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Copyright © 2010 by SAS Institute, Inc. 
Published by John Wiley & Sons, Inc., Hoboken, 
New Jersey.

An eBook version is available from Amazon.com.
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The book is based upon six comprehensive case studies with a chapter 
for each study:

Chapter 4 Reducing Hospital Late Charge Incidents

Chapter 5 Transforming Pricing Management in a Chemical 
Supplier

Chapter 6 Improving the Quality of Anodized Parts

Chapter 7 Informing Pharmaceutical Sales and Marketing

Chapter 8 Improving a Polymer Manufacturing Process

Chapter 9 Classification of Breast Cancer Cells

Data sets are available for download, so that the reader can work 
through the case studies while reading the text.
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Chapters 6 and 8 are more traditional Six Sigma type projects, but 
rely heavily on data visualization to identify root causes of quality 
problems and suggest improvement strategies.

The other case studies range from an individual effort (“Pharma
Sales”) to a small team effort (“Hospital Late Charges”) to identify 
Six Sigma projects or to solve ongoing business problems.

The key elements in the case studies are the use of data visualization 
and data mining techniques to identify business problems and their 
possible root causes.

The comprehensive case study approach in this book is unique for Six 
Sigma or Quality Improvement books, which tend to contain 
superficial discussions of case studies with little detail. 

Please note, the authors do not receive royalties for sales of book.
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The past 20+ years have seen an explosion in computing power and 
statistical methodology made possible by ever more powerful 
statistical software made possible by more powerful computers.

When Six Sigma began, apart from the Macintosh computer, desk top 
statistical software was limited to DOS based applications such as 
Minitab®.

Data visualization was limited mostly to static line plots such as 
histograms and box plots.

With today’s statistical software, such as JMP®, dynamic and 
interactive visualization techniques are now available that are 
rapidly eclipsing traditional statistical methods as the primary 
approach to analyzing and extracting information from data.

Extensive data mining techniques are now possible using desk top 
software. Most of this was impossible 20 years ago on desk top 
computers and was limited even on main frame computers.
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When Six Sigma was first deployed, the problems tackled were often 
narrow in scope and limited data existed. In fact, teams typically 
had to initiate data collection plans to have any data at all.

Fast forward to 2010 where large data bases abound, even in small 
companies, partly due to the ability to collect large amounts of data 
in an automated or semi-automated manner.

We have gone from complaining about the lack of data to puzzling 
over what to do with too much data.

In some fields, analysts are struggling to deal with petabytes (250

bytes) and exabytes (260 bytes) of data collected on millions of 
variables.

The zettabyte (270 bytes) is now a recognized unit of data storage.
Traditional statistical tools were never meant to deal with such large 

amounts of data and variables. Visualization now becomes ever 
more important to statistical analyses.
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“Interactive graphics will not only change the way that statisticians 
explore data, but should also change the way we teach statistics. 
Analytic methods have dominated statistical teaching, but graphical 
methods offer an alternative approach, which can complement and 
enhance traditional methods. Live visual displays offer insights 
which are impossible to achieve with traditional methods.”  
Chatfield (1995), Problem Solving: A Statisticians Guide.

Chatfield (1995) goes on to lament the difficulty of creating 
interactive displays with the software of that era.

For the user, JMP® has eliminated the difficulty of interactive 
visualization and has added the ability to create dynamic 
visualizations as well.

Visual Six Sigma differs from traditional Six Sigma (or the more 
fashionable term Lean Six Sigma) in that an emphasis is place on 
interactive and dynamic visualization – JMP is essential.
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Visual Six Sigma Strategies

Visual Six Sigma exploits the following three key strategies to
support the goal of managing variation in relation to performance 
requirements (the fundamental goal of Six Sigma):

1. Using interactive and dynamic visualization to literally see the 
sources of variation in your data.

2. Using exploratory data analysis (EDA) techniques to identify key 
drivers and models, especially for situations with many variables.

3. Using confirmatory statistical methods (CDA) only when the 
conclusions are not obvious. This leans out the data analysis effort.
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The distinction between EDA and CDA is not as sharp as the VSS 
Roadmap might imply.

Considerable overlap exists between EDA and CDA methodology and 
the key distinction lies in the objectives of the analysis.

As an example, Partition (CART®) modeling can be used both for 
EDA and CDA.

The Partition platform in JMP provides a powerful visual platform to 
explore potential causal relationships, even in complex scenarios.

The goal here is more exploration and explanation than prediction.
However, the Partition platform, especially in JMP 9.0, can also used 

to develop predictive models (CDA) with the prediction more 
important than explanation.

EDA and CDA provides a simple, if incomplete, taxonomy for 
statistical analyses, however the distinction is useful in practice.
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In defining the Visual Six Sigma Roadmap we use the usual 
convention in Six Sigma that a process output is represented by a 
“Y” and a process input is represented by an “X”. The Xs are the 
sources of variation in Ys.

Frame Problem. Identify the specific failure to produce what is 
required. Identify your general strategy for improvement, estimate 
the time and resources needed, and calculate the likely benefit if 
you succeed. Identify the Y or Ys of interest.

Collect Data. Identify potential Xs using techniques such as 
brainstorming, process maps, data mining, failure modes and 
effects analysis (FMEA), and subject matter knowledge. Passively 
or actively collect data that relate these Xs to the Ys of interest.



Visual Six Sigma Roadmap

14©2010 Philip J. Ramsey, Ph.D.

Uncover Relationships. Validate the data to understand their 
strengths, weaknesses, and relevance to your problem. Use 
exploratory tools and your understanding of the data, generate 
hypotheses and explore whether and how the Xs relate to the Ys.

Model Relationships (optional). Build models relating the Xs to the 
Ys. Determine statistically which Xs explain variation in the Ys.

Revise Knowledge. Optimize settings of the Xs to give the best 
values for the Ys. Explore the distribution of Ys as the Xs are allowed 
to vary a little. Collect new data to verify that the improvement is real.

Utilize Knowledge. Implement the improvement and monitor the Ys 
to see that the improvement is maintained.
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The roadmap can be visualized as follows:
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Case Study: The management of a large community hospital believes 
that billing practices are a major cost and quality problem.  More 
specifically they believe that late charges are particularly 
troublesome. Late charges occur when a patient account is charged 
after the patient has been discharged; this applies to both inpatient 
and outpatient care.  For various reasons, frequently not all of the 
incurred charges have been properly billed before patient discharge 
and a new bill has to be generated, sometimes multiple times. A 
recent black belt hired by the hospital has been assigned the task of 
examining late charges to determine if the management concerns 
are warranted. If significant issues are uncovered, then the black 
belt was further asked to identify greenbelt projects to “fix” the 
billing issues.
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Case Study: This project takes place almost entirely in the Uncover 
Relationships phase of the Visual Six Sigma roadmap.

The black belt obtains all of the late charge data for the month of 
January, 2008. The data consist of 2,032 records on 7 variables.

Following the general algorithm of the Uncover Relationships step, 
we first examine the distribution of each variables – we look at the 
variables one at a time. 

The next slide shows some of the reports for the individual variables.
Note that some of the discharge dates go back to 2006?
Also, two outliers exist in the Amount billed. The $28,280 charge was 

an error and the -$6859 credit appears anomalous. Both were 
excluded from further analysis. 
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Case Study: Univariate analyses:
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Case Study: After excluding two outliers we examine the billed 
Amount and discover that the debits almost exactly equal the 
credits. Why do late charges almost always consist of a debit and a 
credit pair? This warrants further research by the black belt.
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Case Study: A control chart of Amount over time further indicates 
the parallel nature of credits and debits. The black belt definitely 
must dig deeper into the nature of late charges. Note, issuing debits 
and credits require new bills and this incurs cost to the hospital.
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Case Study: Below are the records circled on the previous slide. 
Notice that all charges are from Charge Location T2 and 18 have 
missing Charge Codes.
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Case Study: Nearly 40% of late charges are from location T2 and 
26% of these charges have missing charge codes.
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Case Study: Digging deeper the black belt finds that location T2 has 
15 different charge codes, the most by far for any location, and 196 
late charges from T2 are missing a code.  This clearly needs further 
investigation.
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Case Study: A 
Mosaic plot of 
Charge Location 
vs. Charge Code 
reveals that T2 has 
the most codes and 
most locations 
have a few codes. 
The codes also 
tend to be unique 
to the location. 
There is much to 
learn about charge 
codes.
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Case Study: Finally the black belt wonders how many late charges 
are not affected by a corresponding credit. Most of the late charges 
seem to be transactions debiting one account and crediting another.

We omit the details, but with further analysis it is discovered that of 
the 2032 late charge transactions in January, 2008 only 185 involve 
charges that are not offset by credits to another account.

Furthermore, of these 185 transactions 82 are for $0.00.
Armed with the analyses the black belt determines that much more 

needs to be learned about the billing process and how charges are 
determined and reported by various departments of the hospital.

The black belt also has confirmed the suspicions of management that 
there are substantial problems in the billing processes and that 
green belt projects should be initiated as soon as possible.



Hospital Late Charges

26©2010 Philip J. Ramsey, Ph.D.

Case Study: Finally the black belt wonders how many late charges 
are not affected by a corresponding credit. Most of the late charges 
seem to be transactions debiting one account and crediting another.

We omit the details, but with further analysis it is discovered that of 
the 2032 late charge transactions in January, 2008 only 185 involve 
charges that are not offset by credits to another account.

Furthermore, of these 185 transactions 82 are for $0.00.
Armed with the analyses the black belt determines that much more 

needs to be learned about the billing process and how charges are 
determined and reported by various departments of the hospital.

The black belt also has confirmed the suspicions of management that 
there are substantial problems in the billing processes and that 
green belt projects should be initiated as soon as possible.



Technical Support Service Times

27©2010 Philip J. Ramsey, Ph.D.

In the JMPer Cable, Issue 20, 2006 Mark Bailey discusses a project to 
reduce time to fulfill customer requests for service.

In both manufacturing and transactional Six Sigma projects, time to 
event type data are common, but often are analyzed incorrectly or 
at best naively. 

Time to event type responses include: Time to failure of a component, 
time to process an insurance claim, manufacturing cycle time, time 
to deliver a product to the customer, time to complete customer 
service calls in a call center, etc.

Mark points out in the article that time to event data can be analyzed 
more appropriately and effectively using survival/reliability 
methods, but is rarely done so in Six Sigma projects.

We illustrate this concept using Mark’s example. This case study is 
not in the Visual Six Sigma book.
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Case Study: The file ServiceTimes.JMP contains the data from 
Mark’s example. The data consists of time in hours to fulfill a 
customer service request made to a technical service group of a 
local cable television company. The data were collected by a team 
attempting to reduce the time to fulfill requests. If a request is not 
fulfilled within 40 hours, then it is referred to a technical specialist 
for further investigation. In this case, we have right censored data, 
since the time tracking ends at 40 hours and the true time to resolve 
or fulfill the request is unknown. The team has also recorded 
reasons for potential delays on each service request. The file 
contains three variables: “Service Time” (in hours), “Reason” 
(cause of a potential delay), and “Referred” used to flag censored 
observations where a 0 means uncensored and a 1 indicates 
censored.
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Case Study: Our first analysis looks at the three variables 
individually in the Distribution platform. Notice, as expected, all 
Service Times > 40 hours are censored.

Note the nonnormal shape of 
the Service Time distribution. 
Time to event data is rarely, if 
ever, normally distributed. 
The Exponential, Weibull, or 
Lognormal distributions often 
describe variation in time to 
event data.
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Case Study: One could exclude the 
censored observations and proceed 
with traditional analyses such as 
Pareto Plots, Control Charts, and 
Distribution analysis of Service 
Time. However, excluding censored 
observations does amount to 
throwing away information. 

To the right is a Pareto Plot of Reason 
weighted by Service Time – the 
censored observations are excluded.  
“No Parts” appears to be the most 
important cause of delays.
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Case Study: Reliability analysis allows one to incorporate 
information from censored observations. At this point the type of 
reliability analysis depends upon the technical acumen of the 
project members, the audience, and objectives of the analysis. 
Here we will use the Fit Parametric Survival platform in a 
simple manner and assume that Service Time varies according to 
the Weibull distribution. Our goal is purely exploratory at this 
point, we wish to see how service times vary across reasons. Of 
course much more analysis is possible.
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Case Study: In the Fit Parametric Survival report we can use the 
Quantile Profiler to visualize the distribution of Service Time 
across the different levels of Reason. Here we compare the 50th

percentile of Service Time across Reason assuming a Weibull
distribution. Fifty percent of service times are 20.37 hours or less 
for “Traffic, Weather” and 42.35 hours for “Wrong Info”.
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Case Study: We can also use the Estimate Time Quantile option in 
the Fit Parametric Survival report to further compare the Service 
Time distributions across reason. Here we compare the 25th and 
75th percentiles of reliability, the probability that a Service Time is 
longer than the specified percentile or quantile. Again, “Wrong 
Info” appears to be the biggest cause of long Service Times.



Anodized Parts Process

34©2010 Philip J. Ramsey, Ph.D.

Case Study: A manufacturer of anodized aluminum parts has 
experienced very low yields and a Lean Six Sigma project has been 
initiated to try and solve the problem.  The process consists of 
anodizing aluminum parts and then dyeing the parts to a rich, 
blemish free, black color. The quality of the colored surface is 
critical to the customer and the majority of the parts fail for poor 
surface quality and/or color. The thickness of the anodize coating is 
measure for every part with a backscatter gauge. The color is 
measured with a spectrophotometer providing a three coordinate 
color value for each part. In addition, an inspector visually 
examines the surface of each part and grades the part into one of 
three categories: Smutty Black, Normal Black, Purple/Black. 
Only Normal Black is acceptable.
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Case Study: In the Frame the Problem step the team prepared a 
project charter (not shown) and then created a Process Map to 
better understand the manufacturing process.
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Case Study: In the Collect Data step the team performed 
measurement systems analyses and collected baseline yield data. 
The MSA’s are thoroughly covered in the book. Below is a control 
chart of the baseline yield for the process.



Anodized Parts Process

37©2010 Philip J. Ramsey, Ph.D.

Case Study: In the Uncover Relationships step the team examined 
the anodize thickness and color measurement data – the three 
spectrophotometer readings and the visual inspection. Although, the 
measurements had been taken for some time no one had formally 
looked at the relationships between the four measurements. In 
addition, the team found that no specifications existed for 
measurements and no one was certain what values corresponded to 
good parts.

The team began by examining the four measurements individually 
and used the interactive graphics in JMP to see if relationships 
existed between the visual classification of the parts, the coating 
thickness, and the color coordinate readings from the 
spectrophotometer. In practice, it was desired to eventually evaluate 
color entirely by the spectrophotometer.
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Case Study: Below is an interactive visualization from JMP. Definite 
differences exist among the four measurements with regard to the 
visual categorization of the parts. Note, L*, a*, and b* are the color 
coordinate measurements.
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Case Study: Using the custom Graph Builder in JMP. The team 
further observed that relationships seem to exist between the four 
measurements and the classification of the parts.
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Case Study: Next the team created a scatter plot matrix to examine 
pairwise relationships. 

The Purple/Black parts 
in particular seem to 
separate from the other 
two categories. These 
parts are always thinner 
in coating, lower in L*, 
and b*, but higher in a*.
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Case Study: Finally, the team used 3D scatter plots to examine three 
way relationships. 

In the 3D plot we see 
that Normal Black 
parts are thinner than 
Smutty Black parts.
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Case Study: From the graphical analyses in the Uncover 
Relationships step, the team determined specifications for 
thickness, L*, a*, and b* that corresponded to parts classified as 
Normal Black – acceptable to the customer.

The following specifications were set for the responses:
Thickness: 0.9 ± 0.2 microns;
L*: 10 ± 0.2;
a*: 2 ± 2;
b*: 0 ± 0.2.

The team had no idea how to control the anodizing process to achieve 
the specified targets. A designed experiment was performed to 
understand how process factors affected the four responses.
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Case Study: The experiment involved five process factors and each 
was run at two levels. The factors were:

Anodize Bath Temperature (60, 90);
Anodize Bath Acid Concentration (170, 205);
Anodize Bath Time (20, 40);
Dye Tank Concentration (10, 15);
Dye Tank pH (5, 6.5).
Given the poor process yields, only one production shift was available 

to run the experiment. The team determined that they could do as 
many as 12 runs in a shift if they were properly prepared.

Using the Custom Design platform in JMP, a 12 run, two level 
factorial experiment was created and then performed.
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Case Study: With the data collected from the experiment, the team 
moved on to the Model Relationships step. Separate statistical 
models were fit to each of the four responses. The models were 
subsequently used to optimize the process to achieve the desired 
specification targets. Below is shown the fitted model for Anodize 
Thickness.
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Case Study: Once 
the four models 
were fit, the 
Prediction Profiler 
in JMP was used 
to dynamically 
visualize the 
models and find 
optimum settings 
of the five factors 
to achieve the 
specification 
targets.
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Case Study: Before implementing the new process, during the 
Revise Knowledge step, the team was aware that only the 
Anodize Time factor was tightly controlled in practice.

Given the responses were sensitive to variation in the process factors, 
the team used the Prediction Profiler in JMP to perform a 
sensitivity analysis.

The team had collected enough process data to estimate the amount 
of variation in each of the process factors and this information 
could be used in the Prediction Profiler for the sensitivity analysis.

The Prediction Profiler performs a simulation study using the 
optimum factor settings and the specified variation in those process 
factors.

The output of the simulation provides a measure of process defect 
rates resulting from variation in the inputs.
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Case Study: L* is very sensitive to variation in Temperature.
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Case Study: The team was aware that Anodize Temperature was 
not closely controlled and the variation had to be reduced in order 
to reduce the defect rate in the parts – this also explained the wide 
variation in process yield that regularly occurred.

The team found an affordable temperature control system for the 
Anodize Bath and given the experimental results management 
agreed to the purchase.

Once the temperature control device was in place, the team ran two 
confirmatory runs at the new optimized process settings.

Both confirmatory runs resulted in 100% yield and the inspectors 
agreed that these were the highest quality parts they had observed.

The customer concurred. The supplier, on the verge of losing the 
business, was now considered the best supplier and was given 
larger orders for the parts.



Anodized Parts Process

49©2010 Philip J. Ramsey, Ph.D.

Case Study: Once the new process was in place, including control 
charts on the five process factors, the project entered the Utilize 
Knowledge phase. The process yield was monitored by the team 
for 4 months before the process owner took full control. Note the 
consistently high yields of around 99% with the new process.
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Visual Six Sigma with the emphasis on dynamic visualization can 
greatly reduce the time to analyze data and solve business or 
quality problems.

The Visual Six Sigma Roadmap is more flexible than the traditional 
DMAIC process, however the two approaches are compatible.

In general, with the exponential increase in computing power, 
databases, and visualization capabilities of modern statistical 
software, the statistical tools commonly used in Six Sigma need 
modernizing – this is one of the goals of Visual Six Sigma.

Whether or not one uses Visual Six Sigma as a traditional Lean Six 
Sigma program or simply makes use of the statistical tools, the 
potential exists for rapid and substantial business/quality 
improvement by extracting more, higher quality, information from 
data.


	Visual Six Sigma:�Making Data Analysis Lean
	Talk Outline
	The Visual Six Sigma Book
	The Visual Six Sigma Book
	The Visual Six Sigma Book
	Visual Six Sigma
	Visual Six Sigma
	Visual Six Sigma
	Visual Six Sigma
	Visual Six Sigma
	Visual Six Sigma
	Visual Six Sigma
	Visual Six Sigma Roadmap
	Visual Six Sigma Roadmap
	Visual Six Sigma Roadmap
	Hospital Late Charges
	Hospital Late Charges
	Hospital Late Charges
	Hospital Late Charges
	Hospital Late Charges
	Hospital Late Charges
	Hospital Late Charges
	Hospital Late Charges
	Hospital Late Charges
	Hospital Late Charges
	Hospital Late Charges
	Technical Support Service Times
	Technical Support Service Times
	Technical Support Service Times
	Technical Support Service Times
	Technical Support Service Times
	Technical Support Service Times
	Technical Support Service Times
	Anodized Parts Process
	Anodized Parts Process
	Anodized Parts Process
	Anodized Parts Process
	Anodized Parts Process
	Anodized Parts Process
	Anodized Parts Process
	Anodized Parts Process
	Anodized Parts Process
	Anodized Parts Process
	Anodized Parts Process
	Anodized Parts Process
	Anodized Parts Process
	Anodized Parts Process
	Anodized Parts Process
	Anodized Parts Process
	Summary

