I PPL 1.30
| PPU 223
u : ok 1.30
N | Cpm *
I
X ! Process Capability of VDK excellent
. | LsL usL
T T T T T T T T T T -
0 4 50 6 || n | (T e
\ \
I I Potential (Within) Capabiity
} } Cp 259
| / | CPL 0.83
| _I}/ | CPU 435
\ [ Cpk  0.83
} } Overal Capabiity
\ | Pp 270
\ \ PPL 0.86 Ppk - O 86
\ \ PPU 454 -
} } Ppk  0.86
/P | Cpm =
\ \
I \
| \
: |
0

! . y . . .
0 10 20 30 40 50 60 7
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Sample Size Requirements

O Guirguis & Rodriguez (1992) derived exact lower
confidence limits for Cpk. An exact 100 y %
lower confidence limit for Ppk is the solution for
C that satisfies the solution to the following

y = Q[sélen_,scKJn_, 6C g ~m -1 ,w}
3(Cpl + Cpu)
—Q[—Sépu«/n_,—SCK\/n_, 0C x v — 1 ,w] f

S(épf + épu )

b X
Q(t,5,a,b)= L - jcp X _s5|x"?e 2 dx £50 total
n-1),%° n-1 . :mym O ]
- |2z 2 Minim .nts i8S
where ®(*) denotes the cumulative normal distr. function. recomme
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Improving Process Capabillity

« Examples

o Statistical Tools to Understand Sources of
Variation

- t-tests for mean centering
- ANOVA

- Correlation & Regression
- Setting Functional Limits
- 1/10O QFRs
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Example 1: Unstable Process

Process Capability Sixpack of Result 1, ..., Result 4

¥Xbar Chart Capability Histogram
. - - ;- - L=
| | || | Specifications
| | [t 3s13
| | _-E"EET LU
LIsL 30,3
| |
In0 35 I+ O 3INE I8 380
Normal Prob Plot
A0 0,313, P 0.548
1 13 25 a7 L] &1 73 a5 a7 173 350 355 350
Capability Plot
AT Within Cramra
Sy 1UFTO ey 151T
_g o z = o=
- Cos 0SS Creersll Prw OUTL
= ™ P 543403 Com 0TS
0 : AEM LSEOH4E
3|14, . i — . Specs
a5 100 105 110 115
Sample y y
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Example 1. Unstable Process

In this situation, the process is being influenced by
special cause variation

Because of this determining any process capability
Indices or attempting to adjust the mean is meaningless

A X — LSL s |_[USL-X
Ppui{ 51 J P ¥ [ 35 1 j

Ppk = min{ P P, }:
You should always first understand what are the root

causes of this excessive variation is and eliminate out
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Example 2: Off Target

|t does appear the process is off center;
however, do we know if this Is statistically

significant? T

18 UsL

A
Al

350 352 354 356 358 360

« Use Gosset’s t-test

The Science of Beer


http://www.google.com/url?sa=i&source=imgres&cd=&cad=rja&uact=8&ved=0CAwQjRwwAA&url=http%3A%2F%2Fen.wikipedia.org%2Fwiki%2FGuinness&ei=KQ5nVfPCOoG-sAXA_4DoCw&psig=AFQjCNFakpCg0851nzholBZxKka_B_ZXDQ&ust=1432903594048883

Example 2: Off Target

o t-Statistic [ }
fx X —

Y

* uy = Target value we desire

e Software p-value
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Example 2: Off Target

Lo = 355.00 mis
S =1.838mls. X =356.15mls
n=120

%)

X —u, | | 356.15-355.00
1.838 B
f J120

Excel QI Macro Demo

A:

Ay = X — g1, =356.15—355.00 =

Software p-value
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Example 2: Off Target

Lo = 355.00 mis
S =1.838mls. X =356.15mls
n=120

X —u, | | 356.15—355.00
* —
[ } [ e } 6.85
Jn J120

Excel QI Macro Demo
A Ay =X — 1, =356.15-355.00=1.15

Software p-value
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Example 3: High Variability

14

Sa i phe R e

Va

Process Capability Sixpack of Fills 1, ..., Fills 4

Capability Histogram
- Tt

Xbar Chart

7 W {3 15 18 =B X M

R Chart

7 N B3 15 ©8 2n X N

Last 25 Subgroups

Ll =1473

L s
I ml I Specifications
| | 5L 350
| sl 360
343 351 354 357 380 383
Mormal Prob Plot
A0 0,250, P: 0,608
ks 352 350 353
'Eapabl'h"l'lll' Plot
Ty -'.'ili'tl'lil'l Cramra
Shey 3135 Sy 3106
] 053 i 1] 052
i 042 Creerzll 3.4 4=
PP L4513 20 i sz
sFM 11ZIE3ER
Spercs
+—t—
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Example 3: High Variability

 Critical X-var Error Propagation
Y-

y
V

ar

> var
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Example 3: High Variability

« X-variables that exhibit high degree of
variability and known to influence the
output of the process need to be controlled
tighter:

a) PID Controls

b) SOPs

c) Raw material specifications
d) consolidation of suppliers
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Example 4: Valve to Valve Variability

Capability Histogram
LSL
| Specifications
: USL 175
|
|
|
25 50 75 100 125 150 175 200
Normal Prob Plot
AD: 7.480, P:
e * |, Upper tail appears to have

|
\\ humps (multi-modal) and a

skew to the right side of the
distribution

0 " 100 200 300
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Example 4: Valve to Valve Variability

* When multiple process streams feed one
general process, tools such as One Way
ANalysis Of Variance (ANOVA) can be used to
data mine if certain streams are sources of
variability

Eg: Fermentation Vessel Type, Capper Elements, Filler Valves,
Seamer Heads

Ho o =py, 1#)
H , : at least one y differs

 Individual Plots by Head
« Example Using Minitab TPO by Valve.MPJ
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Example 4. ANOVA
F-Test

_Variance between treatments
Variance within treatments

F*

$fr.]

J -

]

1
BN (Xij_x_j)2
ZJ:Z J(n; -1

One-way ANOVA: TPO versus Valve

Source LF 33 M3 F

Valve 164 184390 1124 2.33 0.0001
p'Va Ue Error 1382 667131 483

Totel 8535 851521
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Example 4: Valve to Valve Variability

Individual Value Plot of TPO vs Valve

. Worst
Valves:
71

45

50

37

2350

200

150

100 Best

Valves:
139
138
: 129

a0
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Example 5: Y=F(X)

EOF SO,

Preliminary Capability Study on Y
Collect data on suspect X's
Study Correlations

Optimization

Setting Functional Limits

Gage Errors
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Example 5: Y=F(X)

Irwfru b | Vo e

Mo e RLa nepes

W et

15

p L]

15

Process Capability Sixpack of EOF S02
Capability Histogram

I Chart

-

4 11 13 15 17

Mowing Range Chart

19

2

9 41 13 15 17

Last 25 Observations

13

21

UCL=3141

=1

=1356

LOL=—428

UCL=2192

MR=571

CL=a

L=

Cpecifications
sl 175
4 5 10 15 =20 25 3
Mormal Prob Plot
A0 0.6, P: 0BT
-
a 10 20 30
Capability Plot
=l .l'ilithirl Cramra
Thew  EE4S T 5TEE
oo =z
[ ozz [}'\'E'-E" Pk oz=
R ZTHOTHLS e
FEM ZHE4HOHLT
Specs
—
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Example 5: Y = F(X)

« What Is required to get this process capability
Improved?

X4

X5

-

=FAN +:ttu+n o
- 06 _

X3=

) —
=(18:2
=n Y=EOF SO2 Oxygen
X6=DO

X7 =

¢

Trub %

504

X8=Viability X-Vars

X9=

WP #

X10=0QC Tech
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Example 5: Y = F(X)

WP n DO Trub  |FAN Viability |SO4 0G C18:2 |QCTech EOF 502
Al 170.78 14.52 1.37 199.26 87.48 86.91 15.95 2.50|Betty Jean 15.35
Al 146.35 16.40 2.09 229.50 91.85 75.04 15.90 1.98|Betty Jean 13.55
Al 123.97 15.44 1.10 222,52 84.88 70.23 15.99 1.96|Betty Jean 21.21
Al 168.59 12.30 0.73 222,21 92.93 75.01 16.02 3.60|Betty Jean 11.50
Al 151.68 9.93 0.04 228.00 86.12 75.37 16.06 0.84|Betty Jean 31.98
Al 149.28 17.32 1.18 213.54 87.75 B5.44 16.16 2.20|Betty Jean 14.37
Bl 145.40 18.00 3.28 243.02 89.13 81.81 16.01 1.97|Betty Jean 9.07
Al 164.73 11.74 1.70 219.52 87.87 79.68 15.98 2.52|Betty Jean 16.73
Al 163.97 16.19 0.98 22587 92.62 88.21 15.94 1.86|Betty Jean 18.15
Al 166.13 14.30 1.20 217.99 89.60 93.41 16.09 0.86(Tim Wood 16.50
Al 130.32 19.62 0.70 226.41 86.21 72.37 16.04 1.72|Betty Jean 14.53
Bl 161.30 17.19 1.23 220.58 88.11 78.44 15.92 1.69|Betty Jean 8.72
Bl 175.50 14.13 1.26 217.68 91.73 82.56 15.85 0.84|Betty Jean 16.55
Bl 156.73 17.28 1.73 238.27 92.11 80.53 15.83 2.41(Tim Wood 3.20
Bl 165.19 12.50 1.74 206.03 86.70 79.14 16.18 1.84|Betty Jean 12.97
Bl 150.92 15.07 1.20 210.54 89.08 79.80 15.88 0.75(Tim Wood 16.06
Bl 168.88 15.86 1.98 224.46 88.11 82.13 16.26 1.32|Tim Wood 11.07
Bl 156.17 13.36 1.97 222.67 88.17 73.11 15.89 1.89(Tim Wood 14.86
B2 164.59 14.43 1.63 206.19 91.50 76.85 16.00 1.98|Betty Jean 13.45
B2 138.29 14.88 1.43 230.53 87.68 75.36 15.89 2.22|Tim Wood 11.08
B2 171.97 17.91 2.96 201.94 84.90 71.72 16.02 1.42|Tim Wood 8.14
B2 178.31 15.44 2.64 206.19 87.32 77.02 15.81 2.41(Tim Wood 7.32
B2 129.61 13.79 1.18 219.57 88.82 71.05 15.97 2.37|Tim Wood 13.99
B2 148.75 15.21 2.92 218.03 90.09 73.11 16.01 3.23|Tim Wood 3.26
B2 150.57 13.36 1.26 201.45 90.09 76.82 15.94 1.54(Tim Wood 15.48
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Example: Y = F(X)

Correlation Analysis using Software
Graph Y (SO2) versus Continuous X-vars
Correlation Coefficient

anxiyi_ an:xjn[znl:yj
] = R
N 1 )
Test Statistic T m~t




Example 5: Y = F(X)

* Exercises: QI Macros Correlation

CORREL |Zn DO Trub FAN Viability (SO4 0G C18:2 EOF SO2
Zn 1.000 -0.208 0.201 -0.418 0.239 0.525 -0.001 -0.063 -0.180
DO -0.208 1.000 0.367 0.218 -0.052 -0.100 -0.046 -0.014 -0.530
Trub 0.201 0.367 1.000 -0.029 -0.038 -0.008 -0.077 0.214 -0.697
FAN -0.418 0.218 -0.029 1.000 0.233 0.025 -0.079 0.069 -0.023
Viability 0.239 -0.052 -0.038 0.233 1.000 0.367 -0.314 0.231 -0.234]
SO4 0.525 -0.100 -0.008 0.025 0.367 1.000 -0.037 -0.284 0.035
0G -0.001 -0.046 -0.077 -0.079 -0.314 -0.037 1.000 -0.092 0.165
||C18:2 -0.063 -0.014 0.214 0.069 0.231 -0.284 -0.092 1.000 -0.484
||EOF SO2 -0.180 -0.530 -0.697 -0.023 -0.234 0.035 0.165 -0.484 1.000
p Values |Zn DO Trub FAN Viability [SO4 0G C18:2 EOF SO2
DO 0.318 0.295 0.805 0.633 0.826 0.946 0.006
Trub 0.334 0.071 0.858 0.971 0.713 0.304 0.000
FAN 0.037 0.295 0.889 0.906 0.707 0.744 0.913
Viability 0.250 0.805 0.858 0.263 0.127 0.266 0.259
SO4 0.007 0.633 0.971 0.906 0.071 0.169 0.870
0G 0.996 0.826 0.713 0.707 0.127 0.861 0.430
||C18:2 0.765 0.946 0.304 0.744 0.266 0.169 0.661 0.014
"EOF SO2 0.389 0.006 0.000 0.913 0.259 0.870 0.430
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Example 5: Y = F(X)

Matrix Plot of EOF S02, Zn, DO, Trub, FAN, Viability, S04--, 0G, C18:2

140 180 120 oo 1S 30 24 — az
= - '-l |-

e v "'ﬁ-'r"'!'..-'.‘."?-_.:-n:?Ly!a \.,' ‘I';# q.
: o e P-' f-'- "q? N
:._;;,.E;'-.ﬁ.-.a@___.. .
Nl B e ::7:-*.-;!"-...-& :-.:-ﬁ'_;ii
LN = ﬂ.‘ ‘.‘ -;?::: 2
o SVl * 4 e 0 e

ﬁ. 1 j -l'- ﬂ‘_]::

P, ,!.‘
= ms -iﬁ T

Bragel = % T

H

.
. " | c1E:2

q I T T
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Example 5: Y = F(X)

¢« SO2vs C18:2

35.00 EOF SO2

30.00

25.00

y =-3.9678x + 21.179

20.00

L g
‘Q\, * ¢ EOFSO2
15.00 * *

L PN Linear (EOF SO2)
L 4
3 . ¢
10.00 .
P 2

L 4
5.00

2 2
0.00 T T T T T T T 1

0.00 0.50 1.00 1.50 2.00 2.50 3.00 3.50 4.00
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Example 5: Y = F(X)

Breyfoqgqgle’s Approach
y1ogg PP SI'H;LESMIE(N;TIbNdGA

Sooner Sekmony’ [hing

Example of Determining Functional Limits Sutctod s

OALike = 6.17018 + 0.0516014 2-METH-1-PRO

8 ] .
»

USL=7.8 -

Overall Like

7 p—
LSL=6.8

— Regression

5 N (- 95% Cl

' I"LFL=15.5 ' UFL= 255
5 15 25

2-Methyl-1-Propanol
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Setting Functional Limits

« Simple Linear regression models yield a basic
relationship

example

y=mx+Db
 If we know the tolerances for y, we can solve for x. For

If

= X =

m—

y=mx+Db

(y—b)

X

m
Z'y—b

P,

Key Point:
If we plug in the USL, we
can get a specification for X

If we have a target for Y then
we can derive a target for X
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Setting Functional Limits

Y-
var )
USL 12l We can project
0. down to the x-axis
OQ/ O and arrive at
0.~ O specifications
Target o
10
o .-
//,// O
9% o
LSL —"0O
X-
" var
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Example 5: Y = F(X)

« Mathematical Approach

The Science of Beer



Example 5: Y = F(X)

e EXxercise
USL, =17.5
B, =-3.97 T, = =
b=21.18 D,
Determine Tolerances:
o, < (USLVA_ 5)_ 7, +30,
4,
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Example 5. Y = F(X)

e EXxercise
USL, =17.5
TY — 100 T _b A
B, =-3.97 T, =[ ! j= Sl =2.816
b=21.18 P, —3.97
Determine Tolerances:
USL — i
G, < ( / ) =(17'5 10) —0.472
4|8, 4*3.97

7, +30, = 2.81+1.42=1.39,4.23
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Example 5: Y = F(X)

* Review Process Capabillity of Critical X-vars

Process Capability Sixpack of C18:2

I Chart Capability Histogram
4 ] _|':_=-4.':|'9-‘| LN T g -
F I I | | Specifications
]
e | L. | | (s 13s
_g 2 ¥=19119 J" | | Target .51
2 UsL 423
2 I
o LOL=-0.256
1 3 5 7 9 11 13 15 17 18 2 B[’ 25 05 10 15 20 25 30 35 40
Mowving Range Chart Hormal Prob Plot
E LOL=2572 A0 0434, Py 02TE
2
=
2, _
i i MA=03818
d ; - - - - - - - - - - - ] LOL=0
1 3 5 7 9 11 13 15 17 19 21 . 3. 15 340 45
Last 25 Observations Capability Plot
L = .'.‘ilithil'l Cramra
34 - Soew  0FEE ) ) || =z oTmsl
- - - - (] OLES ! ! I E" 0&T
'g 24 &g *a - -n * Coic O34 Owerall Poic 0I5
= L - PR ZII4LOOT Coen 04D
1 - . t t Follmem zzvzzzoas
1 - - - -
T Specs
5 10 15 20 25
Oibservation A
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Example 5: Y = F(X)

 Trub Functional Limits

EOF SO2

35

30

25

20

15

10

Fitted Line Plot
EQF S02 = 22.06 - 5.349 Trub

- —b .
=[50 (10.0 22.06) o
B, —5.349
> - * - -
* - d I - Target = 10
:\
> | >
I
III.IIII III.IS 1.IIII 1.I5 2.'I:| 2.'5 3.'I:| 3.'5
Trub (%)
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Example 5: Y = F(X)

X-variable SPC
Center Line set as Target

Individual Yalue

I Chart of Trub

UCL=4.281

WN=2_25

LCL=0.219

7 o 11 13 15 i7 1 21 23 25

Observation
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Example 5: Y = F(X)

« Two categorical variables
Whirlpool & QC Tech

« To understand if there are potential relationships
we apply

« Minitab exercise

The Science of Beer



Example 5: Y = F(X)
* Whirlpool Effect

Individual Value Plot of EOF S02 vs WP
35 -
One-way ANOVA: EOF 502 versus WP
. Source DF S5 MS F =
301 WP 2 248.9 124.4 4.92 0.017
Error 22 556.5 25.3
25 - Total 24 805.4
S =5.020 R-Sq = 30.20% R-Sqg(adj) = 24.62%
[ ]
o 201
[Fy]
h 15 -
10 -
5_
L L
I:I_ 1 1 1
Al B1 B2
wpP
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Example 5: Y = F(X)

Technician Effect

Individual Value Plot of EOF SO2 vs QC Tech
= One-way ANOVA: EOF SO2 versus QC Tech
® Source DF SS MS F P
30+ QCTech 1 129.5 129.5 4.41 0.047
Error 23 675.9 29.4
25 Total 24 805.4
S =5.421 R-Sq = 16.08% R-Sq(adj) = 12.43%
oN 20_
? °
L.
@ 15- !
10 °
] ®
$
5
o
0_ 1 1
Betty Jean Tim Wood
QC Tech
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Input / Output Matrix - Example

Process Outputs
Damaged/
missing
Boilers  |Fill heights| TPO CcO; crowns | Torques | Cnmps | Rejects

Jetter pressure stream X X X X X

Jetter position X X X X

Crown chute twast / wibrator X X

Lift cylinder lube X

Lift Cylinder Pressure X X X X X

Alr control pressure X

Filler speed X X X X
2 COZ counter pressure X X X X
= |Crown air jets X X
£ |Beer temp. X X X X
@ \Purge Cam X X X X
E spreader Rubber X X X
nE. Bowl levels % X X

Cl: volume X X X X X

Center Cup Seal X X X

Inches of vacuum X X X X X

Yalve performance X X X

Beer leaks X

Beer Pressuie X X X X

Crown extractor position X

Crowner height X X
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Input / Output Matrix- Exampe

PROCESS INPUT MONITORING SHEET (PIMS)

INPUTS

Standard / [Trigger]

Frequency

Impacted Outputs

Jetter pressure

COs 0-211-348 & 0-211-385
120z = 80-100 ps=i [<50 or =100]
22oz = 50-60psi [=50 or =60]

Curing samples for fillsd/TRPO (every 4 hours)

Boilers, Fill Height, TRPO, CO2, Rejects

Jetter stream color

Clear [Mon clear] Straight stream
[Fanning ar stream at angle]

During samples for fillsd/TRPO (every 4 hours)

Boilers, Fill Height, TRPO, CO2, Rejects

Jetter position

Cas 0211385

Centered side to side & wertically
above bottle. Mo fanning of jetter

spray [TFO out of spec.; Position
incorrect]

During samples for fills/ TRPO {every 4 hours)

Boilers, Fill Height, TPO, CO2, Rejects

Crown chute twist £
wvibrator

Fero jammed crowns; 100% proper
arientation  [1 jammed crown;
improper orientation]

Oncelshift; Ater changeover

Damaged-missing crowns, Rejects

Lift cylinder lube

Qilflube present in plastic sight
glassAube [Minimal oil present]

Start up

Rejects

Lift Cylinder Pressure

A0-60 psi [=40 or =60 psi]

COncelshift; After cfo; After maint. day

Boilers, Fill Height, TPO, 02, Rejects

Air control pressure

B0 - 70 psi [<60 or =70psi]

Oncelshift; After ofo; After maint. day

Rejects

Filler speed

120z = 1050 BPM [=1050 or =1050
EFM] f 220z = 560 BFM [<560 ar
=560 BPM)]

Start-up; After changeover, ongoing ochservation

Boilers, Fill Height, TRO, 02, Rejects

C0O: counter pressure

30 psi +~ 2 psi [=28 psi or =32 psi)

Start-up; After changeover, ongoing ochservation

Boilers, Fill Height, TRO, 02, Rejects

Crown air jets

Air jets functioning & holding crowns
in place [1 blocked air jet]

Dwuring start-up shift; ongoing ohservation

Darmaged-missing crowns, Rejects

Beer temp.

34 ta 36 degrees [<=32 ar =40
degrees]

Start-up; After changeovers; Exception basis

Boilers, Fill Height, TRPO, CO2, Rejects

Furge Cam

Full cylinder stroke [Fartial cylinder
stroke]

Qncelshift; After cfo; After maint. day

Boilers, TPO, CO2, Rejects

Mo tears or damage and set at
correct height [“isual inspection

Spreader Rubber . Baoilers, Fill heights, Rejects
reveals damage or being out of
position] Start up; During vent tube change
At 55% on HRI - Should be 50%
Bowl levels covering sight glass [Auto stops Start-up; After changeover, ongoing observation |Boilers, Fill heights, Rejects
bottle stop at 35%]
Oz wolume A40-50 scfm [=40 scfm] once per shift; exception basis Boilers, Fill Height, TRO, 02, Rejects
Mo damage or foreign objects [“isual
Center Cup Seal inspection reveals damage ar foreign Boilers, Fill heights, Rejects
ohjects] Maintenance day; During venttube change
Inches of wvacuum iznzcénecsr}es or higher [lower than 22 ance per shift Boilers, Fill Height, TPO, Rejects
“walve perdformance Fero boilers [1 boiler & revaolution] Cnce per shift; exception basis Boilers, Fill heights, Rejects
Cas 0-211-380
Beer leaks Fero leaks [1 leak] o
Beer Pressure 85 psi [= 595 psi - = 95 psi) Start-up; After changeover, onaoing chservation |Boilers, Fill Height, TRPO, CO2, Rejects

Crown extractor position

Fero damaged crowns [1 damaged
crown S 100]

Once per shift

Darmaged-missing crowns, Rejects

Crowner height

Setat0.125" compensation with 0.125"
piece of key stock and bottle with crown
[=1.125" ar=1.145"]

After crowner height change; Exception basis

Torgues, Crimps, Rejects
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Measurement Systems Analysis

« Gage Repeatability and Reproducibility Studies

* Repeatabillity:
That component of gage error that is the direct
result of instrument variability

* Reproducibility
That component of gage error that is the direct
result of technician to technician differences
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Measurement Systems Analysis

* True Case Study

Dotplotof FTW S02 & EDN S02 on 15 ppm Standard

L
FTW S0 -——% % & 4888 &% § L B 1]

L2
ECHN 5C2 T - . - » r % 44 gas e @ :
14 15 16 17 18 13 20

Data

L1l

True Result (15.0)
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Measurement Systems Analysis

Key Point: Accuracy deals with the

ACCUFacy Measurement Systems ability to be
close, on average, to the actual value

Accurate? Accurate?

Accurate?
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Measurement Systems Analysis

Key Point: Repeatability deals with

° Repeatab|e the Measurement System S ab|I|t_y t_o
measure over numerous trials within a
limited range of variation
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Measurement Systems Analysis

Key Point: Reproducibility deals with
the Measurement Systems ability to

° ReprOdUClb”lty reproduce results between labs,

instruments, or analysts (people)

3

Note: each # represents a QC Technician
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Measurement Systems Analysis
 Mathematical Model

Y = X + ¢
T T i

Lab Result Actual Unknown Value Error introduced by the
from the process measurement system
Actual X
Lab ResultY
A
 Assume —— NG
/ 2 \
e~ IIDN@W,o) |,
N\ -~_~
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A Measurement SIPOC System Model

INPUT VARIABLES THAT DRIVE

COMMON CAUSE VARIATION OUTPUT =
MEASUREMENT
TEMPERATURE
PRESSURE RESULT
VIBRATION Mesurement
SAMPLE PREP Process Y
INTERNAL STANDARD
ADDITION
VARIABILITY IN
BUFFERING
SOLUTIONS SPECIAL CAUSES THAT
COMPRIMISE INTEGRITY
OF RESULTS

FAULTY SENSOR BETTY JEAN

NOT FOLLOWING
INCORRECT  g0ps

CALIBRATION
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Measurement Systems Analysis

« Variance Components

2 2
gage Grepeatabilty

f

Instrument Analyst

+o°

o reproduciblity

« Experimental Design: Gage R&R Study
estimates these components of error by having
the same sample measured a few times each by
a few different operators, and
conducting that for a representative
set of samples that would encompass the
natural process variation
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Measurement Systems Analysis

« Methods of statistical analysis
A) X-Bar & R Method (Traditional)

B) ANOVA GLM - Method (Montgomery)

« Standard Deviation Components are determined
by the R-bar/d, method

d2
1128
1.693
20559
2326
2.534
2704

O M| | W RS
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Measurement Systems Analysis

« X-bar & R Method
Betty Jean Tim Wood Eric Samp
IAverage-
IAverage- IAverage- IAppraiser
Sample [Trial 1 Trial2 Trial3 Appraiser 1 [Rangel Trial 1 Trial2 Trial3 Appraiser 2 |Range2 Trial 1 [Trial2 Trial3 3 Range3
P1 10.2 10.3 10.1] 10.20 0.2 9.8 9.9 10.1 9.93 0.3 9.7 9.9 10.2 9.93 0.5
P2 7.6 7.9 8.2 7.90 0.6 8.3 8.1 7.8 8.07 0.5 8 8.2 7.9 8.03 0.3
P3 12.3 12.7| 12.4 12.47 0.4 11.8 11.5 11.9 11.73 0.4 11.7 11.6 120 11.77 0.4
P4 11.1 11.3 11.4 11.27| 0.3 10.9 10.8 10.6 10.77| 0.3 10.6 10.9 10.7 10.73 0.3
P5 9.5 9.7 9.5 9.57 0.2 9.3 9.1 9.4 9.27 0.3 9.3 9.4 9.5 9.40 0.2
P6 10.6 10.4 10.3 10.43 0.3 10.3 10.2 10.4 10.30 0.2 10.2 10.4 10.20  10.27 0.2
p7 8.3 8.2 8.5 8.33 0.3 7.8 8.1 8 7.97 0.3 8 8.2 7.8 8.00 0.4
Ps 10.3 10.2 10.5 10.33 0.3 10.3 9.9 10.1 10.10 0.4 9.8 10 10.20  10.00 0.4
P9 11.3 11.2 11 11.17| 0.3 10.9 10.8 11.1 10.93 0.3 11 11.2 10.8 11.00 0.4
P10 15.8 15.4 15.2 15.47 0.6 14.1] 14.3 14.4 14.27 0.3 14.1 14.2 14.5 14.27 0.4
X-bar1 R-barl Xbar2 Rbar2 Xbar3 Rbar3
10.71 0.35 10.33 0.33 10.34 0.35
_ R:i+R2+Ra
R 3 (0.35+0.33+0.35)
Cramibiy = =| ooz | 3e1ees LoD
2 . .
R, peraior = MaX{X 1, X 2, X s j—min{X1, X 2, X3 /=10.71-10.33 =0.38
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Measurement Systems Analysis

* Determining the components of Error

2 A2
R o _
6repmducmnty _ ( operatorj . repeatabity _ 01953
d, pr

o w = 0.2028

repeatabilty

« Determining Gage Error

—./0.20282 +0.19532 =0.2816

gage — \/ repeatabllty reprodumbllty
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Measurement Systems Analysis

* Guarantee: *2*oc,,=10.56

e R Chart

Range of Parts by Appraiser

|||||||||||||||||||||

mmmmmmmmmm E = ™M= w0 @i/ g« ™ O =10 0 M~ooo

I:LI:LI:LD_D_I:LI:LI:LELE:ELELD_ELD_D_ELELD_E:D.I:LI:LI:LI:LELELELELE:
4] 4]

Appraiser 1 Appraiser 2

Appraiser 3

w

—— Senies

—— UCL
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Measurement Systems Analysis
X-bar Chart

Averagge

Part by Appraiser Plot

18

18 T

I / . / A Z

f|l 1‘k\ & = ."'l .l-r",r' ."r *
NV N WV NV EE
.
gl —LCL
44
Is Out of Control a bad thing here ?
2--

0 } } } } } } } } } } } } } } } } } } } } } } } } } } } }
@ v @ Bppdisel @ P o & @ v @ ghratez® O P P P & @ Hppedisepd o g
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Measurement Systems Analysis

e |nteraction Check

Part by Appraiser Plot (Stacked)

18 +
Observe if each
©1  line is parallel ,
—&— Average-Appraiser 1
14 1+ Y —&— Average-Appraiser 2
% —=2— Average-Appraiser 3
©
% 12 1 UCL
f\_ ——— XCL
// 1A —— —_—
v s \\/&\//ﬁ/
8 AV
6 f f f f f f f
P1 P3 P4 P5 P6 P7 P8 P9 P10

P2 _
Appraiser 1 Part Appraiser 3
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Measurement Systems Analysis

 What do we do with the data?
Q1: Is my measurement system adequate for
the tolerances | am working to in the process?

P 5150,
= 2 *100%
T USL-LSL

If P/T>30%then ..................

Gre o .
Note: Careful Review of the ratio —==  will

Grepeat

direct us towards where most of the effort is
required to improve overall gage error
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Measurement Systems Analysis

Q2: How adequate is my instrument from
discriminating between process variation and

Instrument variation?
Variances (not standard deviations)
are additive just like sides of a triangle

2
9 data

gage

2
Y process

Gp rocess

Intra-class correlation coefficient »=

data

As p — 1.0 = No Gage Error Exists !!!!

The Science of Beer



Measurement Systems Analysis

« Consider an example where we test a few
samples from our process

* Lets suppose we retested each of these
Samples Test Retest

19.60 20.20

21.30 21.00
20.40 20.90
18.90 19.60
20.80 20.40
18.50 18.70
20.40 20.70
21.60 21.90
20.30 20.00
18.60 18.90

 Plotted Retest vs Test on an X-Y Scatter
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Discrimination Ratio

Retest

Scatterplot of Retest vs Test

Ez_kl represents length of the major axis

and corresponds to the true product

. |variation, Oy qc-

A, represents the
length of the minor =
-g Jaxis and %
corresponds to test % x.gm
— retest . ¢ .
L9 error, e * * Pr =44

0gage »

18 7] 1 1 1
13 19 20 21 22
Test
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Discrimination Ratio

This ratio compares true product
variation to the test-retest error

2

2
O-process(l_l_ p) _ O-process
2 (1_ ) ’ P = 2
Gprocess 2o O_data

1+

2

O

2
o-d ata

process

1—

2

O

2
O_d ata

process

:\/2

2
Gd ata

O

2
gage

—1

, A Few algebraic steps 10TTMCO

In this form, we can take the information
from both process capability studies and
gage studies and calculate Dr directly
©
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Discrimination Ratio

Scatterplot of Retest vs Test

22
Each square is A, units long

A
and corresponds to the range *
»; | of values we would expect in . ®
. . ]
one dimension or the other .
due to gage error ™M o 3
$ 20- - @
a L
o . &
* Squares such as these defing
- . * 2 regions within which variation
. IS obscured within
. measurement error making
* discrimination difficult
18 -
18 19 20 21 22

can be inteprreted as the number of product categories within

— the variability observed in the data from the process
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Measurement Systems Analysis

n 2
D . \/ ZGDFOCGSS 1
R A2 o
O

repeatabilty

D =2.0=>
D, =3.0=>
D, >4.0=
D, <2.0=
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Measurement Systems Analysis

* What can we do if our D < 2.0 ?

« ASBC Method 3. Ruggedness Testing
- what are the critical X-vars using DOE

» Average of h-measurements JX:%
n

A2
D, = \/ Osas 1 540
o)

n2
repeatabilV
n

2
17| o i
n> 2 repeatabiity

2
Gd ata

The Science of Beer



Measurement Systems Analysis

 Why is it important ?

- [ X-LsL : _X
B -| X 5 _ U§|_ X
30_I0ngterm 30-Iongterm

 In reality there are two components of variability
associated with our process data
1. Actual process 2. Gage Error

Glongterm Gprocess + Ggage T Gprocess + Grepeatabilty + Greproducih’»lity
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Measurement Systems Analysis — Roadmap to pMAIC

——
[ANRRRAN]

ol

P
+ L+ + 004

L I

rl
il

m
_

......
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SUMMARY

Assumptions in a Process Capabillity Study

How do we check for Identically Distributed data

How to we check for Normality

What is the difference between Ppk and Cpk

What is considered a good Ppk number?
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SUMMARY

If your Ppk is not sufficient what is the first thing
you must assess?

How do you test if your process Is on-target?

How do you test if a process stream may have a
different mean than the others

Y=F(X) — what does this mean
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SUMMARY

If your Ppk is not sufficient what is the first thing
you must assess?

How do you test if your process Is on-target?

How do you test if a process stream may have a
different mean than the others

Y=F(X) — what does this mean

The Science of Beer



Summary

How do we test if continuous X-variables
iInfluence the output of the process

Functional Limits?

How do we test Iif categorical X-variables
Influence the output of the process

If we control the we will control the
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Summary

Why Is a gage capability study important?
When should you conduct one?

What are the components of gage error?
What does the discrimination ratio tell us?

What is a good Dr?

The Science of Beer



Thank You

eric.samp@millercoors.com
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