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About NHG

North Haven Group (NHG) isalimited liability company
registered in the state of New Hampshire, providing
comprehensive consulting and training for industry and
Service organizations.

NHG provides consulting and support for Six Sigma quality
programs to improve manufactured products and business
[Processes.

With over 50 years of combined experience, the partners of
NHG provide a unique combination of outstanding academic
credentials and expertise in the application of statistical
techniques and continuous improvement methods.
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About NHG

NHG specialties include:

e SIX Sigmaimplementation and deployment

« Six Sigma Champion, Blackbelt, and Greenbelt certification
* Lean Six Sigmatraining and consultation

* Design of Experiments (DOE)

 Failure Mode Effects Analysis (FMEA)

* Measurement Systems Analysis (MSA)

 Process Stabilization and Control

 Continuous Improvement and Problem Solving

e DataMining

Copyright North Haven Group, 2005
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Talk Outline

e |ntroduction

 What is Data Mining?

« JMP® and DataMining

* Traditional Statisticsvs Data Mining
e Partitioning

e Example: The Press Band Data
 Partitioning and Six Sigma Training
e Case Studies

° Summary
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What is Data Mining?

Data mining refers to a collection of techniques used primarily
to analyze large observational data sets.

Unlike traditional “dtatistical” techniques, data mining methods
do not utilize hypothesis testing for assessing model fit or
decision-making.

Data mining methods include neural nets, classification and
regression trees, clustering algorithms, as well as other
methods.

Copyright North Haven Group, 2005
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John Wilder Tukey
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We are drowning in information
and starving for knowledge.
- Rutherford D. Roger
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What |s Data Mining?

Data Mining isthe analysis of large observational datasets with
the goal of finding unsuspected rel ationships.

By “large” datasets, we mean either alarge number of records, or
alarge number of variables measured on each record.

The other key word in the definition is * observational”.

« Often, data sets used in data mining were collected for
purposes other than those of the data mining study.

« Consequently, data mining datasets usually consist of
convenience samples, rather than random, samples.

Copyright North Haven Group, 2005
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What |s Data Mining?

Theinitia applications of data mining were in customer research -
Who buyswhat? If customersbuy A, arethey likely to buy B
(market basket analysis)?

Note that biological research using ‘ microarrays' results in datasets
with large numbers of variables, where data mining techniques
can be extremely useful.

Such large data sets are characterized by complex observations.
They require extensive pre-processing.

Data sets with hundreds of thousands of variables have been
analyzed using data mining techniques.

Copyright North Haven Group, 2005 9
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What |s Data Mining?

The types of relationships that one seeks in a data mining study
can be categorized into two main structures.

e Globa models, or
* Local patterns.

A global model defines a structure that applies (globally) to all
points in the data set.

Typical examples of models are:
* Predictive models

e Classfication models

Copyright North Haven Group, 2005
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What |s Data Mining?

A local pattern isareationship that appliesin arestricted
region of the variable values. For example,

* |namarketing study, one might learn that 90% of
customers who buy a high-end yogurt product also buy
high-end ice cream.

* Inastudy of accounts receivable data, one might learn that
a certain group of customers do not fit the general pattern
In terms of payment and returns.

(Detecting deviations from the general pattern is called
anomaly detection, and is useful in studies of fraud.)

Copyright North Haven Group, 2005 11
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What |s Data Mining?

Types of algorithms typically associated with data mining include:
* Multiplelinear and logistic regression,
» Classification and regression trees,
* Neural nets,
 Clustering algorithms, and
* Association rules.

However, other techniques are often used as well, such as.
* Extensive display and visualization tools,
 Variable reduction techniques, and
e Bayesian methods.

Copyright North Haven Group, 2005
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JMP® and Data Mining

JMP® provides the user with a number of these data mining
tools for global modeling:

« Multiplelinear and logistic regression
» Classification and regression trees (the Partition platform)
e Neural nets

For local modeling, JMP provides a cluster analysis platform.

In terms of visualization, amost all IMP analyses are
supported by extensive display and visualization tools.

Copyright North Haven Group, 2005 13
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JMP® and Data Mining

IMP®’ s Neural Net platform fits a neural net with one hidden
layer to a continuous or nominal response.

JMP®’s Partition platform is a classification and regression
tree-fitting methodol ogy.

Other tree-fitting methodol ogies, found in high-end and very
expensive data mining packages, are CART™, CHAID™,
C5.0.

Since convenience data sets are often messy and unruly, IMP's
display capabilities support the user in data-cleaning.

Copyright North Haven Group, 2005 14
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Traditional Statistics Vs Data Mining

In classical statistical modeling, the complete set of datais used
to develop the modd!.

Significant model predictors are chosen based on hypothesis
testing.

The quality of model predictions is assessed using prediction
Intervals.

Overfitting is prevented through the use of statistical tests and
diagnostics based on the underlying model assumption.

Data mining techniques such as classification and regression tree
analysis and neural nets do not support hypothesistesting.

Copyright North Haven Group, 2005
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Traditional Statistics Vs Data Mining

Models based on data mining techniques are usually validated on
Independent data.

Often, the complete data set is split into atraining or development
data set and an evaluation data set.

Models are devel oped using the development data, and they are
evaluated on the evaluation data (often a 70/30 or 60/40 split).

With large datasets, it becomes very easy to model noise.

Since most data mining analyses are predictive, it isimportant not
to model idiosyncrasies of the training data.

Use of an independent evaluation data set guards against overfitting.

Copyright North Haven Group, 2005 16
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Traditional Statistics Vs Data Mining

Large effort here

Raw Data

Dimension reduction

|

|

* Preprocessed Data

* Transformed Data

» Models or Patterns

Knowledge

|

Visudization
Vadlidation

Copyright North Haven Group, 2005
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Partitioning

JMP’s Partition platform isaversion of Classification and
Regression Tree Analysis.

Both response and factors can be elither continuous or nominal.

Continuous factors are split into two partitions according to
cutting values.

Nominal factors are split into two groups of levels.

If the response is continuous, the splits are constructed so asto
maximize the separation of the two groups, as measured by the
sums of sguares due to the differences between means.

In this case, the fitted values are the means within groups.

Copyright North Haven Group, 2005 18
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Partitioning

If the response is categorical, the splits are determined by
maximizing the likelihood ratio chi-square statistic, reported in
the IMP output as “G"2”, or arelated value called the
LogWorth.

In this case, the fitted values are the estimated probabilities
within groups.

JMP s Partition platform is extremely useful for both exploring
relationships and for modeling.

JMP’ s Partition platform provide only aminimal criterion to
determine when to stop building atree (astopping rule). We
have actually found this advantageous.

Copyright North Haven Group, 2005
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Example: The PressBand Data

We will illustrate IM P’ s partition platform using a dataset from
the rotogravure printing business.

In this printing process.
* An engraved copper cylinder isrotated in abath of ink,
e Excessink isremoved,
 Paper is pressed against the inked image,

* Once thejob is complete, the engraved image is removed
from the cylinder, and the cylinder is reused.

Copyright North Haven Group, 2005
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Example: The PressBand Data

A defect called banding can sometimes occur, ruining the
product.

Banding consists of grooves that appear in the cylinder at
some point during the print run.

Once detected, the run is halted, and the cylinder is removed and
repaired.

This process can take from one-half to six hours.

Understanding the conditions that lead to banding is critical and
could save a printer enormous amounts of money.

Copyright North Haven Group, 2005
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Example: The PressBand Data

We will use a dataset that contains observational data on
banding.

This dataset can be found at http://ftp.ics.uci.edu/pub/machine-

learning-databases/ and is called cylinder-bands.
The dataset consists of 540 records and 39 variables.
Part of the dataset is shown on the following slide.

Thetarget variable is “Band Occurred?’, whose values are
“BAND” and “NOBAND”.

Copyright North Haven Group, 2005
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~ PressBandingCleanz 1 GLLILL - Jak
£ = Date Date MY Murmber Cylinder Mo, Customer grain screened
. 1| osmomogn 034990 23040 X750 GUIDEPOSTS VES
. 2| o4m9m990 041990 S4683 G467 ECKERD MO
= Columns (41/0) . 3| o4mansan 044990 25416 X203 TVGLIDE YES
::' fy':;\:;:t;ﬂ; wor . 4| o4n4nsan 044990 34545 021 TARGET MO
h press type . s o4m7M990 0441990 36855 TH3 EXXON vES
i press . 6| 04MEM990 0441990 36053 | JEG WARDS MO
th, cylinder size . 7| o4msngen 041990 IE053 | J42 WARDS MO
il location . a| o4mamo90 044990 36656 |F329 EXHON vES
il pisting tank . q 041251930 0441930 S4664 | 496 BURDIMES YES
A proof cut . 10| 042641990 041990 34545 OF TARGET MO
A RO . 11| 042601990 044990 34545 O14 TARGET MO
ﬁ ;I:_Ii"f:n:per stire . 12| osmsnaso 05M990 47103 T244 MODMAT YES
4 humicity . 13| 0s07M9E0 054990 47103 M93 MODMAT MO
d roughness . 14 | 05074990 054990 47103 M260 MODMAT vES
d blade pressure . 15| 0s07M990 0513990 47103 T383 MODMAT s
A varnish pet . 16| 0s07M990 0513990 47103 |T78 MODMAT vES
 press speed . 17| nsio7Mgen 0513990 47103 M4 MODMAT vES
i ink pot . 18|  0s07M9E0 054990 IE925 M432 HOMESHOPPING | MO
A solvent pct . 19| 05M07M990 054990 36925 M257 HOMESHOPPING MO
ﬁ Efai velee . 20| 05091990 051990 47103 F242 MODMAT VES
g —— . 21| 0sA0M9E0 054990 47103 FET2 MODMAT vES
4 roller durometer . 22| 0sA1M3E0 054990 47103 M260 MODMAT vES
l currert density . 23| 0sM4n990 0541990 47103 FE79 MODMAT YES
 crode space ratio . 24| 0sM7M990 051990 36054 400 WARDS )
i chrome cortert — - 25| 0sM7M9a0 0513990 34752 | X776 TOYSRUS )
ik Band Occurred? - - 26| 0SM7M9E0 054990 34752 WF3 TOVSRUS MO
. 27 | 0sAMsMmE0 054990 34402 1331 AUSTADS vES
ST . 28| 0s4mad0 051980 36648 F227 JAMESINAY MO
g!lre':;‘;z 543 . 20| ommziago 0FM9890 | 36853 F590 NATLWILDLIFE YES
Ecluded ol 50| 06O3M9E0 06990 36359 FETO MTLYILDLIFE vES
Hidden ol - | os06M990 06990 36359 F331 MATLWILDLIFE vES
Labelled afl - a2 | ososMasn 06M 390 36359 |F571 MATLWILDLIFE VES
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Example: The PressBand Data

The bar graph shown below, generated from the IMP
Distribution Platform, indicates that banding occurred in 42%
of jobs.

* = Distributions

* T Band Occurred?

¥ Frequencies
Level Courit Prak
BARD 227 04215
MOBAMD 32 057855
Total 539 1.00000
M Mizzing 1
BARD MBS MO 2 Levels

We would like to find which conditions |ead to banding.

Copyright North Haven Group, 2005 24



NHG

North Haven Group, LLC

Example: The PressBand Data

Note that a Six Sigma team will often construct Pareto charts at
this point, using data from the runs where banding occurred.

Note that these ignore information on when banding did NOT
OCcCur.

Also, the available “predictors’ for banding consist of 11
nominal (categorical) variables and 18 continuous variables.

Stand-alone Pareto charts of the nominal variables could easily
overlook complex relationships and interactions among these
variables.

Copyright North Haven Group, 2005 25
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Example: The PressBand Data

Box plots might be used to explore the relationships between the
continuous variables and “Band Occurred?’, but again,
complex interactions would be ignored.

A logistic regression model could be constructed, but including
all the predictorsis not possible.

Thisis because of the many nominal variables, and the fact
that numerous cells are not popul ated.

However, a classification tree, with “Band Occurred?’ as target,
can be easily constructed, and it can provide rich information
on the conditions that |ead to banding.

Copyright North Haven Group, 2005
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Example: The PressBand Data

We note, at this point, that observational data sets must always be
examined for data integrity before they are analyzed.

T ESA Voltage

For example, the

¥| Cuantiles ¥ Moments
Varl abl e ESA — e 100.0% maximum 16000 Mean 50694444
f— 99.5% 16.000  Std Dev 480028

a7.5% 16.000 St Err Mean 11314568

V OI tage I S 90.0% 12400 upper 93% Mean 10436563

L. 750%  quartle  12.000 EE2I214
miss ng fOr al I 500%  median  10Q00 M 13
250%  quartle 225 it T
I

but 18 reCOI’dS Im'”'"' e I R 12'?'5'2%% 0725 Sum 14525

0 10 0500 Variance 23042688
0.5% 0500 Skewness -0.430032

0.0% minimum 0500 Hudosiz -1.054352

A 53—1-834&
ﬁsing 522D

~———— ————

It Is unreasonabl e to include this variable in modeling efforts, and
It will not be included in our classification model.

Copyright North Haven Group, 2005
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Report: Partition

A I " f 1 " Recursive partitioning
C aS I le On Select Columns Cast Selected Columns into Roles Action
model isrequested | |4 - B Occrad’
roughness
. - dbiad ih. orain screened
using the Partition s ’ i rooton i n
. y d th paper type
menu in JIMP drcrct ik tyoe ==
| il solvert type
:iglie;dnﬁ:tge Il:ta-'pe an cylinder
ll res il press type
i hard thpress
: B and OCCU r red?’ i r;reregj:.;.meter il cvlinder size
. il currert density ik Iu:n::s_utin:un
Istheresponse, and | dmwescerc kg
4l chrome content > prao Crt
f and Ocourred? wizcosity
the 28 variables are | "= doave
- . Al ink tempersture
Input as candidate drunity
Al roughness
. 4l blade pressure
predictors. e e
Jll press speed
allink pct
il solvert pot
ol e
Al hardener
all roller durometer
4l currert density
4l anode space ratio
ll chrome cortent

Copyright North Haven Group, 2005
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The Partition report to
the right opens.

Points corresponding to
theruns arejittered in
such away that runs with
banding arered and in
the area of the graph
beneath the horizontal
divider at 42.12%.

Blue points (no banding)
are shown above theline.

Copyright North Haven Group, 2005

¥ = Partition for Band Occurred?

1.00
075
- .
=
=
:
O 050
o
=
C
1]
M
0.25
0.o0 .
All Roves
[ Split ] [F'rune ] [Cu:ulu:ur Painks || FSguare M
0.000 539

AN Roves
I
Cournt 2

539 V3373208

Level Prob
BARD 04212
MOBAMD 05788

P Candidates

) MOBAND

" | BamD

29
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We split once.

Note that the variable
“press’ Is chosen asthe
splitting variable.

The split places four
presses in a group where
“NOBAND” is
predicted, and the three
other pressesin agroup
where “BAND” is
predicted.

Copyright North Haven Group, 2005

¥*| ™ Partition for Band Occurred?

1.00 0——— =
oys-H- °
o
=
o
:
o050+
=}
=
[
i LI ERH
m 2 o° o .
0.25 & — ‘
00 S A s . . .
press(813, 824, 828, 827, 802) press(816, 821, 815)
All Rowes
[Split] [Prune] [CD|Dr Pnints] RSouare M
0.0 539
T Al Rows
! |
Count G2 LogWiorth
539 73375200 11 649527
Lewvel Prab
BAMD 04212
MoBAMD 05735
Toress(813, 624, 828, 827, 8027 || Foress(B16, 821, 815)
[
Count 2 Court 2
270 309.03153 269 36534974
Lewvel Prok Level Prok
BAMD 02593 BAMD 05836

NOBAMD 07407
¥ Candidates

MNOBAMD 04164
¥ Candidates

7 LN WOBAMD

< - | BAND

30
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Had we opened the Candidates list before
splitting, we would have seen Candidate
G"2 and LogWorth values.

Take the variable “grain screened” as an
example. All possible splits of “grain
screened” are obtained.

For each possible split, the likelihood ratio
chi-square value for atest of

Independence of “Band Occurred?’ versus
“grain screened” (with the given split) is
obtained.

The G"2 value isthe largest of these
likelithood ratio chi-sguare val ues.

Copyright North Haven Group, 2005

o) Rowes
[
Court [E
539 V3375209
Lewvel Prok
BAMD 04212
MOBAMD  0.57585
¥ Candidates
/-LBFH'I( Candidate G2 — . Coebadh |
grain screened 1526317452 4. 02903560 >
mma it A oAndeedn - 3796
paper type 41 196853M 9.09263749
ink type 2336747644 24737018
zolvent type 012447377 0.03691410
type on cylinder 6.74153269 2.02605134
press type 192140474 4.05141802
press S9.3707ETe ¢ 11649527
cylinder size 0.E5493009 017425329
location 748196255 117734960
plating tank 077105555 042034133
proot cut 10.649319339 1.90325222
wizcosity 11 42286651 201732601
caliper 243789360 024417435
ink temperature 1362015533 2 47926676
hmiclity 17.09997024 344633674
roughness 9.47150999 1.80321356
blade pressure 718855741 1.04453922
warnish pct SO127E163 028625205
press speed 42 28037082 11.11336985
ink ppct 1747727140 3.38586103
zolvent pot 10.72213806 1.45225444
WY S B T44B6636 1.01416710
hardener 887487939 150836653
roller durometer 17 99545697 399976992
current density 16.980146395 3.89053048
anode space ratio 278235275 01752418
chrome cortent 835271198 219021045
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The LogWorth values are the logs of
adjusted p-values for the chi-sguare test
of independence. These are adjusted to
account the number of ways that splits
can occur.

For a particular variable, the LogWorth
value corresponding to the split that
gives the largest such value isthe one
shown.

For either of these criteria, the larger the
value, the more “significant” the split.

The variable “press’ shows the largest
values on both criteria

Copyright North Haven Group, 2005

AN Royvws:

Cournt e,
539 ¥33.752049

Lewel Prak
BAMD 04212
MOBAMD 05755

¥*| Candidates

Term Candidate G*2 Logviorth
grain screened 15 26317452 402905560
proof on ctd ink 154015644 0.75713796
paper type 41 19685301 9.09263749
ink type 2336747644 247317014
salvent type 012447377 0.03631410
type on cylinder 6.74153269 202805134
|_fuer=tiE 19.21404721 SRS |
press 59 37071875 11 64952731 >
W T OEcdo=nng T 5329
|ocation 745196255 147734960
plating tank 077105555 0.42034133
proof cut 1064919339 1.8035329222
viscosity 11 42286651 20178260
caliper 2.437E9360 0.24417435
ink temperature 1362015533 2 47T92EETE
Frmiclity 1709997024 3446835674
roughness 9.47150999 1.80321356
blade pressure 718955741 1.04455922
varnizh pct 501276163 028625205
press speed 42 28087052 11.113369585
ink pct 17 ATT27140 3.38586103
salvent pct 10.7 2213806 145229444
WY 6.7 4466656 101416710
hardener 557487934 1 50536653
raller durometer 17 99545697 3.99976992
current density 1695014695 3.89053045
anode space ratio 278235275 01172418
chrome content 538271193 218021045
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077 5349

SpT REouare N Imputes

12

Lewel Prak
BAMD 0.4212
MOBAMD 05758

539 73375209 116439327

Hereisthetree

L — after five splits.
Court M2 LogWiorth

Lewel Prab
BAND 0.2593
MOBAND  0.7407

Toress(813, 824, 828, 627, 802)

Court G2 Logvarth
270 309.03155 410273

Taper type(COATED, UNCOATED)

Court 32 Logorth
263 2895911 36193663
Lewel Prak

BAMD 0.2393
MOBAMD 07603

Tpaper typel SUPER, SUPER)

Court 2
7 0
Lewel Prak
BAMD 1.0000
MOBAMD  0.0000

P Candidates

Tlyrain screened(MO) Tlyrain screensd(YES)
Court G2 Court 2
156 137.30955 107 13922212
Lewel Prob Lewvel Prob
BAND 0.1603 BAMD 0.3551
MOBAND  0.5397 MOBAMD 06449
¥ Candidates ¥ Candidates

Toress(816, 821, 815)

Cournt G2 LogWiarth
269 365.34979 47647411
Lewel Prab

BARD 0.5336
MOBAMD 04164

Toress typeWoodHoe 70, Matter34)

Court G2 LogMorth

251 34504937 39765849
Lewel Prak
BAMD 0.5538
MOBAMD 04452

Toress typeldlbhert 700
Count G2
18 a
Level Prob

BARMD 1.0000
MOBAND  0.0000

¥ Candidates

Tpress speed==2050 Thress speed=2050
Court G2 Court 2
a1 B1.791345 200 26562565
Lewel Prob Lewvel Prob
BAMND 0.2941 BAMD 0.6200
MOBARND  0.7059 MOBAND 03500
P Candidates ¥ Candidates

Copyright North Haven Group, 2005
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[Split] IF‘runeI [Colur F‘uints] RSguare
0212

M Imputes
534 12

A Rows
Coaurt G2 Lagarth
539 T3375209 11649527

Hereisthetree (different
view) after six splits.

Toress(813, 824, 828, 527, 502)
[
Caurt 2 Logwiarth
270 30903155 410274
Tpaper type(COATED, UNCOATED) Tlaaper type(SUPER, SUPER)
Count 2 Logvwaorth Court )
263 28395911 3B193663 7 0
| » Candidates
Tlgrain zcreened(MNO) Tgrain zcreened(YES)
[ I
Count ebr Count "2 Logworth
157 137 65768 106 13533949 5535465
¥ Candidates |

Coaurt

Thyizcosity=62

P Candidates

Tlyizcosity==62

e Court

95 11340337 11

P Candidates

G2

a

Toress(816, 821, 815)

Court %2 Logwarth
268 36534979 47647411

Court
251

Tpress typeoodHoe 70, Maotterad)

34504537 39765549

G2 Lodiarth

Taress typel Alkert70)
Courit 2
18 0

P Candidates

Taress speed==2050

Count G2
o1 B1.791345

P Candidates

Tlarezs speed=2050

I
Count G2
200 26562565

¥ Candidates

Copyright North Haven Group, 2005
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Example: The PressBand Data

Note that splits have occurred both on nominal and continuous
predictors.

Note also that 12 values have been imputed.

Thismeans that certain variables used in the analysis had
missing values, and so values, computed according to a
selected rule, have been substituted.

The user controls splitting; at each split, IMP provides the best
splitting variable and grouping of levels of that variable.

Copyright North Haven Group, 2005
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Example: The PressBand Data
Astrees get large, they become visually intractable.

JMP provides a Leaf Report, which givestherule set and a
graphic display of the terminal nodes discriminatory ability.

¥ Leaf Report

Responze Prakb

Leat Lakel BARD MCBARND
press(E13, 524, 828, 527, S02)&paper type(COATED, UNCOATED)SArain screened(MNO) 0709 J_‘ 05291
press(E13, 524, 828, 527, S02)&paper type(COATED, UNCOATED)SArain screened YES)&viscosity=62  0.2660 0.7340 |
press(E13, 824, 828, 527, S02)&paper type(COATED, UNCOATED)SArain screened YES)&vizcosity==62 1.0000 0.0000
press(S13, 524, 525, 527, S020&paper type(SUPER, SUPER) 1.0000 0.0000
press(E16, 521, 315)&press type(WwoodHoe 70, Maotter941&press speed==2030 0.2941 0.7059 |
press(E16, 521, 819)&press type™ioodHoe 70, Matter941&press speed=2050 0.6200 0.z800
press(E16, 521, 3159)&press typelAlbert? ) 1.0000 0.0000

Responze Counts

Leaf Lakel BAMD MOBARD
press(B13, 824, 828, 827, 802 &paper type(COATED, UNCOATED)SGrain screened(MO) e 131
press(B13, 824, 828, 827, S0 &paper type(COATED, UNCOATEDISGrain screened YES )& vizcozity =62 25 (=i}
press(B13, 824, 828, 827, 802 &paper type(COATED, UNCOATED)&Grain screened Y ES)&vizcozity==62 11 0
press(813, 524, 828, 827, 8020&paper type(SUPER, SUPER) 7 1
press(B16, 821, 8159)&press typeloodHoe 70, Maotter941&press speed==2050 15 H 36
press(B16, 821, 818)&press typeloodHoe 70, Motter94)1&press speed=2050 124 TE
press(816, 821, 815)18press typelAlbert70) 1@ i 0

Copyright North Haven Group, 2005
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Example: The PressBand Data

Formulas for the predicted probabilities, leaf numbers, and | eaf
labels (rule set) can be saved to columns in the JMP data table.

1 becok PraobiBand ProbiBand Leaf Mumber

= t | Band Ccourred? Occurredy==BANDY | Occurred?==MNOBAND Formula Leaf Label Formula
. 10 BAMD 0E2 0358 6 press(316, 821, 815)&press type™oodHoe 70, Motter34130
. 20 MOoBAMD ne2 0.35 B press(816, 821, §15)&press typeWoodHoe?0, Motter94)15p0
. 30 BAMD ne2 035 G press(316, 821, §151&press type(WoodHoe 70, Motter94120
L 4 [ MNOBAMD 017035603 082911392 1 |press(813, 824, 328, 827 8020&paper type(COATED, UNCO
L S [0 BAND 026595745 073404255 2 |press(813, 824, 328, 827 8020&paper type(COATED, UNCO
L 6 [ MNOBAMD 029411765 070585235 5 |press(816, 821, &1 5i&press typeoodHoe 70, Motter 34150
L 70 MNOBARD 029411765 070555235 S |press(816, 821, 81 5)&press typelWoodHoe 70, Motter 34150
L 30 BAMD 026595745 073404255 2 |press(813, 824, 5258, 827, S02)&paper type(COATED, UNCO
. 90 BAMD ne2 035 6 press(316, 821, 815)&press typeWioodHoe 70, Motter34150
L 10 0 | WMOBARD 017033603 082911392 1 |press(813, 824, 328, 827 8020&paper type(COATED, UNCO
L 11 0 WNOBARD 017055605 082911392 1 |press(813, 824, 828, 827, 8020&paper type(COATED, UNCO
L 12 p  BARD 026595745 073404255 2 |press(813, 824, 5258, 827, S02)&paper type(COATED, UNCO
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Example: The PressBand Data

Hereisthe formulafor the predicted probabilities.

Note that the formula simply follows the splits to terminal nodes,
and then assignsto ajob that fallsin that terminal node, the
proportion of banding that was observed in that node.

graln SCreene g=="M0O" = 0.17088607524937
press==1813
wiscosity <62 = 0.265957 44680851
| press== 524 paper lype=="COATED" | paper type=="UNCOATED" = If| grain scresned=="YES" = I Y ‘
else =1
| press==825 = If
else =
| press==827
| press==B02 paper type =="SUPER" | paper type=="SLIPER" =1
It else =

press type == "WoodHoe?0" | press type == "Motterdd” = |f
else =D0E2

press==816 | press==821 | press==815 = If
press type == "Albert70" =1

press speed == 2060 = 0.29411764705852 \ }

==
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Example: The PressBand Data

JMP also provides a Column
Contributions plot, to help determine
the influence of the variables on the
response.

Copyright North Haven Group, 2005

* Column Contributions
Term M Splits (e

grain screened 1 100763455
proot on ctd ink ] ]
paper type 1 194404756
ink type ] ]
solvent type ] ]
type on cylinder ] ]
press type 1 202999173
press 1 593707188
cylinder size ] ]
location 1] 1]
plating tank ] ]
proot cut ] ]
vizcosity 1 261226821
caliper ] ]
ink temperature ] ]
himiclity ] ]
roughness ] ]
hlade pressure ] ]
varnizh pot ] ]
press speed 1 17 B328793
ink pct ] ]
solvent pot ] ]
WEH 1] 1]
hardensr 1] 1]
roller durameter 1] 1]
current density ] ]
anode space ratio ] ]
chrome content 1] 1]
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Example: The PressBand Data

The outputs to the
right shows
contributions after
six splits (left) and
21 splits (right).

Note that, at some
point, we begin to
split on variables
that seem to
contribute little in
terms of
discrimination.
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¥ Column Contributions
Term M Split= et

grain screened 1 100763455
proof on ctd ink u] 1]
paper type 1 194404756
ink type u] 1]
solvent type u] 1]
type on cylinder u] 1]
press type 1 202899173
press 1 5837071585
cylinder size u] 1]
|acation 0 0
plating tank u] 1]
proof cut u] 1]
viscosity 1 261226821
caliper u] 1]
ink temperature u] 1]
hurmiclity u] 1]
roughness u] 1]
blade pressure u] 1]
varnish pct u] 1]
press speed 1 A7 E328793
ink pct u] 1]
solvent pct u] 1]
R 0 0
hardener 0 0
roller durometer 0 0
current density u] 1]
anode space ratio u] 1]
chrome content 1] 0

¥ Column Contributions
Term M Split= A2

grain screened 1 100763455
proof on cted ink 0 ]
paper type 2 2682185M
ink type 1 150600504
solvent type 0 ]
type on cylinder 0 ]
press type 1 202993173
press 2 T.T03TE4H
cylinder size 0 ]
location 1 5.729453465
plating tank 1 B.458757235
proof cut 1 3B1237206
viscosity 1 26122681
caliper 0 ]
ink temperature 0 ]
humiclity 1 110273075
roughness 0 ]
blade pressure 0 ]
varnizh pot 0 ]
press speed 3 45194673
ink pct 2 173693494
zolvent pot 1 8.51041324
R a 0
hardener 1 51753423
roller durometer a 0
current density 1 T.30832468
anode space ratio 1 858542539
chrome content a 0
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Example: The PressBand Data

We return to our analysis based on six splits.

The ability of the model to correctly classify jobs as affected or
not affected by banding can be assessed using a Lift Chart
and/or a Recelver Operating Characteristic (ROC) curve.

To understand the lift chart, think of the predicted probabilities of
BAND being sorted in descending order.

Each value of the probability of BAND isthought of as a cut
point for the decision to classify arecord as BAND.
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Example: The PressBand Data

For example, one of the predicted probabilities for BAND is0.62.

Suppose we classify any run whose predicted value is 0.62 or
greater as having BAND, and any run with probability less
than 0.62 as having NOBAND.

|s this classification scheme better than chance alone?
Can we answer this question for all possible cut points?

Note that, if the model were no better than random, then about
5% of the BAND runs would appear in the top 5% of
probabilities, 10% of the BAND runs would appear in the top
10% of probabilities, etc.

Copyright North Haven Group, 2005
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Example: The PressBand Data

In other words, if the model were randomly ranking runs, in the
top X% of probability rankings, we would expect to see X% of
the BAND runs.

Thus, theratio
(proportion of BAND runs in the top X%)/X%
would be 1.0.

If the ranking were NOT random, that is, if we have a strong
model for predicting BAND, then we would expect to see
higher proportions of the BAND runs in the more highly
ranked groupings of runs.
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Example: The PressBand Data

In the ranking by predicted probabilities, the value of thelift
chart at an X% portion of the population isthe
proportion of BAND runsthat appear inthetop X% of
the population, divided by X%.

If thisratio for, say, the top 20% of the population were 3, then
the proportion of BAND runs identified by the top 20% of
runs, as ranked by the model probabilities, would be three
times what one would expect by chance alone.

Thisisthelift provided by the model at X%.
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Example: The PressBand Data

The value of the lift
curvefor BAND at a
population portion of
0.10 is about 2.3.

The 0.10 portion refers
to the top decile of
runs, ranked by
predicted
probabilities.

¥ Lift Chart

24

224

204

1.8
=
3
16
1.4
1.2

1.0

...................
o010 20 30 40 50 B0 Y0 &0 90 1.00

Portion

Band Occurred?

— BARND
— MNOBAND

Thevalue at 0.10 indicates that, in the top decile of predicted
probabilities, 2.3 times as many jobs are correctly identified as
BAND aswould be identified by chance alone.
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Example: The PressBand Data

The Recelver Operating Characteristic (ROC) curveisaso
based on the idea of treating the probabilities as cut points for
a classification scheme.

For agiven cut point, the ROC curve plots the proportion of
correct classifications (hit rate, or true positiveratio) on the
Y axis and the proportion of incorrect classifications (false
alarm rate, or false positiveratio) on the X axis.

An 1dea model has a hit rate of 1 and afalse darm rate of O.

The closer the curveisto the left and upper corners of the graph,
the better the model.
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Example: The PressBand Data

¥ Receiver Operating Characteristic

1.00 _ Band Occurred? Areg
0.90 — — BARMD 0.y716
050 — MNoBAMD 0.y716

0.70 -
= 0.604
= =
S 0.50 -
5 .
i) 0,40 -

0.30 -

0.20 -

040-

Dl:":l 1 I 1 I 1 I 1 I 1 I 1 I 1 I 1 I 1 I 1
00 10 20 30 40 50 B0 FO 80 .901.00
1-Specificity
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Example: The PressBand Data

When does one stop splitting?
JMP allows the user to input a minimum node size.
Splitting on a node ends when that size is reached.

However, splitting until terminal nodes reach the minimum size

1S not wise, as thiswill result in noise, rather than structure,
being model ed.

If the goal of the analysisis predictive modeling, it is strongly
recommended that an evaluation set be removed from the data

before modeling is begun.
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Example: The PressBand Data

Model development should be done on the training set.

Here, one can select a number of candidate models based on
criteria such as minimum change in LogWorth or R?, column
contributions, or lift charts.

Then these models can be evaluated on the evaluation set, and a
best modal chosen.

The evaluation set helps guard against overfitting!

Note that the question of when to stop splitting is less of an issue
with exploratory use of the Partition platform.

Copyright North Haven Group, 2005
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Example: The PressBand Data

We note that IMP has many features that facilitate use of the
Partition platform. Wellist just afew here.

Suppose that you have split six times and have produced a lift
chart and aleaf report.

When you split once more, the lift chart and leaf report update
automatically — there is no need to regenerate these.

Aswe have seen, formulas can be saved to columns. These can
then be applied to new records, or copied and pasted into a new
data table that contains new records.

JMP srow state datatype allows one to easily track development
and evaluation samples.
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Partitioning and Six Sigma Training
We introduce the Partition platform in both our Green Belt and
Black Belt training.

It is useful in both manufacturing and transactional projects,
but is especially useful in transactional areas.

We introduce partitioning after covering multiple linear and
logistic regression.

At this point, participants have familiarity with modeling and
can appreciate the novelty, flexibility, and uses of this
procedure.
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Partitioning and Six Sigma Training
Multiple linear regression works well when the predictors and the

response are linearly related.

However, relationships are not always linear.

In fact, they can be much more complex.

Multiple linear regression can be adversely affected by outliers
and unruly distributions, both for the predictors and response.

Multiple linear regression does not deal well with nominal
predictors that have many levels (for example, Part Number,
Distribution Center, Sales Region).
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Partitioning and Six Sigma Training

L arge observational datasets often consist of unruly data.

Even small data sets often exhibit complex interactions and
nonlinear behavior.

In these situations, partition modeling can provide better models
than multiple linear or logistic regression.
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Partitioning and Six Sigma Training
But, not only do regression and classification trees give an

Intuitive way to model data.

They are especially useful for exploring data.

In particular, when a predictor has numerous levels, Partition
modeling can be used to group those levels into broader
categories.

These broader categories may be of interest on their own, or they
may be used as predictorsin atraditional regression analysis.
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Partitioning and Six Sigma Training

We provide the following guidance to Six Sigma project teams:

A Six Sigma project team should consider using tree-based
methods when:

* Thereisalarge observational data set to explore; or

 Theteam’s data contains one or more multi-level nomina
variables; or

The datais unruly (many outliers, missing data); or

The data may contain complex interactions.
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Partitioning and SIix Sigma Training
To summarize, we introduce Partition methods to Green Belts
and Black Belts for two reasons:
* They allow the building of better models.
e They assist in data exploration.

As a side benefit, the methods are intuitive and easily
understood by Six Sigma project team members.
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Partitioning and Six Sigma Training

The Partition platform
can be used in the
Define phase of the
DMAIC cycleto help
a Black Belt better
define a project.

It can also be used in the
Analyze and Improve
phases to establish
causal relationships
and identify potential
solutions.
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Case Study 1 - Tooling Task Time

A Six Sigmateam was charged with improving the accuracy of
time allocation for various tooling tasks (Task Time).

There were 25 such tasks.

An observational data set, consisting of about 2800 records, was
obtained for analysis.

There were 16 variables that might be useful for modeling.
Some of these were nominal variables with over 100 |evels.

The IMP Partition platform was used for exploratory examination
of the data.
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Case Study 1 - Tooling Task Time

Partition analysis indicated that the two major determiners of
Task Time were the type of product for which the job was
conducted and the skill level used for the job.

Also of interest were ajob difficulty measure, the plant for which
the job was compl eted, the location where the job was
completed, and the team’ s area of specialization.

Using the Partition platform, it was also possible to group types
of tasks that took similar amounts of time.
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Case Study 1 - Tooling Task Time

Thisinformation could have been used in deriving regression tree
or traditional regression models for Task Time within these
task groupings (rather than deriving 25 separate models).

Note that thisanalysisisintegral to the Analyze phase of the
DMAIC cycle.

The exploratory information revealed may also point the way to
further data collection.
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Case Study 2 - Defect Reduction

A Six Sigmateam is studying the occurrence of a product defect.

Although the defect israre, its occurrence costs exceed
$10,000 per incident.

Since alarge number of processing factors and raw material
factors were suspected of causing the defect, the team decided
to run an experiment to isolate the exact cause.

To reduce the number of candidate factors for the experiment to a
manageable number of meaningful factors, the team used a
Partition analysis on an observational database for the product
that listed process and quality information.
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Case Study 2 - Defect Reduction

The response of interest was whether or not the defect occurred.

Thiswas recorded as PASS or FAIL.
The database contained over 6000 records.

Nine process and raw material factors (five continuous, four
nominal), believed to include the root causes of the defect,
were used as inputs to the Partition analysis.

From the Partition analysis, three factors were selected for the
experiment.

The experiment led to root cause identification and eimination
of the defect.
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Case Study 2 - Defect Reduction

The defect occurrence rate was determined in the Distribution

platform of IMP®.

The estimated occurrence rateis < 5%, but had large cost

Implications.

[ Distributions

l

[ Condition?

l

PASS

FATL

-1.25

-1.00

-0.75

-0.50

-0.25

Prob abili}&'\

[ Frequencies

l

Level Count Frob

LI
FATL 280 0.04473

I Mlizsing 0
2 Lewels

| _Ebir— T3 =
|_FAL >

Taotal Toos Lol
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Case Study 2 - Defect Reduction

All Rows
|
Count G"2 LogWorth

6253 2286.6457 75.237599

G(High) G(Low, Medium)
I |
Count G"2 LogWorth Count G"2 LogWorth
581 639.33869 24.908963 5672  1320.325 21.410939
| |
| | | |
A*>=85 A*<85 A*>=105 A*<105
- | . /mm || |
Count G"2|{| Count Gn2 Count Gh2 Count G"2 LogWorth
277  375.9901 304 167.92408 445 304.40541 5227 933.72817 9.1800167
|
| |
J(VendorB) J(VendorA)
. I
Count G"2|| Count G"2
29 35.923825 5198 859.67087
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Case Study 2 - Defect Reduction

From the Column Contributions
report the team decided to
perform a 2° factoria
experiment with factors A*,
G, and J.

As mentioned earlier, the
experiment led to
Identification of the root
cause.
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[ Column Contributions

Term N Splits G2
A* 2 177.615895
B* 0 0
C* 0 0
D* 0 0
E* 0 0
F 0 0
G 1 326.982051
H 0 0
J 1  38.133478

65



NHG

North Haven Group, LLC

Summary

Data mining is a modern technique to analyze large data sets,
or even small data sets, with unruly variable distributions.

In Six Sigma, data mining is a neglected tool, which can be of
great value in achieving project success in many phases of
the DMAIC cycle.

JMP® provides data mining analysis in the Partition platform,
and provides useful visualizations to coincide with the
analysis.

Two Six Sigma case studies have been shown were data mining
was Iinvaluable in achieving project success.
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