Ross’ Rules
Practitioner Edition

Eventually, Billy came to dread his father’s
lectures over all other forms of punishment
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A Note to the Reader

This book represents several decades of experience investigating engineering and business problems.
My hope is that the ideas presented here help engineers and scientists improve how they think about
data, experimentation, and discovery. You are welcome to share this PDF with colleagues who may find it
useful. In fact, | encourage it. The goal of Sigma Science is to improve investigative thinking and practice.
If you find the material valuable, please consider:

« sharing the book with other engineers or scientists

* using the ideas in your own investigations

» citing the work when appropriate
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Preface

| am writing this book near the end of my career. Over four decades, | have accumulated experience,
insight, and perspective, often as a result of my own failures. | would like to share my knowledge with the
next generation of critical thinkers. Traditional mechanisms for dissemination have limitations. Papers
reach limited audiences, and internal training and short courses are transient. Corporate motivation often
disappears when people move on and, as my wife has reminded me for forty-five years, this kind of work
is certainly not for everyone. | want to spark your interest. My objective is not to convince everyone, but to
inspire curiosity and reflection to those who are inclined toward thoughtful inquiry. This book is one
medium, along with others still in development, to help me disseminate these ideas. Over the years |
have done project work, written papers, developed course materials, and taught engineers how to apply
statistical methods in real settings. At the time, those efforts and the materials delivered represented my
best understanding of the subject. More importantly, they were attempts to prevent others from repeating
mistakes | had already made. What | did not realize, at the time, was that my own thinking was changing
as | taught.

Early in my career, | placed too much confidence in tools. If an experiment was designed carefully and
analyzed correctly, | expected solutions to follow. When it didn’t, my first instinct was to look for execution
errors, missing factors, or insufficient measures. Sometimes that was true. Often it wasn’'t. What | came to
understand, slowly, is that many of those experiments were not “wrong,” but premature or misapplied. |
was optimizing before | had oriented myself. | was applying powerful methods before | understood where
the leverage actually was. In particular, | learned /ate the importance of understanding variation before
designing experiments (DOE). Components of Variation (CoV) was not something | used early enough in
my career. Had | done so, several experiments would have been more effective, better targeted, and
easier to interpret. That realization helped explain their limitations. It also changed how | approached
every investigation afterward. This pattern repeated itself in other areas. Prediction became more
important than analysis. lteration became more important than efficiency or one-shot solutions.
Engineering interpretation became more important than statistical.

This is not a statistics textbook. Many excellent books already exist for that purpose. | am not attempting
to re-teach statistical methods, nor to turn engineers and scientists into statisticians. Instead, this book is
about augmenting thinking, specifically how engineers, scientists, and technical professionals frame
problems, collect data, analyze data, interpret results, and learn about causality. Engineering or any
learning is not linear. It loops, doubles back, stalls, and occasionally jumps forward. Any diagram that
pretends otherwise is a lie of convenience.

“Two equally competent investigators presented with the same problem would typically begin from
different starting points, proceed by different routes, and yet could reach the same answer. What is
sought is not uniformity, but convergence.”

" Box, Hunter and Hunter, Statistics for Experimenters
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This book is also not a workflow or recipe. Application of the methodology does not proceed in a straight
line. The sequence that looks optimal in hindsight is rarely obvious at the outset. Any book that presents a
single, canonical path or set of steps through problem solving is offering comfort, not truth. | do hope this
book contains some of the best practices | have learned.

The intended audience is practicing engineers and scientists who are responsible for designing and
improving products and processes, conducting investigations, or making decisions. | assume some
familiarity with statistics, strong technical domain knowledge, and a working environment where real
constraints, time, cost, organizational pressure, shape how studies are conducted. A recurring theme in
this book is the distinction between discovery and execution. Execution assumes knowledge already
exists. Discovery exists because it does not. Most managers want a solution, any solution will do. What
they fail to recognize is the value of understanding the situation, discovery work, before a solution is
proposed. The expectations, timelines, and metrics applied assume certainty that simply is not there.

Over decades of teaching, consulting, and collaboration, | have observed a recurring pattern. Substantial
effort is expended. Data are collected. Sophisticated analyses are performed. Yet learning is often limited,
fragile, or difficult to translate into sustained improvement. When this happens, the problem is rarely the
statistical tool itself. More often, it is the way the tool was applied, the way the data were acquired, or
the lack of disciplined thinking before the study began. Efficiency is a retrospective judgment. After
learning occurs, we can see which steps were unnecessary, which experiments could have been skipped,
which data added little value. Before learning, those judgments are guesses. The obsession with
appearing efficient, especially early in an investigation, leads to misapplication of tools. Everything you
will read here reflects my way of thinking about problems, shaped by successes, failures, blind alleys,
and hindsight accumulated over decades. It is not the right way. In fact, your processes, constraints,
incentives, and experiences are different from mine. They should shape how you think, just as mine
shaped how I think. | want to be explicit about several biases that shape this book.

First, | have a strong bias toward determinism. | believe there is no effect without cause. When variation
appears random, it is usually an indication that causes are interacting, unmeasured, or not yet
understood. The objective is not to eliminate uncertainty, but to understand its origins.

“We do not know a truth without knowing its cause.”
Atristotle

Second, | value practical significance over statistical significance. Early in my career, | argued loudly
and publicly for statistically significant effects that ultimately did not matter. They did not move the
response enough to be useful. That experience permanently shaped how | think about data, models,
statistical methods and decision-making. Statistical software has become extraordinarily powerful. That
power has not reduced the need for reasoning, it has increased it. Software will happily analyze
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inadequate data, fit inappropriate models, and produce precise answers to meaningless questions.
Judgment decides whether data are worth analyzing, an experiment should be run, a result is actionable,
and whether uncertainty has been reduced enough to move forward. No tool can do that for you.

Third, my career objective is to understand causality, how and why things work. Models are valuable
only to the extent they help with understanding and prediction. A complex model that cannot be executed,
interpreted, or used to guide decisions is of limited value. | am biased toward learning from data
generated within a defined stochastic structure rather than relying on algorithmic models that treat the
data-generating mechanism as unknown. | would rather understand an imperfect model than admire a
powerful one that | cannot explain.

| do not believe there is a single “right” way to think critically. The most efficient and effective approach is
often obvious only in hindsight. What | present here is my way, developed iteratively over several
decades. | encourage readers to adapt it, critique it, and develop their own approach. Many methods fail
not because they are flawed, but because they are misapplied.

“Intelligence consists not only in the knowledge but also in the skill to apply the knowledge into
practice.”
Atristotle

| have divided the book into three parts: Part | introduces and explains the Sigma Science Methodology,
why and how to critically think and collect data to provide insight. Part Il discusses data collection
strategies and the subsequent analysis and interpretation of the acquired data. Part Il debates
deployment models, organizational constraints and management considerations.

This book is not meant to be followed mechanically. It is meant to provoke reflection, stimulate questions,
and encourage deliberate practice. You will get the most value from it if you consider my thoughts and
methods, reflect on them and develop your own. One concept that appears repeatedly in this book
because it has proven indispensable in practice is the User Guide. A User Guide is a self-created, living
document that captures how you think about applying methodology. Early versions often look like
regurgitation, copied flowcharts, borrowed checklists, phrases lifted from lectures, papers or books. That
is not a failure. It is how fluency begins. Over time, the User Guide evolves. It accumulates warnings, tips,
tricks, heuristics, decision triggers, and lessons learned, not just about products or processes, but about
the methodology itself. It becomes a personal reference for due diligence, sequencing, and reflection. The
User Guide makes the process of engineering or scientific investigation visible, preserves learning, and
accelerates judgment the next time you face uncertainty.

This book can be read as part of my User Guide. | hope it helps you begin, or continue, building your
own. You will not get the most value from it by reading straight through once, underlining a few passages,
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and putting it back on the shelf. The ideas here are meant to be used, tested, and revisited as your
understanding evolves. What follows is guidance, not instruction.

A note on tone and writing style. During my lectures, | use humor where it helps. While | cannot deliver
witticisms in this book, | will include a few jokes, tell stories because they make the book more interesting
and so people will remember them. | include quotes because they provide emotional identifiers for ideas
and tools. Human learning requires sensory input and emotional tags. | will also repeat explanations as
they change with context. As you apply ideas from this book, resist the urge to ask, “Am | doing this
right?”, A better question is: “What did | learn, and how did that change what I'll do next?” Failures, in and
of themselves, are not bad. Unexamined failures are.

A further note regarding Artificial Intelligence (Al). Al is evolving rapidly, and what role it may ultimately
play in scientific and engineering investigations remains uncertain. In my own work, | have found Al useful
for expanding domain knowledge, mitigating some of my own biases, and helping me consider a broader
range of possibilities. In many ways it functions as a remarkably powerful search engine. However, this
strength also introduces limitations. How relevant is the information returned to the specific situation
under investigation? What if the product being designed does not yet exist? What if the inference space is
fundamentally different from previously documented cases? | have also found that Al systems are
currently incapable of designing effective and efficient data collection plans. Such plans require careful
reasoning about what must be learned, how uncertainty can be reduced, and how evidence will support
or challenge competing explanations. Tools can assist investigation, but they cannot replace the
disciplined thinking required to design it. For an example of the type of reasoning required, see the
Thought map, Figure 4.2 (page 1-49).

Appendices are provided as reference and support material. They are not required to read sequentially
and are not substitutes for the thinking process described in the main text.

Lastly, | want to thank the many mentors, teachers, peers, participants, students and organizations that
afforded me the opportunity to apply the methodology and learn.

Pie Chart of Procrastination
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Part |
The Sigma Science Methodology

The Sigma Science methodology is intended to strengthen an organization by adding reliable, effective,
and efficient data reasoning skills to its technical staff, engineers and scientists. Its purpose is not to
replace their technical expertise, but to amplify it. By integrating structured deductive reasoning with
process and product knowledge, the methodology enables technical professionals to make better
decisions, design better studies, and facilitate meaningful improvement in processes and products.
Sigma Science provides guidance on how to:

e perform situational analyses,

e think critically,

e develop rational hypotheses,

e link appropriate tools to the situation,

e acquire data intentionally,

e analyze and interpret results responsibly, and

e learn iteratively within a scientific framework.
The goal is not to turn engineers or managers into statisticians. It is to equip them with disciplined
reasoning skills so they can acquire data properly, draw sound conclusions, and influence the changes
that must be implemented. Sigma Science is not about statistics. It is about disciplined, structured
thinking.

In this book, Sigma Science refers to the deliberate integration of scientific method and statistical thinking
as applied to engineering and scientific practice. Effective work depends on hypothesis generation,
prediction, data collection, analysis, and interpretation, carried out iteratively.l
In practice, Sigma Science relies on four primary tools:

1. Critical thinking about questions, hypotheses, and predictions.

2. Mapping of phenomena, processes, and products to expose potential causes.

3. COV studies to understand existing variation.

4. DOE to deliberately manipulate factors and learn about causality.

Part | focuses on Tools 1 and 2 and on building your own User Guide. Part Il develops Tools 3 and 4. Part
Il examines how Sigma Science operates inside organizations.

“In the face of overwhelming odds, I'm left with only one option,
I'm gonna have to science the shit out of this.”
The Martian
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Chapter 1
Sigma Science Overview

| have been fortunate to have the opportunity to work with engineers, scientists and statisticians, some very
notable, across a wide range of industries, problems, and organizational cultures. What has struck me most
is not a lack of intelligence, motivation, or technical skill, but rather how often statistical tools are applied
inappropriately and powerful analytical tools are applied in ways that limit learning. The power of Sigma
Science is not due to the statistical toolbox, nor in the throwing of engineering resources at problems.
Sigma Science achieves sustainable results by merging statistical thinking with engineering and process
knowledge through the scientific method. In their most potent form, Sigma Science focuses on increasing
the competency and critical thinking of the technical (engineering/scientific/business) organization via the
creative merging of process & product knowledge, laws & principles of the physical sciences and individual
contributor experience with statistical methods. This book is about how engineers and scientists can be
more effective and more efficient in the way they problem solve, design studies, collect data, interpret
results and ultimately gain knowledge.

At the heart of nearly all engineering and scientific work lies a fundamental desire to understand how and
why things work. Throughout this book, Y = f(x) is used as shorthand for causal structure, not as a
promise that a complete or closed-form model exists. Y represents outcome or dependent variable(s) and
x is the input or independent variable(s). Outcomes are a function of underlying causes. Whether we are
improving a manufacturing process, designing a new product, diagnosing a failure, reducing the cost of
production, or understanding product performance in the hands of the customer, the objective is the
same. The expression, Y = f(x) is deceptively simple. While few would argue with it, far fewer understand
it or consistently act on its implications. The challenge is not accepting that causes exist, but determining
which causes matter, under what conditions, and to what extent. That challenge is compounded by
variation; variation in materials, processes, designs, environments, measurements, human behavior, and
corporate culture.

Understanding the amount of variability and its sources is central to analytical statistics. Variability is both
expected and challenging to explicate. To find associations between x’s and Y’s, x’s need to vary while
the Y’s are measured. For example, to determine if mold temperature is associated with polymer chain
length and so dimensional shrinkage of an injection molded part, mold temperature will need to vary in
the study (either naturally over time or through manipulation in a designed experiment); Analytical
statistics aim to evaluate the data and to assist in partitioning and assigning such variation. At times
variability may also limit discovery such as when measurement precision (gage variation when measuring
the same characteristic multiple times) is so poor product variation cannot be assessed.

The difference between inexperienced and skilled statistical practitioners becomes evident in how they

plan data acquisition. COV studies and DOE effectively organize or generate data to provide insight to
hypotheses. Inexperienced users of statistics tend to ignore the link between data and context and, as
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a result, jump directly to analysis rather than appropriately planning to collect the right data in the first
place. For example, most organizations gather tremendous amounts of data and then “torture the data
into submission”. The data analysts haphazardly run programs in the statistical software hoping to expose
something. What statistical tool should be used to look at the data? How can the data be organized to
prove my hypothesis is correct? While this historical/observational data may be useful to develop
hypotheses, it is not useful for drawing conclusions about causal structure.

Data Source Matters

Figure 1.1 shows a continuum of data sources from anecdotal to designed experiments. The order
reflects their effectiveness in understanding causality, not their convenience or efficiency. A practical rule
is: use red-zone data (anecdotal, research, simulation, historical, observational) to generate hypotheses,
and green-zone data (Sampling and DOE) to test those hypotheses and learn about causality.

RIB
( OFAT 2" Order RCB SP
"'\-.__- = .“‘,-. -------- ., 18t Ord@%RSM
Anecdotal Simulation Observational"x_ DOE
o | I | | | > ® : | >
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Figure 1.1: Data Source Continuum

The elements of the continuum are as follows. The red-zone of the continuum are data sources that are
useful for hypothesis development.

e Anecdotal: another person, engineer, manager, peer, tells you a story of what they have
experienced. This is often said with a tone of this is a fact, but more often, this is their hypothesis.

e Research: someone, somewhere else in a different inference space learned something and
wrote it down. This also includes benchmarking, which is usually best served as a motivational
activity and artificial intelligence search engines.

e Simulation: this one is tricky. If you are using an “off the shelf” simulation generator, the
algorithm already exists. What data was used to create the algorithm? Likely not yours. Is it
purely based on theory? How does it simulate real noise? Does it apply to your situation? If you
are experimenting with a factor and that factor is not in the algorithm, it will conclude the factor is

not significant. You risk the Type 2 error, that is abandon the factor for future considerations when
it is actually useful.
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e Historical: the good news, it is data from your processes. Unfortunately, it lacks context. We
don’t know what all of the variables were doing when the data was collected. We don’t even know
the measurement error.

e Observational: data being collected currently without plan. Data storage and adding sensors is
relatively cheap. Is the data collected at the right location, on the right thing, with the right
frequency, over the right time period?

In reality, there is a huge gap between the red and the green-zones. The green-zone of the continuum
are the data sources that are used to provide insight to the hypotheses.
e Sampling: collecting samples as a function of hypotheses to specifically partition and assign
sources of variation. Note, COV is a sampling strategy, not all sampling is COV.
e DOE: accelerate learning via manipulation of factors identified via hypotheses and sampling.
A practical rule: use red-zone data (anecdotal, historical, observational) to generate hypotheses, and
green-zone data (sampling, DOE) to test them and learn about causality.

Execution and Discovery

Most organizations behave as if all work is execution. That belief causes more damage than any
statistical mistake | have seen. Execution assumes the problem is well defined, the appropriate measures
are understood, the causal structure is largely known, and uncertainty is limited around an expected
outcome. Under those conditions, speed and efficiency are appropriate goals. Tools are selected, plans
are followed, and results are measured against expectations. There is nothing wrong with execution,
when execution is appropriate. Discovery exists when those assumptions fail. Discovery work begins with
an incomplete understanding, ambiguous problem definitions, competing hypotheses, inadequate
measurements and uncertainty that cannot be reduced by analysis alone. In discovery, the goal is not
speed, the goal is learning. Discovery work should precede execution.

Learning requires iteration, prediction, data acquisition designed to discriminate between explanations,
and a willingness to revise both questions, hypotheses and plans. Treating discovery as execution
guarantees frustration. One of the most common, and costly, errors in engineering organizations is
labeling discovery work as execution. This happens when management delineates timelines before
understanding exists, early data is treated as confirmation, iteration is seen as unnecessary and costly
rework, or experiments are expected to “prove” decisions already made. Under these conditions,
engineers learn quickly what is rewarded; confidence over curiosity, speed over insight, compliance over
improvement, short-term cost savings over long-term profitability. Learning slows, even as activity
increases.

Iteration is unavoidable in discovery. Yet it is often interpreted as costly and time consuming because
expectations were set incorrectly. If a project requires iteration, that is not evidence of poor planning. It is
evidence that the system is not yet understood. A lack of iteration should be a warning sign. When a
complex problem proceeds smoothly from definition to solution without revisiting assumptions, it usually
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means important variation has been ignored, key questions were never asked, or inconvenient data was
filtered out.

Traditional problem-solving models assume an assignable cause?. They suggest the appropriate steps to
take. Quality professionals enthusiastically decree their importance. It often seems like the application of
the tools is the objective. In discovery, tools probe, challenge, and expose ignorance. Using quality
metrics to judge discovery work is a category error. It punishes learning and rewards superficial certainty.
Discovery does not end when a model fits, a p-value is small, or an experiment is “successful.” Everything
that follows in this book depends on recognizing whether you are operating in discovery or execution. It
affects:

e how you define the problem,

e how you acquire data,

e when you sample,

e when you experiment,

e how you interpret results,

e and how you communicate with others.

Confusing the two is not a minor mistake. It is foundational. Discovery work places a cognitive burden on
the engineer that execution work does not. You are asked to hold multiple hypotheses simultaneously,
reason with incomplete and often contradictory information, make provisional decisions while resisting
premature commitment, and explain uncertainty to others who may not tolerate it well.

Most organizations provide no infrastructure for this kind of thinking. Schedules, metrics, and reporting
systems are designed for execution, not learning. Discovery may lead to execution when uncertainty has
been reduced enough to justify confidence, the cost of being wrong is understood, and the next steps are
robust to what is not yet known.

A more experienced user would, instead, start with an underlying set of questions, such as, what is the
motivation for investigation? What are the phenomena of interest? How can the phenomena be
quantified? Is the measurement system adequate? How much do | think | know about the phenomena?
What is the basis for this knowledge? What are the factors (x’s) affecting variation? What is the noise?
From the set of questions, they would develop hypotheses and consider multiple ways the collection of
data might provide insight to those hypotheses or in addition, try to find ways to provide evidence their
hypotheses are wrong. Perhaps a statistical test would be useful, but other approaches might be more
applicable, such as the use of graphical methods.

This shift in perspective from statistical technique to scientific investigation will likely change the way one
approaches data collection and analysis. After creating a list of questions, skilled statistical thinkers
discuss with their scientific/engineering collaborators the ways data might be collected to provide insight

2 See Visualize Variation, page 1-20

-12 ©Sigma Science Inc.



to their questions and, thus, what kinds of studies might be most useful. Together, they try to identify
potential sources of variability and predict all possible outcomes of a study. This is a major reason why
collaborating with statistical thinkers can be helpful, and also why the collaborative process works best
when initiated early in an investigation. Of course, having engineers capable of integrating the scientific
process and the statistical thinking together can be a huge advantage.

| suggest to start investigations by first determining where to work and the nature of the phenomena.
Which set of x’s provides greater opportunity for understanding the causal structure? Are the phenomena
special or common?? Partitioning the x’s, comparing and assessing leverage of each set of x's improves
the efficiency of the study. Provided the study will be iterative,

“It is better to confound, than restrict.”
Ross

Restricting factors in a study provides no opportunity to learn about their effects and constrains the
inference space impacting confidence in extrapolating results. Typically, investigations start far from
optimum and the initial work is to move in the direction of optimum. | suggest assume you know nothing.
The study often proceeds by developing a first-order, linear model. Linear models work well as a first
approximation or as a depiction of a general trend, especially when the amount of noise in the data
makes it difficult to distinguish between linear and nonlinear relationships. The appropriateness of the
model should be evaluated over the duration of the study. Keep in mind a good sampling plan,
implemented well, can often allow simple methods of analysis to produce excellent results. Simple
models help us to create order out of complexity, are more useful for prediction and are well suited for
communication to others. Thoughtful data collection can greatly simplify analysis and make it more
precise.

“Results of a well-planned experiment are often evident using simple graphical analysis. However, the
world’s best statistical analysis cannot rescue a poorly planned experimental program.’™

When substantial effort (i.e., time and money) will be involved in collecting data, statistical issues may not
be addressed in a question such as; What is the correct sample size? Sample size is seldom the right
question for an analytical problem. More appropriately, is the sample representative of future
considerations; over what changing conditions does the engineer want to observe and draw conclusions?
Rather than focusing on a specific detail in the design of the experiment, someone with statistical
experience is likely to step back and consider many aspects of data collection in the context of overall
goals and may start by asking; What would be the possible outcomes of the sampling plan, and how
would the data be interpreted? What could be done with this information? What if the hypotheses are
wrong? How likely is this experiment representative of future conditions? How will this information

% Deming, W. E., (1982) Out of The Crisis, Cambridge, MA: MIT Center for Advanced Engineering Study, Ch. 11
4 Hahn, Gerry, Doganaksoy, N. (2008) The Role of Statistics in Business and Industry, Wiley
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increase understanding of the phenomena and the causal structure? What will the next iteration of study
look like?

In trying to determine the relationship between x’s and Y’s, key issues involve:

e Hypotheses as to why the x’s might affect the Y’s,

¢ Understanding of the amount of change in Y’s that is of engineering or scientific interest (i.e.,
practical significance),

e The way x and Y are measured (measurement uncertainty and discrimination),

e The extent to which the measurements represent the underlying causal relationships of x and Y
(Have both varied enough during the study?),

e The ability to identify and account for the multitude of factors (perhaps confounded) that could
affect the measurements, and

e Whether some of those factors might introduce systematic errors (bias) or act specially.

This process of data analysis often involves a multitude of outputs of statistical procedures, including
many plots and graphs and a host of quantitative tables. These need to be interpreted. This is one reason
| encourage engineers to develop a personal User Guide. In discovery, the User Guide serves as:

e areminder of questions that should be asked before acting,

e aplace to capture elements of iteration that assure due diligence,

e arecord of what has challenged you in the past,

e advice on what to do given the “it depends” nature of investigation,

e and a guardrail against rushing into tools simply because they are available,

e Links between situation diagnostics and applicable tools.

The User Guide does not define the way to proceed. It helps you be thorough in deciding your next steps,
given what you know at the time. As discovery progresses, and as understanding improves, the User
Guide should evolve along with it. Discovery is iterative by nature. Your thinking infrastructure should be
as well.

A note on optimization. We are continually trying to optimize our products performance, but optimization
is not a steady state. | believe there are two reasons why we will always be in the act of optimizing (aka.
continuous improvement). First, we never start with all possible variables, we always start with some
subset. Second, as technologies, measurement systems and materials change, so changes the optimum.

Initial Questions That Motivate This Work

Engineering work often begins with deadlines. Someone proposes a solution, suggests an experiment or
analyzes an existing data set. Only later, sometimes much later, does anyone stop to ask whether

the right questions were ever articulated. This methodology is about treating questions as first-class
engineering products, deserving the same care and scrutiny as designs, models, or experiments.
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“The mere formulation of a problem is often far more essential than its solution, which may be merely

a matter of mathematical or experimental skills. To raise new questions, new possibilities, to regard

old problems from a new angle requires creative imagination and marks real advances in science.”
Albert Einstein

In practice, engineers are handed complaints, symptoms, deadlines, or directives. “Reduce variation.”
“Improve yield.” “Fix this process.” “Make it cheaper.” “Run a DOE.” These are not questions. They
provide motivation, almost always urgent, but they do not define what needs to be learned. The real work
of discovery begins when those signals are translated into questions that can be investigated. Tools
answer the questions they are asked, nothing more. If the question is vague, the answer will be
ambiguous. If the question is mis-framed, the answer may be precise and useless. If the question is
premature, the answer may mislead. No amount of analytical sophistication can compensate for a poorly
formed question. There are stupid questions and | have asked some of those. Experienced engineers
learn, sometimes the hard way, that progress accelerates when effort is invested upstream, in question
formulation, rather than downstream, in analysis. Ironically, you need to be well versed in the tools and
analysis to ask better questions.

Useful questions in discovery tend to share several characteristics, they:
e expose uncertainty rather than hide it
e lead to multiple plausible hypotheses
e suggest what could be measured to discriminate between those hypotheses
e indicate what data is necessary
e evolve as learning occurs

Early questions are often broad and imprecise. That is acceptable. What is not acceptable is treating
them as fixed. A red flag in any discovery effort is a question that never changes. Every question implicitly
defines what is in scope, what data will be considered relevant, whom should be asked, and what
conclusions will be considered reasonable. When questions are inherited without critical thought, often
from management, customers, or prior work, the scope is inherited as well, along with its biases.
Questions that matter usually lead to multiple hypotheses, not one. For example: Is the issue driven by
materials, process, environment, distribution, customer use, or measurement? Is the variation inherent,
assignable, or induced by our own actions? Is this a stability, mean, variation, or a leverage problem?
Good discovery work resists collapsing these possibilities too early. Thought maps and similar tools are
useful here because they make competing hypotheses explicit and inspectable. They allow the
investigator and teams to see not just what is being considered, but what is being ignored.

The methodology presented in this book emerged from a recurring set of questions | encountered
repeatedly in practice and instruction. These questions are not academic; they shape decisions with real
consequences. What does it mean to apply statistics? What statistics are useful under what
circumstances? What statistical technique should be used for different situations? How and where should
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data be collected? How should data be analyzed? How should results be interpreted? What does
statistical significance actually mean? How does statistical significance relate to practical significance?
How can data be used to help me understand how and why things work? How can | predict future
performance?

A common misconception is that statistical thinking is something applied after data exist. In reality, the
most consequential statistical decisions are made before any data are collected. These decisions
determine, what questions can be answered, how the data should be collected, what tools should be
used for analysis, what conclusions are justified, and how confident one can be in extrapolating results.

Sigma Science: Merging Scientific Method and Statistical Thinking

In this book, Sigma Science refers to the deliberate integration of scientific method and statistical thinking
as applied to engineering and scientific practice. Effective engineering and scientific progress depend on
scientific method; hypothesis generation, prediction, data collection, analysis and interpretation. Learning
occurs through iterative cycles of induction and deduction. Each cycle resulting in learnings, modified
hypotheses, abandoned hypotheses and a new set of questions.

In its most potent form, Sigma Science focuses on increasing the competency and critical thinking of
organizations; engineers, scientists, and business professionals alike. This is achieved by creatively
merging:

e process and product knowledge,

e laws and principles of the physical sciences,

e individual contributor experience and intuition,

e collaboration with others,

e and appropriate application of statistical methods.

The power of Sigma Science is not due to the statistical toolbox, nor in the indiscriminate application of
engineering resources. It comes from merging statistical thinking with scientific method.

“...Use of data requires knowledge about different sources of variation.” °®

Statistical thinking emphasizes understanding variation; its sources, structure, and implications. Without
this understanding, analysis becomes mechanical and conclusions become precarious. Statistical
thinking does not replace this process. It strengthens it by providing a disciplined way to analyze,
understand and interpret the data.

5 Deming, 1995 The New Economics
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Enumerative and Analytical Perspectives

It was Dr. W. Edwards Deming who first distinguished between enumerative and analytical studies®.
Enumerative studies focus on the judgment, explanation, evaluation and description of what already
exists. | sometimes refer to them as autopsy statistics, useful for describing, but limited for prediction.
Distributional analysis, confidence intervals, regression models, statistical tests and summary statistics
are all examples of enumerative statistics. In contrast, analytical studies aim to understand causality in
order to predict what may happen under future conditions. | will be focusing on the analytical nature of
investigation in this book.

| want to highlight two key differences between the types of studies: For the question of: How do we arrive
at a more representative study? The enumerative thinker suggests a random sample (to mitigate bias)
and to increase the sample size. An analytical thinker will suggest using hypotheses to guide sampling to
make it more representative. For prediction, the enumerative thinker uses probability. For example, if
you want to predict the force an object will exert upon being dropped, drop the object many times and
record the force. Create a distribution of forces and state the next force will fall within this distribution. An
analytical thinker develops a mathematical model, F = ma, measure the acceleration and mass and use
the formula to predict the next force. Sampling plays a role in both contexts, but the intent differs. In all
cases, sampling implies that not everything will be measured, only a subset. The selection of that subset
is not a trivial detail; it provides the context for everything that follows. What questions can be answered,
what analyses are appropriate, what actions are justified, and how confidently results can be extrapolated
are entirely dependent on how the data are acquired.

The Dictionary

To understand Y = f(x), one must first identify the x’s. | often illustrate this with a simple analogy.

| ask someone to think of a word in a common English dictionary, roughly 60,000 words, an exaggerated
analogy of the number of variables in the system you are trying to understand. My task is to guess the
word. This is a zero-knowledge sampling idea. That is, | have no hypotheses as to what the individual
might be thinking about. | guess some singular words, elephant, lubricity, etc. | stop and ask; What do you
think of my sampling plan? The response is, not good, we’ll be here all day. Random guessing is
inefficient and ineffective. A better strategy is to ask questions that systematically reduce the search
space. For example, you might ask a question with a binomial response: Is the word in the first half or the
second half of the dictionary? With a single question, approximately 30,000 words are eliminated. By
repeating this strategy, each time dividing the remaining possibilities in half, you can identify the word in
fewer than sixteen questions. Remarkably, this can be done without any prior knowledge of the person,
the word, or its meaning.

Now consider what happens when prior knowledge is introduced. If you have hypotheses about the type
of word the person might choose, you can partition the dictionary into smaller, more informative subsets.

% Deming, W. Edwards (June 1942). "On a Classification of the Problems of Statistical Inference". Journal of the American Statistical
Association. 37 (218): 173-185
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Each question becomes more efficient, and fewer questions are required. The more specific the
hypothesis, the more obvious the sampling to provide insight to that hypothesis. This is the conceptual
basis for directed sampling. Now consider a different situation: the word is not in the dictionary. No
amount of questioning, data collection, partitioning, or analysis will identify it.

This is the dictionary illustration that | will refer to often in the book. In engineering and science, the
“dictionary” is the set of factors, the x’s, that could affect the outcome of interest. If a variable is not
identified, it is impossible to be studied. If it is not studied, it cannot be analyzed. If it cannot be analyzed,
it becomes a hidden source of confounding. The longer the problem has been around the more likely it is
due to factors never studied. The objective of early-stage thinking and mapping is not to create

the best dictionary, but the most inclusive dictionary possible at the time, knowing that it will evolve as
learning occurs. Do not leave words out due to your preconceived ideas.

Why is it Important to Understand Data Acquisition

Inexperienced users of statistics often jump directly to analysis without understanding context. Large
volumes of historical or observational data are examined with the hope that insight will emerge. Statistical
software is run repeatedly until something appears interesting. This can be quite useful if the intent is to
develop hypotheses. This is the basis for “data mining”. Observations from these studies implore the
investigator to explain what they see in the data. These explanations are hypotheses. While such data
may be useful for generating hypotheses, they are rarely sufficient for drawing conclusions about causal
structure.

More experienced practitioners begin elsewhere. They ask what do they want to know, why they want to
know it, how the phenomena can be quantified, what should be measured and is the measurement
system is adequate, what sources of variation might be affecting variation, and how will | get data to
provide insight into my multiple hypotheses. Only after these questions are considered does it make
sense to decide how data should be collected.

“Why we take data:
a) To obtain quantitative information
b) To obtain a causal explanation of observed phenomena”
Shewhart Economic Control of Quality of Manufactured Product (p. 55)

Prediction, Iteration, and Learning

All meaningful engineering and scientific work is iterative. Before collecting data, thoughtful practitioners
make predictions. They predict what data they expect to observe, they enumerate all plausible outcomes,
and they consider what actions they would take under each possible outcome. In doing this, they develop
multiple options for data collection. Each differing in what will be estimable, confounded or restricted in
the study and each having different resource requirements. They compare and contrast the multiple plans
and then pick one knowing there will be iteration. | use a simple acronym, KISS, Keep It Simple and
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Sequential. Prediction forces assumptions into the open. It provides a reference point for reflection.
Learning occurs not only when predictions are confirmed, but when they are violated.

"We are to admit no more causes of natural things than such as are both true and sufficient to explain
their appearances."”,

"Pluralitas non est ponenda sine necessitate."

All things being equal, the simplest explanation is the best. This guideline has been included in operating
procedures across many fields. This principle of economy can be a useful guide. Do not try to answer all
questions, provide insight to all hypotheses and get a prediction model in one plan. The likelihood your
first plan captures everything you will need to know is close to zero.

“The first sampling plan is intended to help design a better sampling plan.”
Ross

It is recommended to start with simple approaches and only add complexity as needed. When building
mathematical models, start with first-order terms and add higher order as necessary. This follows the
Effect Sparsity® and Effect Hierarchy'® Principles and also implied by Taylor series order. Interactions
among explanatory x’s, nonlinear models, missing data, confounding, sampling biases, measurement
error and so on, can all complicate the ability to create a simple useful model.

Variation and Causality

All measurements exhibit variation, everything varies. Repeating a measurement under nominally
identical conditions will not produce identical results. Understanding what creates variation, and how it is
structured, is central to analytical statistics. To learn about causal relationships, x’s must vary while Y’s
are measured. We look for the relationships between the changing x’s and Y’s. In order for a factor effect
to be quantified, it must vary in the study. The more the factor varies, the easier it is to detect its effect.
Conversely, if the factor does not vary in the study, there is no way to determine that factor’s effect.
Correlation may be evidence of, but does not by itself imply causation. This is one of the most serious
and common errors of human reasoning'’. To reasonably infer causality, correlation is necessary but not
sufficient. The case for causation is strengthened when variables are deliberately manipulated in a
designed experiment or when structured variation is introduced through a well-designed analytical study,
and when rational, logical hypotheses support these observed relationships. Correlation without

Sir Isaac Newton (1687) Principia

Occam’s razor, William of Ockham, 14" century

Box, G.E.P.; Hunter, J.S.; Hunter, W.G. (2005). Statistics for Experimenters: Design, Innovation, and Discovery. Wiley. p. 208.
Wu, Jeff and Michael Hamada (2000) Experiments: Planning, Analysis, and Parameter Design Optimization. New York: Wiley.
p. 112.

A couple of others: a temporal bias, when an event takes place, we look to what immediately preceded it and only getting data on
factors we suspect matter, never getting data to support the factors that we are not suspicious of.
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explanation is pattern recognition, not understanding. Without hypotheses grounded in physical,
chemical, or biological mechanisms, correlation remains an observation, not an explanation.

Visualize Variation

Figure 1.2 includes a “picture” of variation. It displays to fundamental belief that variation exists in
everything. Although a true normal distribution is theoretical and does not exist in reality, using it for data
interpretation is useful. There are two models associated with the distribution. Shewhart calls data “under
the curve” Unassignable, chance or random variation. Deming calls this variation Common Cause, a
function of the many x’s varying in the system. The X, Shewhart designates Assignable and Deming
calls this Special Cause variation. The models are similar, but not identical.

X
| )
I
Unassignable Assignable
Common Cause Special Cause

Figure 1.2: The Normal Distribution with an Outlier

Special causes are rare by definition. Since assigning them as special is time dependent, the appropriate
reaction can be challenging. Taking common cause like action (e.g., change the process or design)
assuming a special cause is usually ineffective and often increases variation'?. Reacting to special as if it
were common is also inefficient. Changing the process or design every time a defect is found can be
expensive, disruptive and may not reduce variation anyway.

“There are common causes associated with the system (and also potentially special causes). It is
unfair, wrong, and counter-productive to blame the individual for the failings of the system. Sure we
don’t like mistakes, complaints from customers, accidents —but if we weigh in at them without
understanding, then we make things worse.”

W. Edwards Deming

2 See Deming funnel experiments, Out of the Crisis, p. 327
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Guiding Perspective

Several principles guide the methodology presented in this book. Start with questions rather than tools.
Make assumptions explicit. Identify variables before collecting data. Prefer representativeness over
sample size. Use prediction to expose bias. Accept iteration as fundamental. Favor simple explanations
when sufficient. Do not try to learn everything in the first study. The first iteration is designed to inform the
next.

The Four Tools
The methodology described above is operationalized through four integrated tools. | intentionally limit the
framework to four to avoid overwhelming learners and to support effective knowledge transfer. Each will
be discussed further in separate chapters.
First is critical thinking. The disciplined, independent, and deliberate process of framing questions,
articulating assumptions, generating hypotheses, making predictions, and reflecting on outcomes to
understand causality. Critical thinking is internal, iterative, and inherently personal. Because it is
difficult to observe, it must be externalized to be examined, shared and improved. | use Thought
maps to visualize critical thinking.

Second is mapping. Mapping engages the visual sense, which plays a dominant role in human
cognition. | distinguish between Thought maps and Process/product maps. Thought maps externalize
the critical thinking process, while Process/product maps are visual aids to help the investigator be
thorough in identifying the Y’s, y’s, X’s and purpose, by location. Thought mapping helps manage
complexity and reduce cognitive load. Process/product mapping supports the investigator in
developing a comprehensive “dictionary”. These maps provide contextual framework necessary for
interpreting results from the study by facilitating identification of what the x’s are doing in relation to
the data collection strategy.

Third is directed sampling, which | will refer to as COV studies. COV is used to understand what
already exists, to assess stability, quantify sources of variation, determine leverage, and decide how
an investigation should proceed. Sampling plans are designed as a function of hypotheses and
questions, not convenience.

Fourth is designed experimentation, which accelerates learning by intentionally varying factors.
When used properly, experimentation provides insight into causal relationships that cannot be
obtained through observation alone. Effective experiments are designed with iteration, inference
space, and future learning in mind.

These tools are not linear steps. They are used iteratively, and each informs the other.

“While techniques are important...knowing when to use them and why to use them is more important”
Tukey (1954)
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How Part | of this book proceeds

This chapter establishes the methodological foundation of Sigma Science. The remaining chapters in Part
| develop the foundations of Sigma Science:

Chapter 2 treats critical thinking, not as an abstract idea, but as a disciplined practice for engineering
and scientific work. Before variables are mapped, before data are collected, and before statistical tools
are applied, someone must decide what questions are worth asking and why. This is where learning
begins.

Chapter 3 discusses prediction as a strategy, a guide to action and self-assessment of knowledge.
Chapter 4 develops the different types of mapping to support learning and engage the visual sense.
Chapter 5 links critical thinking to data collection strategies.

Chapter 6 and 7 elaborate on COV and DOE.

Chapter 8 exposes the impact of noise on experimentation.

Chapter 9 describes analysis and interpretation to gain insight into hypotheses.

Chapter 10 introduces the User Guide as a self-reflective compendium of knowledge.

Chapter 11 contains some of my reflections and bias.
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Chapter 2
Critical Thinking as a Discipline

What Is Critical Thinking?
Critical thinking, as used throughout this book, is not a personality trait, not intelligence, and not simply
being skeptical. It is a disciplined practice. | define critical thinking as:

The intellectually disciplined, independent, and deliberate process of actively and skillfully
conceptualizing, applying, analyzing, synthesizing, evaluating, critiquing, and predicting information
gathered from observation, experience, reflection, reasoning, collaboration, and data collection, as a
guide to understanding causality.

Several aspects of this definition are intentional. First, critical thinking is independent. Collaboration is
valuable, and essential for mitigating your own bias While collaboration informs critical thinking, critical
thinking itself requires individual ownership of questions, assumptions, hypotheses, and reasoning.
Critical thinking itself is not a team sport.

Second, critical thinking is deliberate and disciplined. Humans are naturally curious and naturally ask
questions, but undisciplined questioning often leads to scattered effort, fixation on the wrong issues, or
endless iteration without learning. Discipline is what turns curiosity into progress.

“Critical thinking calls for a persistent effort to examine any belief or supposed form of knowledge in
the light of the evidence that supports it and the further conclusions to which it tends.”"*

Third, critical thinking is meta-cognitive. It includes reflection on how one is thinking, not just what one is
thinking. This reflective component is what allows improvement over time.

“Critical Thinking is a deliberate meta-cognitive (thinking about thinking) and cognitive (thinking) act
whereby a person reflects on the quality of the reasoning process simultaneously while reasoning to a
conclusion. The thinker has two equally important goals: coming to a solution and improving the way

she or he reasons.”
Moore, 2006

Finally, while not required of critical thinking in general, the guiding principle of critical thinking in
engineering and science is understanding causality, how and why things work, not merely describing
patterns or producing answers.

'8 Edward M. Glaser, An Experiment in the Development of Critical Thinking, Teacher’s College, Columbia University, 1941
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Why Critical Thinking Matters in Engineering and Science
Most engineering and scientific studies fail to be as informative as they could be, not because of poor
tools, insufficient data, or lack of intelligence, but because the thinking that precedes data collection is
underdeveloped or implicit. We, collectively, fall back on explanations for the phenomena after the
phenomena occurs and often implement solutions to those explanations without testing. We fail to realize
those are hypotheses that need to be evaluated before solutions are implemented. Common failure
modes include:

e collecting data without knowing what will be done with it,

e jumping directly to data analysis with existing data,

¢ insufficient data sets,

e unknown measurement errors,

e mistaking statistically significant results for meaningful ones,

e or discovering too late the study cannot answer the questions that motivated it.

Here is an example. | recall working a project on a chemical process to improve yields that included a
batch reactor. There was an enormous amount of historical data. There was pressure from management
to use the historical data, and to get a quick solution rather than designing an experiment or conducting a
component of variation study. The historical data reflected one data point per batch for each of the
variables (e.g., there was one thermocouple in the reactor, one measure of chemistry from one sample of
the batch). As it turns out, the problem was within batch. It was impossible to estimate the within batch
variation. Experiments were run on factors changing batch-to-batch. Variation was created in the
experiment and factor significance was determined, but it did not have any effect on the problem at hand.

Critical thinking addresses these failures before data are collected or analyzed. A thoughtfully designed
study often allows simple analysis to yield powerful insight. Conversely, no amount of sophisticated
analysis can rescue a poorly conceived study. This is why critical thinking is not an abstract philosophical
exercise in this book. It is a practical engineering skill that directly affects the effectiveness and
efficiency of studies.

Critical Thinking and the Scientific Method

Engineering and scientific progress has always relied on the scientific method': observation, hypothesis
generation, testing, and refinement. Learning occurs through iterative cycles of induction and
deduction.

“Once you have learned to ask questions - relevant and appropriate and substantial questions - you
have learned how to learn and no one can keep you from learning whatever you want or need to
know.”

Neil Postman, Teaching as a Subversive Activity, 1961

' Invented by Sir Francis Bacon, Novum Organum, 1620
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Figure 2.1: Diagrammatic Representation of The lterative Learning Process'®

Critical thinking is what makes those cycles productive. Observation without reflection leads to data
analysis without understanding. Hypotheses without discipline lead to confirmation bias. Testing without
prediction leads to post-hoc rationalization.

The purpose of critical thinking is not to be “right,” but to create a structure for learning. Being wrong,
when done thoughtfully, is often the fastest path to understanding.

“You have to have a willingness to repeatedly fail.”
Jeff Bezos

This perspective aligns with Box’s model (Figure 2.1) of the scientific method, which emphasizes iteration
and learning rather than final answers. Models are provisional. Understanding evolves.

What Critical Thinking Looks Like (and What It Does Not)
When someone is thinking critically in an engineering or scientific context, several behaviors are
consistently present:

e Questions are documented, not just virtual.

e Assumptions are made explicit.

e Hypotheses are articulated before data are collected.

e Predictions are made prior to data collection strategy selection.

e Alternative explanations are actively considered.

e Outcomes are reflected upon, regardless of whether they confirm expectations.

In contrast, a lack of critical thinking often appears as fixation on a single explanation early, reliance on
tools to “find something” in the data, retroactive justification of results, implementing solutions before

'® Box, G.E.P, (1999) Statistics as a Catalyst to Learning by Sigma Science Part Il — A Discussion Journal of Quality Technology 31
(1
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understanding the problem, or confusion about what was actually learned. Critical thinking does not

eliminate bias, but it makes bias visible.

Suppose you are holding an apple in your hand. Now you let the apple go. You observe the result
and say, “The apple falls.” That is a description. A prediction might have been the statement “The

apple will fall if | open my hand.” Both are valuable, and both can be correct. But an explanation is

something more: It includes not only descriptions and predictions but also counterfactual conjectures

like “Any such object would fall,” plus the additional clause “because of the force of gravity” or

“because of the curvature of space-time” or whatever. That is a causal explanation: “The apple would

not have fallen but for the force of gravity. That is critical thinking.”'®

Questions

Not all questions advance understanding. The discipline lies not in asking more questions, but in asking
more informative ones. | have accumulated some advice for myself regarding the questioning process.

First, understand what the purpose is for your question. Some Reasons for Asking Questions:

Improve understanding, gain insight, get clarification
Probe assumptions

Evaluate, assess and get feedback (instructor)
Explore implications/consequences

Drive behavior

Challenge knowledge

Stimulate creativity (Elicit alternative perspectives)
Establish rapport and inclusiveness

Establish scope/boundaries

Show interest

Make a point (rhetorical)

Focus on the Questioning, not just any questions, but intelligent ones. How to improve the quality of

questions:

1.

Consider whom you are asking the question to. Is that person the correct one to answer the
question? Do they have insight or perspective that will add to my current knowledge? Are they at
the appropriate level in the organization to provide such insight?

Ask the question at a reasonable time. Not when there is an emergency or when personal issues
may distract from the question

Consider how to phrase the question. How did you create this scrap? Vs. What do think
contributes to the problem?

My advice is to predict, just before you ask, all possible answers to the question you are about to ask.
What would you say if you asked yourself the question? Will the answer be useful? If not, modify the

question accordingly or don’t ask the question.

6 Noam Chomsky, lan Roberts and Jeffrey Watumull, “The False Promise of ChatGPT”, New York Times, March 8, 2023
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Externalizing Thinking

Critical thinking happens internally, but improvement requires externalization. When thinking remains
internal: it cannot be reviewed, it cannot be challenged, and it cannot be improved efficiently.
Externalizing thinking, through sketches, diagrams, notes, flowcharts or check sheets, creates an artifact
that can be examined and refined. This does not replace thinking; it enhances it. Externalized thinking
slows premature convergence, exposes hidden assumptions, supports parallel lines of inquiry, and allows
others to engage with the reasoning rather than the conclusion. The goal is not to produce a perfect
diagram. The goal is to make your current understanding explicit enough to be examined. This is the
intent of the Thought map.

Thought maps (see chapter 4) do not start as documentation for others. They are working representations
of how you think, independently. Eventually they can be used to collaborate and share ideas with others.
They evolve. They are incomplete. And they are owned by the individual.

Prediction and Reflection

A central element of disciplined critical thinking is prediction. As a word of caution, a prediction is not a
restatement of the hypothesis. Predictions are the data (specific values of the metrics being considered),
all possible outcomes and actions for each possible outcome. Prediction prepares the mind to learn. As
Pasteur observed:

“Dans les champs de l'observation le hasard ne favorise que les esprits prepares”
Louis Pasteur, 1854

Or roughly, Chance favors the prepared mind.

Reflection completes the cycle. After data are collected. How did the actual data compare to the predicted
data? The delta between predicted and actual data is what | call the Ross Metric. How and why did
reality differ from expectation? What does that difference say about my understanding? What new or
modified hypotheses are relevant?? Learning occurs in the gap between prediction and reality. |
discuss prediction further in the next chapter (3).

| summarize the project investigation process with a model in Figure 2.2. The process begins with some
motivation. The investigator performs situation diagnostics which culminate in a set of hypotheses. Data
collection plans are developed to provide insight to those hypotheses. Predictions are used to help
choose the appropriate plan. Data is collected, analyzed and interpreted through the lens of the engineer.
Learnings are documented and implemented, new questions and hypotheses are uncovered, some
hypotheses are archived and some are modified.
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Figure 2.2: My Model for Project Investigation

The cycle, similar to Deming’s Plan, Do, Study, Act (PDSA), or the Shewhart Cycle, iterates as questions
are answered and new questions arise.
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Chapter 3
Prediction as a Strategy

One of the most powerful, and underutilized, mental tools in engineering and scientific work is prediction.
Prediction is often treated as a byproduct of analysis, something that happens after a model is built or a
study is completed. In this methodology, prediction plays a very different role. Prediction is a precondition
for learning. In analytic work, the goal is not to describe what has already happened. The goal is to learn
enough about a system to anticipate what will happen next. Before data is collected, before COV,
before an experiment is run, prediction requires engineers to answer a simple but revealing questions:
What do we expect to see in the data? What are all possible outcomes? What will | do for each possible
outcome? Prediction forces clarity of thinking. It exposes assumptions. It reveals what is known, what is
believed, and what is merely hoped. Prediction is not speculation. A prediction is a conditional
statement, grounded in explicit hypotheses and subject-matter knowledge. Predictions are an honest,
although biased, assessment of knowledge and uncertainty.

Why Prediction Matters

Many investigations encounter difficulty not because the data are confusing, but because expectations
were never met. When results differ from what was hoped or assumed, engineers often enter an excuse-
and-blame cycle, questioning the data, the measurement system, the operator, or the method, rather than
learning from the discrepancy. Prediction changes this dynamic. When all reasonable outcomes are
predicted before data are collected, one of those outcomes will be correct. This prevents the post-hoc
explanation game. The objective is not to be right, but to be prepared.

What Engineers Are Asked to Predict

When | ask engineers to predict, | am not asking for a single number or a narrow forecast. | expect
prediction at multiple levels. First, engineers should predict the actual data they expect to get from their
proposed data collection strategy, whether that strategy is a sampling plan or a designed experiment. For
example, with a designed experiment there are treatment combinations that specify factor levels for a run
of the experiment. If these factors are set at these levels what should be the value for the measured
response variables? This prediction forces reflection on plausibility, measurement resolution, current
understanding of the system and reflects the inherent bias of the engineer. In addition, this prediction is
used to estimate the Ross metric, a quantified measure of your knowledge.

Second, engineers should predict all possible outcomes. Not just the ones the engineer is hoping for.
The engineer should anticipate, if this is the result what will | do with that insight? Why might | get this
outcome? How would | modify my hypotheses for each instance?

Third, identify what course of action would be taken for each possible outcome. This ensures the study is

purposeful and that results will lead to decisions and actions rather than debate. For each predicted
outcome, | expect engineers to answer this question: If this occurs, what will | do next? This may involve
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revising hypotheses, redesigning the sampling plan, running a follow-on experiment, or stopping entirely.
If your course of action is the same regardless of the data, there is no need for the data. Prediction

without a corresponding course of action is incomplete. Analytic work is not finished when results are
obtained. It is finished when decisions are informed.

The following example is intentionally detailed. Its purpose is not to teach analysis techniques, but to
illustrate how prediction structures thinking before data are collected. | will discuss the detail of analysis in
Part Il of the book. The project motivation is to understand customer issues with a refrigerator. It starts

with a Thought map including motivation, questions, observations, and hypotheses leading to data
collection opportunities.

Motivation: No ice/water at Customer, .
Coiled water tubing frozen Whgt leads to_ water tubing
freezing? Is this a symptom?
What affects temperature
profile, air flow?

Why did we change
the design?
Performance, size,
cost, weight...?

How is the
phenomena
measured?

Y's:, Temperature profile,
Efficiency, Cost, flow,
water temp.

Are there other Y's?

Did we have customer complaints?
Is the measurement system adequate?

Are we trying to gain access to other

Are there any clues

e How does water What assy. to occurrences of g&rkels? (Whal other changes were m(adf?
Is the measurement precise, consistent, flow through th frozen coils? ier customer concerns, requirements?
discriminate? How much A matters? gh the process factors What is the sense of urgency?
How should the measurement tank? Air around affect the What resources do we have?
system be studied? the tank? performance? ! Any existing/historical data? What s the spec.?
Should the measurement process \ Any patterns in current product
be mapped? Are there pockets of standing \ variation? Is there a temp profile? Effect of
water? Type of water? Is the installation process adequate? components in
Can we watch the flow... 1

Is it mfg. or materials? Linked to usage?
Die the liquid? Air flow?

system?
1\ Any lines freezing? Y

Variation is unknown
as it has never been

Do raw
materials affect

Identifying X's Compressor, evaporator,

is necessary \ diffuser, thermostat
variation?
studied. Likely the temp? \
temperature profiles \ .
N e What material is the coil made of? Is it affected
are unknown What insulators? Thickness, \ by user
R-value? . .
I there lot-to-lot variation? Create process map “ controls? Is the installation
Water & Air Flow Within lot? process creating
is i i Multipl liers? 2
is inconsistent Mi\t:glz E‘éﬁgnr; Does the current assy process vary? Within or between products/units? problems?
allowing the fluid Any seasonal fluctuations? Does this provide clues to User settings, usage?
to super cool How is raw material quality leverage factors? - V' Envionment? Cor;tents? How is the product shipped?
measured? Do_e§ it vary _unl(-lo-ur;l(. \ Connections/lines? How is it stored?
Is it consistent? Within machine, tank?
Is it consistent? \

How is it transported?
How does the environment affect product
quality/life?

\

Variation due to
improper insulation
installation (amount
and location)

Significant unit-to-
unit variation due
to component and
end-user

ot-to-lot Variation due
to inconsistent
manufacturing
processes

Is this a new
product design?

Difficulty in following
instructions due to

Can the design be modified? Volume/geometry?
their ambiguity

Location of the coil? Proximity to air flow?
Can different materials be used?

Can we use a different insulator?

Can a heat source be added?

What constraints are there?

Do we need to make it faster?

Cheaper? Last longer? Others?

Proximity to cooling lines? Water line configuration?
Proximity to heat sources/doors?

Sampling plans (see plans)

Create Product map
KEY
Green - Motivation

Black - questions
Black italic - Y's

Red - Theories

Blue - sampling plans

Purple - Findings, conclusions, learnings Design experiments

Figure 3.1: Thought map

Figures 3.2 & 3.3 are just two of multiple potential sampling plans. It is always recommended to design
multiple plans. Each plan will differ in the potential for knowledge to be gained. What the plan can
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estimate, what is confounded, what is not in the study. That potential knowledge gain is contrasted with
the resources required to execute the plan. Ultimately, one of the proposed plans is carried out.

Plan 1
Week 1
Measurement 1
Device 1
Hne //\
Design 1 2 cee 8
Unit 1 /2\ 3 J cee 16
Measurement 1 /i 3 4 5 6 7 8 oo 31/¥2
Figure 3.2: Sampling Plan 1
Plan 2
Day 1
Measurement 1
Device
Model 1
Coil %\
Geometry 1 /Zl tee 5
Unit-to-Unit 1 2 3 4 cee 1(<
Locationin Unit 1 2 1 2 1 2 1 2 eee 1 2
Measurement 1 2 3 oo 19 20

Figure 3.3: Sampling Plan 2

| will continue using plan 1. Three hypotheses, from the Thought map, associated with each “layer” in the

sampling tree. This layer is correlated to x’s on the product map which are color coded to match the plan:

Hypothesis 1: There is variation in the measurement system due to equipment precision, and

connections to the thermocouple(s). Measurement system variation is unknown as it has never been

studied. Designated Measurement for this illustration.

Hypothesis 2: There is variation in assembly due to ambiguous assembly instructions and supplied

components due to supplier manufacturing variation (These confounded in this study). The air flow

and water circulation are dependent on consistent performance of the components and the correct
assembly of those components. Designated Unit for this illustration.

Hypothesis 3: There is variation of the proximity of the coiled tubing with respect to super cooled air

due to a design flaw. The closer to super cooled air, the more likely freezing will occur. Designated

Design for this illustration.
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A change in 0.5 units of the measurement scale is of engineering interest. This is practical significance.

Predicting the data compels you to think through the plan. Is it reasonable? Are all of the combinations
possible? It provides an opportunity to practice the data analysis and go through the possible what-if
scenarios: outcomes and subsequent actions. Also, it provides a method for assessing your current state
of knowledge as mentioned earlier, the Ross Metric (AActual — predicted). Predictions are a function of
current understanding and biases as to factor effects. Here is an excerpt of predicted data:

Predicted Actual

Design Unit Measurement Y1 Y1

1 1 325

1 1 2 33

1 2 3 315

1 2 4 32

2 3 5 355

2 3 6 36

2 4 7 34

Table 3.1: Subset of Predicted Data Table

Analysis can be performed with the predicted data. This enables me to plan how the data will be analyzed
before | acquire it. | will show one sequence of each possible scenario. The objective is not to be right, but
be thoughtful. While | won’t redo predicted data, | will anticipate all possible outcomes and subsequent
actions.

| will first take a practical look at the data without any summary statistics. Is there enough variation in the
response to justify further analysis? In this case, the data must vary greater than the 0.5 practical
significance. If there is not enough variation, it is either due to insufficient measurement discrimination or
the inference space was too small. That is, the factors that are causing the variation did not vary enough
in the study. Since the problem has already been identified with the current measurement system, it
seems reasonabile it is not a measurement discrimination issue. Going forward, | will need to expand the
inference space allowing more time for variables to vary and for additional variables to be included in the
study. If there is practically significant variation, | will look for any obvious deviations from my predictions.
If there are, consider why? How confident am | with my predictions? Can | explain why the actual data is
different from my predictions?

| will then take a graphical look at the data. If there is an obvious pattern in the data, | will be most

suspicious of the x’s associated with that pattern. For systematic plans, color/symbol coding the data can
be helpful for identifying patterns.
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Figure 3.4: Variability Chart of Predicted Data (Marked by Design)
Given this plan, | will analyze each layer in order, starting with the bottom layer.

Plan 1

Week 1
Measurement 1

Device 1
Hne M
Design 1 2 cee 8
Unit 1 /|2 3 J cee 16
Measurement {"1 //i\; 3 4 5 6 7 8 e 31/\32

Figure 3.5: Sampling Plan with Subgroup Circled

With this first subgrouping strategy, | will be comparing the sources of variation associated with
Hypothesis 1 to the other sources in the study (both hypothesis 2 & 3). Prior to comparison, | want to
establish the basis for comparison is stable. A range chart will provide this insight.

*

3 e UCL=276
£ . R
g ! [ 1/ |\ LA\ ®
g eeee oo || e e | JAG=O0B
m \/ \ \/

0 @ " ®—cr=000

0 5 10 15
Subgroup

Figure 3.6: A Range Chart

If the range chart indicates inconsistency (as shown), | will investigate “special cause” like in the
measurement system. | will review my notes to determine if anything unusual happened at that point in
time:

1.  Was the wrong number entered into the data table?
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2. Was the time between measurements consistent?

3. Did the thermocouple disconnect?

4. Were there other thermocouple connection issues (e.g., contamination)?
| need to understand the possible causes, compare to my hypotheses and possibly change the
measurement procedure accordingly. If the range chart indicates consistency, | can evaluate the
measurement system for discrimination. If the discrimination is unacceptable, | will review the
measurement system to ensure | am not inadvertently rounding the outputs. If still inadequate | will seek
out alternative measurement systems or develop alternative Y’s. If the discrimination is acceptable, I'l
quantify the measurement component:

~2
o=
2

| will compare the estimate to the amount of variation that is important to me (of practical importance, 0.5
in this case).

-3s Mean +3s

LSL Target
. , . , .

30 40

Figure 3.7: Visual Comparison of Measurement Error to Specifications

If this variation is large, | will need to understand how to reduce the variation in the measurement system
commonly. There are no specific causes. Possibilities include:

1. Change calibration procedures and frequency

2. Investigate alternate measurement systems

3. Find other y’s to measure

4. Change the location of measurement

5. Investigate thermocouple wire lengths
If the variation is small, | will continue my analysis by comparing the measurement variation to the other
components of variation in the study (represented by Unit and Design layers of the tree).

If the y-bar chart is in-control, | will focus on improving the measurement system as it is the largest source
of variation in the study. | might map the measurement process, look for factors that might affect variation
and even run experiments to identify significant factors in the measurement system. If the y-bar chart is
out-of-control, by a large margin since the basis for comparison is the measurement system, | will
conclude the measurement system is adequate to understand sources of variation captured in the study.
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Figure 3.8: Average Chart Depicting Between Subgroup Sources of Variation are > Within

| will first average the two measurements, thereby reducing the variation due to measurement layer. Then
re-subgroup those averages to determine if the Unit-to-Unit variation is consistent and compare it to the
Design layer. This is often referred to as “rolling up the tree”.

Plan 1
Week 1
Measurement 1
Device 1
-ne %\\
Design 1 2 e 8
Unit {"1 2 N 3 J oo 16
- — 1 - — -
\H E i E
Measurement NN -

Figure 12: Subgrouping Unit-to-Unit

| will create a range chart for the new subgroup. If the range chart displays inconsistency, | will work on
the hypotheses pertaining to unit-to-unit and examine the respective x’s, specially. One of the units is
different than the others. It could be:

1. A specific component issue

2. Tube assembly issue

3. Coil assembly issue

I will verify my notes on whether any of these things acted differently during the study or were there other
items observed. | may need to work with suppliers, change geometry of the coil or location of the air flow
deflectors to simplify assembly. If the range chart indicates consistency, | will calculate an estimate of
variation and compare it to “practical” amount of variation | am interested in. If this is significant, | will
continue to study the unit variation commonly. And so on, rolling up the tree until the Y-bar chart indicates
the within subgroup sources dominate (i.e., in-control). Note there should be predicted data and predicted
actions for each scenario and that in every case refer back to the Thought map and update it, modify
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hypotheses, add hypotheses, drop hypotheses, make hypotheses more specific, etc. and use my
predictions to select the next iteration. Additional examples of data analysis and interpretation, including
DOE and multi-iteration studies, are provided in appendices A, Thought Maps and F, DOE Analysis and
Interpretation.

When experiments are involved, engineers should predict the rank order of model effects, at least
through second-order terms in addition to the predictions already discussed. This is not done to be
correct, but to inform design selection. If first-order effects are expected to dominate, lower-resolution
designs may be appropriate. As interactions rise in the predicted rank order, higher-resolution designs are
required to avoid confounding critical effects. Prediction, in this sense, is a planning tool.

Prediction as a Measure of Knowledge

Over time, | began using prediction as a way to quantify an engineer’s understanding of a system. This
led to what | formally call the Ross Metric. The Ross Metric is conceptually simple. Engineers predict the
data they expect to obtain from a proposed study. After data are collected, the difference between
predicted and actual results is examined. The smaller the difference, the greater the engineer’s
understanding. This idea is closely related to residuals in statistical modeling, but with an important
distinction: the comparison is between engineering predictions and reality, not between a fitted
mathematical model and data. There is also a Bayesian flavor (& priori — & posteriori) to this approach.
The purpose is not to score performance, but to calibrate intuition and provide a quantitative self-
assessment of knowledge.

Prediction Mitigates Bias

Prediction made after seeing the data is rationalization. Prediction made before seeing the data is
discipline. By explicitly predicting all plausible outcomes, engineers reduce confirmation bias and protect
themselves from interpreting data in ways that merely reinforce prior beliefs. This practice also reduces
emotional attachment to specific results. One of your predictions will be correct, though many may not be.

Prediction and Iteration
Meaningful engineering and scientific work is iterative. Prediction provides continuity across iterations. As
shown in chapter 2, figure 3, each cycle refines understanding:

e multiple data collection plans are proposed,

e predictions are made,

e aplanis selected,

e data are collected,

e results and analyzed and interpreted,

e hypotheses are updated, some are dropped, some are modified and some new ones are

formulated,
e and the next predicted study is executed (these have already been designed).
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This cycle mirrors the scientific method and reinforces the connection between thinking, data collection,
and learning.

Critical thinking provides the structure for inquiry, but it must be supported by tools that manage
complexity. One of the hardest disciplines in discovery is resisting the urge to collapse uncertainty too
early. Critical thinking requires parallel processing. Thought maps support parallel paths by allowing
multiple explanations to coexist without forcing a premature choice. This is particularly important when
knowledge is lacking, situational diagnostics have yet to be performed, what to measure has yet to be
determined, measurement systems are uncertain, or organizational pressure favors quick answers.
Parallel paths do not mean unfocused work. They mean structured exploration, guided by explicit
reasoning rather than intuition alone.

As learning occurs, Thought maps should evolve. New questions and hypotheses appear. Hypotheses
not supported by data are discounted. Learnings are documented and implemented. New data acquisition
plans are created. | recommend keeping all versions of a Thought map. Evaluating your Thought map
can be quite valuable for improving the efficiency of your critical thinking. The evolution of thinking is itself
a record of learning. That record should be documented in your User Guide. When individuals skip this
step, they lose the opportunity to reflect on how understanding developed, and why certain paths were
abandoned and others emphasized.

As studies grow in scope, memory becomes unreliable and intuition becomes overloaded. This is where
visual mapping becomes essential. When thinking is visible, disagreement becomes easier to manage.
Instead of arguing over solutions, teams can argue over assumptions, missing variables, inference
boundaries, or alternative explanations. This shifts the conversation from who is right to what might be
true. That shift is essential in discovery.
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Chapter 4
Mapping to Support Learning

Why Mapping is Indispensable

Human cognition has limits. Working memory is finite, and as the number of variables, hypotheses, and
interactions grows, those limits are quickly exceeded. When that happens, thinking becomes fragmented.
Important variables are forgotten. Questions and assumptions go unstated or undocumented. Decisions
are made implicitly or emotionally rather than rationally.

As discussed in chapter 2, the visual sense plays a dominant role in human cognition. When information
is externalized visually, it reduces cognitive load and frees mental capacity for higher-level thinking.
Thought mapping leverages this by providing a mechanism to document, creating space for analysis,
reflection, and iteration. How often have you written something down, only to change it after looking at it?
Thought mapping also provides continuity. Engineering investigations often span weeks, months, or
years. Without a visual record of how thinking evolved, it becomes difficult to understand why certain
decisions were made or why particular paths were pursued or abandoned. This is still a huge challenge in
business. How to document and communicate the depth of studies so that knowledge can be transferred
into the next iteration. PowerPoint slides are not effective as they typically are results laden, and
summarized, rather than extensive documentation of the work done.

Different Kinds of Maps

Although all maps are visual, they serve different purposes. A key distinction in this methodology is
between Thought maps and Process & Product maps. Confusing these two leads to misuse of both.
Thought maps belong to critical thinking. Process & Product maps belong to variable identification
and measurement. They are complementary, but they are not interchangeable.

Thought maps: Visualizing Critical Thinking

Engineering projects rarely disappoint because people are not thinking. The project work is less than
effective because thinking is invisible. Assumptions go unstated. Questions go undocumented.
Hypotheses remain implicit. Decisions are made without anyone being able to explain why one path was
chosen over another. When results disappoint, the discussion turns quickly to excuses or blame, rather
than understanding. Making thinking visible changes that dynamic. When reasoning exists only in
someone’s head, it cannot be challenged constructively, improved collaboratively, be revisited after the
fact, or be used to improve your own critical thinking effectiveness. This vulnerability is especially
damaging in discovery work, where uncertainty is high and iteration is unavoidable. When assumptions
are implicit, iteration looks like inconsistency rather than learning. Visible thinking provides continuity
across iterations. Engineering and scientific problems are rarely simple. Even when the underlying
phenomenon is governed by a small number of physical principles, the surrounding system, designs,
materials, processes, environments, measurements, customer use, and human intervention, quickly
becomes complex. As complexity grows, relying on memory, intuition, or informal discussion becomes
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increasingly ineffective. Thought mapping exists to address this problem. It is not about drawing for the
sake of drawing. It is about making thinking visible, managing complexity, and creating structure so
learning can occur deliberately and effectively rather than accidentally and haphazardly. Thought maps
are used to externalize the critical thinking process. They document how you are thinking, not what exists
physically in a system. They don’t have to look pretty, they evolve.

The following example is included to illustrate the iterative nature of Thought maps, not to introduce Al as
a topic. | am considering how artificial intelligence will affect my methodology. | started by writing some
questions and notes on a sheet of graph paper, see Figure 4.1.

Figure 4.1: Initial Thought map notes

After multiple iterations, | created my latest Thought map, Figure 4.2.
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High level: An interactive, Al supported, software solution that
takes the information input (planning elements) from the user
and develops a list of recommended next steps. The
recommended steps would include sampling plans and DOE’s
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Figure 4.2: Updated Thought Map on Integrating Al into Sigma Science

Additional examples are provided in Appendix A, Thought Maps.

How and Why Thought Maps Emerged

The importance of externalizing critical thinking was not something | initially planned to teach, it emerged
from necessity. Early in my career as a consultant, | was teaching a class of primarily PhD aerospace
engineers at a Fortune 500 company. There were approximately 25 participants, the proverbial rocket
scientists. | was assisted by my coworker, Dr. Doug Sanders. Prior to the class, we gave project
assignments and recommended readings. During the delivery of the course material, participants were
asked to present what they were working on in brief “project reviews.” This served two purposes, first to
engage the participants and second to gather information about the nature of project work being done to
modify material to be delivered. The first engineer began presenting a traditional PowerPoint deck,
following a familiar corporate template. After several slides, | leaned over to Doug and quietly asked if he
understood what the engineer was actually doing. He shook his head. | stopped the presentation and
apologized. | explained that what was being shown were summary results, but without any visibility into
how the study had been conceived, designed, or executed. | reminded the class of something from grade
school mathematics: “Show your work.” Not because the answer is wrong, but because improving

1-40 ©Sigma Science Inc.



the process requires seeing the steps. | asked the engineer to do something different overnight: Draw a
flowchart of the questions you asked, the assumptions you made, the paths you explored, the decisions
you took, and how you arrived at the slides you presented. That exercise resulted in the first Thought
map. A Thought map may include:

e motivation,

e oObservations,

e background knowledge,

e prior studies,

e alistofY’s

e assumptions,

e unanswered questions,

e hypotheses,

e candidate solutions,

e possible data collection strategies,

e predictions (data, all possible outcomes and anticipated actions for each outcome),

e and ideas for next iterations.

Thought maps require the documentation of information most often retained in the minds of those who
own the process or the improvement work. The iterative nature of the maps requires those working on a
process or product design to evaluate the logic of their thinking and actions with respect to the goals and
objectives of the work. Thought maps, like any other tool or methodology, are only as valuable as the
information captured on them. So, if a key path of thought is missed, then sub-optimization in process or
product performance can result.

As a secondary benefit, Thought maps provide valuable communication. A typical question asked by
those working on a project team is “What should we do next?” A typical question asked by others working
within a process area or product design group is “What changes are being made to the process/product
and why?” A typical question asked by managers is “How can | keep track of the progress and work being
done by the engineering staff?” Often, notebooks full of copied documents and formal presentations are
kept to provide information on the work performed on projects. However, these notebooks rarely aid in
communicating to others what questions have been asked, what solutions have been obtained, and the
breadth of work required realizing solutions. In fact, the work necessary to prepare for a presentation is
often a distraction from the work performed to gain process knowledge. Thought maps allow for transfer
of process/product knowledge and for handing-off components of work. They communicate the
hierarchical nature of project work and the many factors, questions, issues associated with the overall
objective. Therefore, they are useful for communicating and directing work across a team of individuals
working on different paths within the same project. As the Thought map delineates the parallel paths of
work required, the team members can each work on a path while maintaining linkages between the
parallel paths. The Thought map provides a means of providing feedback on the work of others within the
team and for developing an understanding of how individuals arrive at specific conclusions. The evolving
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nature of the Thought map brings all of the knowledge gained back to a central location, from which new
ideas and questions can be generated. Thought maps are also effective at communicating where efforts
can be combined to more efficiently arrive at solutions thus reducing redundancy of work efforts.

| have found use of Thought maps, in the technical or engineering community, result in two responses:
either they find them extremely powerful or they fail to understand the relevance of the Thought map to
their work. Thought maps can be extremely powerful tools. When their power is not realized, it is almost
always due to three primary failure modes:

The first major failure mode is they are treated as a static document, done once and left unchanged
throughout the project work (like FMEA's in many cases). The intent of the tool is to be used as an
iterative document, illustrating the evolution of work through documenting questions that need answering
and the new knowledge as it is gained. Updating the Thought map requires discipline.

A second related failure mode is questions and hypotheses are not explicitly defined and stated.
Therefore, the work is not guided by rational and logical questions for defining data collection strategies
and choice of analysis. Recently, an engineer gave a presentation on a technical analysis performed to
understand the variability in paint thickness on various product types. Several pages of data were shown
and the results from an experimental design. However, the results were primarily inconclusive. What
followed was a series of questions from those observing the presentation. How did you set up the
experiment? Why did you choose those factors? What questions were you interested in answering? How
did you handle lot-to-lot variation of the raw materials? What sources of variation are you attempting to
understand? How did you collect the data? Is the measurement system adequate? etc. In essence, all of
these questions led to the conclusion the analysis were not providing relevant information because the
data collection and analysis was not designed to answer specific questions. Obviously, the presence of an
iterative Thought map was absent. In fact, the Thought map had been developed after the data had
already been collected.

A third failure mode is only using Thought maps to guide the technical components of improvement work.
It is important to keep in mind the Thought map provides the documentation, the linkages, and the
organization of thought. It does not contain all of the vital backup information and data. Thus, the Thought
map should include references, or links to actual data and supporting documentation.

Thought maps are inherently iterative. They change as understanding evolves. They are rarely neat or
complete, and they are not intended to be. Their value lies in making the thinking process visible so it can
be examined, challenged, and improved. Just as critical thinking is independent, Thought maps are

also owned by the individual. While collaboration is encouraged, particularly to mitigate bias, the act of
thinking critically is not a team sport. Doing Thought maps as a team becomes a negotiation. Each
person must construct and refine their own understanding. Because Thought maps document thinking of
the process to get to some result, they are often uncomfortable for organizations accustomed to polished
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presentations. That discomfort is a signal that something important is being exposed. Having established
why Thought maps exist and how they function, it is useful to examine what they typically contain.

Anatomy of a Thought Map
A Thought map is a structured representation of what you believe might be true, why you believe it, and
what would cause you to revise that belief. It is not a brainstorming exercise, a project plan, or a
presentation slide. It is a working record for discovery. In early stages, Thought maps are often messy,
incomplete, and uncomfortable. That is a feature, not a flaw. Neat diagrams often hide uncertainty rather
than reveal it. While no two Thought maps look the same, effective ones tend to share common elements.
They begin with a set of central questions often derived from a motivational statement, typically from
management. From there, branches or paths emerge representing questions, hypotheses, observations,
and relevant background knowledge. Additional branches connect these ideas to potential data collection
strategies, sampling plans, experiments, or diagnostic studies. Over time, annotations capture what was
learned, what needs to be done next, and what questions remain. The structure is less important than the
function. A Thought map might delineate questions such as:

e  Why this motivation?

¢ What clues are there from historical or observational data?

e What are the symptoms?

e Whatis our current state of knowledge and where is that grounded?

e What are my initial suspicions, hunches, ideas and intuition?

e What should be measured and are those measurement systems adequate?

e What data should | collect?

e How do | ensure the data is representative?

e What scientific theories are applicable (e.g., laws and principles of physics or chemistry)?

e What hypotheses am | evaluating?

e What assumptions am | making?

e What will | do with the results?

e What should the next iterations look like?

The goal is not to create a “correct” Thought map, but a useful one. The following sequence illustrates
components of a Thought map. This is an example, not meant to be a template.

Example anatomy of the first iteration of a Thought map, Figures 4.3-4.6.

Motivation: No ice/water at Customer, =
Coiled water tubing frozen What leads to water tubmg

freezing? Is this a symptom?
What affects temperature
profile, air flow?

Y's:, Temperature profile,
Efficiency, Cost, flow,
water temp.

Figure 4.3: Initial Elements: Project Defining Questions, Motivation & Y’s
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at Ci
frozen

jon: No i
Coiled water tubing

Are there other Y's?

Is the measurement system adequate?
Is the measurement precise, consistent,
discriminate? How much A matters?
How should the measurement
system be studied?
Should the measurement process
be mapped?

What leads to water tubing

freezing? Is this a symptom? Why did we change
What affects temperature the design?
profile, air flow?
's:, Temperature profile,

Efficiency, Cost, flow,
water temp.

Performance, size,
cost, weight...?

Did we have customer complaints?
Are there any clues Are we trying to gain access to other
Fiowdoes water to occurrences of
flow through the
coil? Air around

markets? What other changes were made?
Other customer concems, requirements?
What is the sense of urgency?

frozen coils?
the coil?

What resources do we have?
Any existing/historical data? What is the spec.?
\ Any patterns in current product

Are there pockets of standing \ variation? Is there a temp profile? Effect of

water? Type of water? Doss the curent asay process vary? Is the installation process adequate? components in

Can we watch the flow... Does this provide clues to 1 Is it mfg. or materials? Linked to usage? system?

Die the liguid? Air flow? leverage factors? \  Anylines freezing? 7

Does it vary unit-to-unit?
Do raw Within machine, coil?
materials affect

Compressor, evaporator,
Is it consistent? diffuser, thermostat
temp? variation?
What material is the coil made of?
What insulators? Thickness,

Is it affected
bty by user
-value 2 . N
Is there lot-to-lot variation? conirols? Is the installation
Within lot?
Multiple suppliers?
Muiltiple locations?

Any seasonal fluctuations?

How is raw material quality
measured?

Is it consistent?

Within or between
User settings, usage?
Environment? Contents?
\ Connections/lines?

process creating
2

p!

1
\
\
\
\
1
\
1
\
\

How is the product shipped?
How is it stored?
How is it transported?

How does the environment affect product
quality/life?

Is this a new
product design?

Can the design be modified? Volume/geometry?
Location of the col? Proximity to air flow?

Can different materials be used?

Can we use a different insulator?

Can a heat source be added?

What constraints are there?

Do we need to make it faster?

Cheaper? Last longer? Others?

Proximity to cooling lines? Water line configuration?
Proximity to heat sources/doors?

Figure 4.4: Initial Questions Organized
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at Ci

How is the
phenomena
measured?

Are there other Y's?

Is the measurement system adequate?
Is the measurement precise, consistent,
discriminate? How much A matters?
How should the measurement
system be studied?
‘Should the measurement process
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Figure 4.5: Hypotheses Stated
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Figure 4.6: Data Collection Plans Linked to Hypotheses or Questions

A Thought map is not intended to be complete, correct or final. It is intended to be thorough and useful.

Process & Product Maps: Identifying Variables

Process & Product maps serve a different purpose. They are used to facilitate identification of variables
by location. | invented this type of map as a result of getting blindsided by factors | had not identified
before experimentation. A Process map describes the steps to transform inputs into outputs. A Product

map describes components of a product assembly, subassembly or components. Together, these maps
help identify:

e purpose (for the process, process step, component, subassembly, etc.)
measurable outcomes of interest (Y’s),

intermediate response variables (y’s),
e input variables (x’s),

Unlike Thought maps, Process & Product maps are not primarily about thinking style. They are

about variable identification. They help the investigator create the variable “dictionary” introduced in
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Chapter 1. Importantly, these maps are not limited to what currently exists. They can also represent what
the organization is willing to manage in the future. A factor that is currently uncontrolled may be treated
as noise today, but if there is willingness to control it, it becomes a candidate factor for experimentation.
The objective is not to produce a perfect or static map. Processes change continuously. The moment a
map is declared “complete,” it is already out of date. Instead, the goal is to create a reasonable reflection
of the process as it exists now, and how it might exist, so variables can be identified.

Time in hopper

Relative Humidity 82!::& Sett point
Ambient temperature Chzllg E:?)r?dition
Desiccant age Loade
Temperature

Material Type

Storage Humidity Zone temperatures set points and profile
Storage time Screw speed
Lot-to-Lot variation Back pressure
Within lot variation Time at back pressure Cooling water setup (A and B
Melt flow Nozzle temperature side)
Nozzle type / size Temperature variability in the
Shot size mold
Mold release Mold condition
Measurement system Cavity-to-cavity
Gate time Mold temperature A and B

Y Dimensions
Y Strength

Y Flatness

Y Cosmetics

Figure 4.7: Process Map of Injection Molding

The Product map is similarly constructed and contains the comparable elements, see Figure 4.8. What is
the purpose of this feature or component on the product? Are there other ways to have that function be
performed? How do determine if it is performing as intended? How is that performance measured? What
can you vary (e.g., dimension, material, orientation, location)?
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Figure 4.8: Product Map of a Drill Bit

Please see Appendix B for additional examples of Process& Product maps.

Process & Product Mapping and the Variable Dictionary

Earlier, | introduced the “dictionary”. Process & Product Mapping is a tool that assists in developing a
comprehensive set of variables, the dictionary. It accomplishes this by engaging the visual sense during
observation of the process in action or the product in use, over time. If a variable is not identified on a
Process or Product map, it is unlikely to be included in a study. If it is not included in a study, it cannot be
assigned and its effect cannot be determined. When this happens, the variable becomes a hidden source
of confounding. This type of mapping does not guarantee completeness, but it dramatically reduces the
likelihood of missing variables, some of which may be important. The objective is not to find the “right” set
of variables, but the most inclusive set possible at the time. The detail of the Process or Product map
should be commensurate with the detail of the hypotheses. As knowledge increases, variables identified
earlier, that were actually chunks of variables, are disaggregated. For example, there may be a note of
environmental variation in an early version of the map. Later that is broken down into humidity, ambient
temperature, dew point, etc.

Linking Maps to Data Collection Strategies

Process & Product Mapping is not an end in itself. Its value lies in how it connects thinking to action.
Process& Product maps help determine what variables are associated with the area of focus as a
function of the hypotheses on the Thought map. Together, they provide the rationale for selecting
appropriate data collection strategies. Sampling plans and designed experiments should not be created in
isolation. They should be direct consequences of the hypotheses articulated on the Thought map, and the
variables identified on the Process & Product maps. When mapping is skipped or rushed, data collection
strategies are often chosen based on convenience, habit, or organizational pressure rather than learning
potential.
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Transition: From Mapping to Data Collection

Though there is no “right” order, it seems rational to proceed once thinking has been externalized and
variables have been identified, to the next question: How to acquire data that meaningfully supports
learning and provides insight to hypotheses. In the next chapter, we turn to data collection strategies,
how Thought maps and Process & Product maps guide decisions about sampling, COV studies, and
designed experiments (DOE). Mapping creates the dictionary. Data collection determines how the
dictionary can be filtered to understand which of those variables are the most interesting and useful.
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Chapter 5
Linking Critical Thinking to Data Collection Strategies

Data collection does not begin with a sampling plan or an experimental design. It begins with thinking.
One of the most common errors | see in engineering and scientific investigations is the haphazard
selection of a data collection method. If they were taught DOE, they apply DOE to everything.

“When you have a hammer, everything looks like a nail”
Maslow’s Hammer

Engineers ask; What tool should we use? Should we run an experiment? How many samples do we
need? These questions are often asked before the underlying problem has been framed, before
hypotheses have been articulated, and before variables have been identified. In practice, engineers are
often told to “use the available data.”, “see what the data says.”, “we already have plenty of data.” This
language is misleading. Data does not exist independently of how it was generated. Every dataset is the
result of choices, some deliberate, many accidental, about where measurements were taken, when they
were taken, under what conditions, and for what purpose. Ignoring those choices does not make them

disappear. It simply hides their consequences.

In this methodology, data collection strategies are a consequence of thinking, not a starting point.
What data will | need to answer my questions? How will | collect data to provide insight to my
hypotheses? How do | ensure the data | collect will be representative of future conditions? Even if there is
pressure to implement a solution, What data will | need to ensure the solution is adequate?

“Data have no meaning in themselves; they are meaningful only in relation to a conceptual model of
the phenomenon studied” '”

From Thinking to Action

Thought maps document the critical thinking process including observations, assumptions, questions, and
hypotheses. Process & Product maps identify variables and measurement locations. Together, they
provide the context required to make intelligent decisions about how data should be collected. Without
this context, data collection strategies are selected based on habit, convenience, time pressure, or
organizational norms. When that happens, the data may be abundant, but learning is limited. The
purpose of linking Thought maps to data collection strategies is to ensure that every study is
intentional, that data are acquired because they are expected to provide insight into specific hypotheses
about causality.

7 Box, G.E.P., Hunter, Bill, Hunter, Stu “Statistics for Experimenters”.
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Representativeness Is Not a Statistical Property
A critical clarification is representativeness is not a statistical concept. It is a conceptual one. A study is
representative only to the extent that it meaningfully reflects the real variation now and in the future. An
enumerative thinker uses large sample size and randomization to increase the chances samples are
representative. This may lead to inefficient studies. Statistical rigor applied to non-representative data
only produces precise answers to the wrong questions. Which sample size is better, 10,000 or 5? Now
the situation, the sources of variation acting day-to-day are significant. The 10,000 samples are gotten in
one day. The 5 samples are one per day for five days. Which is more likely to uncover insight into the
actual problem? It is not a question of sample size, but of how to represent the true variation in your
sample. Representativeness must be evaluated before data are collected by asking:

e What phenomena am | trying to understand?

e Under what conditions do | want conclusions to be valid?

e Which sources of variation must be present for the study to be useful?

e Did those sources vary enough to draw operative conclusions?

Recall, in order to quantify the effect of a factor, it must vary in the study. Thought maps make these
questions explicit. Process& Product maps help determine whether the variables needed to answer them
are included.

Data Type

Some metrics are often Yes/No (or qualitative, discrete) responses such as “Does the product meet
specification?”. Inspection is also often qualitative, not for the same reason, but rather for expediency.
Sometimes it is straightforward to change the response to quantitative or continuous (e.g., “How well does
the product perform?”, “Why is it failing?”, “How does it work?”). In all cases, a relevant quantitative metric
will be much more efficient in understanding causal structure.

Qualitative Quantitative
Nominal Ordinal Continuous
Go/No-go Rank/Scale Measured
Pass/Fail Categorical Interval/Ratio
0-1 1-5, 1-6, 1-7 -0 - 4o

Figure 5.1: Summary of Data Types

COV and DOE Are Situation Dependent

Throughout this book, sampling, directed sampling, and COV studies refer to the same underlying intent:
structuring data collection to expose sources of variation relevant to specific hypotheses. | do not
advocate for COV instead of DOE, nor for DOE instead of COV. In many investigations, both are
necessary, sometimes sequentially, sometimes in parallel. COV helps assess stability, quantify sources of
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variation, and identify where leverage lies (i.e., which set of factors should be studied in greater detail). If
one is trying to understand an already existing phenomena or a rare event, my bias is to use COV. DOE
intentionally varies independent factors to accelerate learning about causal relationships. Unfortunately,
often engineers are forced into using methods that reduce time. Again, effectiveness is sacrificed for
efficiency. Can you create the phenomena with experimentation? Perhaps. Is that why the phenomena
occur naturally? Good question. Which approach is appropriate depends on the situation:

e Whatis already known and how was this knowledge acquired?

e What is unknown?

e How stable is the system?

e What resources are available?

e Whatis the sense of urgency?

e Whatrisks are acceptable?
These questions cannot be answered by statistical rules. They require judgment informed by thinking and

mapping.

Hypotheses Drive Data Collection
In analytical work, data collection should be hypothesis-driven. Hypotheses are explanations for a why a
given phenomenon occurs. They also provide clues as to what might be measured and how data needs
to be collected. COV and DOE are designed as functions of hypotheses, not convenience. This means:

e deciding which components or factors must vary,

e by how much or over what period of time?

e which may be constant or are held constant (inference space),

e and, which may be confounded to increase efficiency

When hypotheses are weak explanations or merely descriptive, data collection becomes ill-defined. When
hypotheses are explicit, specific and include causal explanations, even simple studies can be highly
informative. Here is an example: Suppose there is a problem with dimensional characteristics of an
injection molded part. There might be several hypotheses: One hypothesis might be the measurements
system is inadequate. Another might be it is due to material variation. And yet another might be it is due
to variation in molding parameters. However, none of these are actually explaining why these possible
hypotheses would result in dimensional issues with the part. Contrast with these hypotheses; the
dimensional issues with the injection molded part is due to incorrect mold temperatures affecting the
length of polymer chains or the measurement system is inadequate due to orientation of the part in the
measurement device. Notice this also suggests measuring polymer chains and part orientation as
intermediate responses (y’s).

Multiple Candidate Data Collection Strategies
A key practice in this methodology is the deliberate generation of multiple candidate data collection
strategies before selecting one. Each candidate strategy should be evaluated in terms of:

e what questions it can answer,
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e what hypotheses it can compare,

e which variables are included or excluded,
e what assumptions are being made,

e what resources are required,

e and what the likely next iteration would be.

This comparison transforms data collection from a default activity into a decision-making process. It
allows engineers to trade off potential learning against time, cost, and risk in a rational way. It is highly
unlikely anyone can select the “best” COV or DOE. To do this you would need profound knowledge a
priori, which means you wouldn’t need the data.

Iteration Is Expected
No data collection strategy is perfect. The first plan rarely uncovers the defining equation. This is not a
failure; it is the nature of learning.

“The purpose of the first COV/DOE is to design a better COV/DOE”
Ross

The objective of an initial study is often to design a better study. Thought maps, Process & Product maps,
and data collection strategies should all evolve together as knowledge increases. Starting with simple
approaches and adding complexity only as needed is generally more effective than attempting to do
everything in one study. Recall the acronym that states this principle, KISS.

Transition: From Strategy to Execution

Once a data collection strategy has been selected, the focus shifts to execution. How data are collected,
timing, grouping, sequencing, matters deeply. In the next chapter, we focus on COV studies, beginning
with one of the most misunderstood tools in practice: control charts. See Part |l for discussion of data
analysis and interpretation.
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Chapter 6
Components of Variation (COV)

In this book, sampling and COV studies are the same thing. The distinction is largely one of language.
The term “sampling” is often more understandable to engineers, while “COV” emphasizes the analytical
intent. Both describe a directed approach to data collection designed to understand how variation arises
in a system.

COV is one of the most misunderstood data collection strategies in engineering and scientific work. It is
often treated as a monitoring technique rather than as a deliberate strategy for learning. | recall when | was
first taught statistical process control (SPC), the instructor said sample the process every hour and collect
five samples. This was how the data collection sheet was set-up. No discussion of a rational subgroup. It
has been observed most training in the use of these techniques is solely on data analysis rather than on
planning for the acquisition of data. Here are the equations to calculate control limits, not how to interpret
control limits.

Sampling is a technique used to assist in understanding a larger population. Sampling may be used to draw
conclusions about that which already exists (enumerative) or to assist in prediction of what may happen
(analytical). In both cases, sampling implies not all items or characteristics will be measured, only a select
few (a sample). Selection of the items to be measured is an important decision and will provide the
context for data analysis. The intent of COV is to correlate variation in outputs (Y’s) to variation in inputs
(x’s) to gain understanding of potential causal relationships. Once the relationships are exposed and
understood, the sources can be managed, improved, designed out, or their effects mitigated. COV is an
effective and efficient means of investigating a large number of potential sources simultaneously.

The Purpose of COV

Most people who use control charts at all use it for what | call monitoring purposes, as a sort of early-
warning mechanism. If all the data lie within two horizontal lines, called the control limits (computed as a
function of how the data was collected), and continue to stay there, all is regarded as being well, and
people may relax and think of other things. But if the process, say, starts to wander in some way, or there
is an unusual event, the control chart signals the onset of trouble, so that corrective action may be taken
before the trouble becomes too serious. Now, | am not saying that it is wrong to monitor outputs and
react, but this is not how control charts were intended to be used. They may work well in that early-
warning role. I'm simply saying if that is all you are using the control chart for, you are missing out on the
main purpose for which Shewhart intended. Shewhart’s control chart method was to provide guidance for
the type of actions to take which will lead to improvement, to making things better, not to just maintaining
status quo. To merely maintain things as they are, or to improve: that’s the difference. COV is used to
understand currently existing processes. Its purpose is not optimization, but rather to learn how a system
behaves under natural conditions and expose the natural variation of the factors in the study. Specifically,
COV is used to assess stability of the within subgroup sources of variation, quantify sources or
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components of variation, determine where leverage exists, and guide decisions about how an
investigation should proceed (e.g., special or common).

Sampling plans are designed as a function of hypotheses and questions articulated on the Thought map
and factors identified on Process& Product maps. When sampling is treated haphazardly, its ability to
support learning is severely compromised. It is impossible for any sampling plan to capture all potential
sources of variation that act on the process now and in the future or to completely answer all initial
questions. The best industrial studies are sequential in nature, a sampling plan leading to another
expanding and/or refining the information. Again, the KISS principle. It is generally possible to decrease
the duration of the sequential study by initially considering as many potential sources of variation as
possible. This does not imply the initial sampling plan should be where all potential sources of variation
initially considered are estimable (separable). A more efficient approach would be to explicitly confound
“subsets” of x’s (and associated hypotheses) within each layer and compare these large subsets of x’s to
each other (layer-to-layer) to determine which layer has greater leverage. Then investigate and separate
the confounded x’s in the layer that had greater effect in a subsequent study.

Elements and Use of Sampling Trees

Molding Machine 1
|
Material Lot Inference Space 1
|
Tool 1
Shot-to-shot 1 ,/Q/\\
Hypotheses: 1-i /| /\ i
Within Shot 4 eo e
Hypotheses: 1-j | 2 b Layers ® 16
Measurement 1 2 3 4 5 6 7 8 31 32
Hypotheses: 1-k _

Figure 6.1: Sampling Tree for Injection Molding Process

Sampling trees consist of the following elements:

1. The inference space at the top of the diagram. The variables that are constant during the
sampling. | suggest completing the inference part of the tree last when creating the tree.

2. Multiple layers labeled according to the hypotheses found on the Thought map and explicit
instructions as to how the samples will be acquired. The layers are color coded to link the x’s
corresponding to the Process & Product map.

3. A numbering scheme that is always coded using whole numbers to indicate variation. Refrain
from using actual values as this complicates analysis.

Sampling trees visually describe:
¢ how the samples are collected (mechanism),
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e why those samples were chosen (hypotheses).

¢ how many samples/data points will be needed (impacting resources),
e potential patterns within layer (e.g., random or systematic), and

e potential relationships between layer (e.g., nested or crossed)

The sampling tree guides analysis by providing the grouping for variability plots, the subgroup size for
control charts, how summary statistics will be calculated for “rolling up the tree” and what comparisons
are being made (i.e., within and between subgroup). The tree links to the hypotheses found on a Thought
map and the x’s found on a Process or Product map for context. There is no limit to the number of
measurements (Y’s) that can be taken on the samples acquired. Figure 6.1 depicts a sampling tree for an
injection molding process. Figure 6.2-6.4 depict a sampling plan with associated hypotheses and modified
Process map.

1
Molding Machine I
1
Material Lot \
1
Tool %\\
Shot-to-shot 1 2 20
Molding x’s / \ / \ \
Within Shot 1 2 3 4 eee 40
Measurement
Temp.

Figure 6.2: Sampling Plan

Hypotheses transferred from Thought Map}

1. Molding parameter variation (x’s) contribute to variation
in OD due to their effect on the length of polymer chains.

2. Measurement system varies due to part orientation and
op. technique.

3. Temperature fluctuation inside the tool contributes to
varying shrink rates effecting polymer chains.

Figure 6.3: Hypotheses Associated with Sampling Plan in Figure 6.2
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Figure 6.4: Process Map Color Coded Corresponding to the Sampling Plan in Figure 6.2

Stability should be evaluated first

Before attempting to quantify and compare sources of variation or interpret patterns in data, a more basic
question must be answered: Is the basis for comparison stable? Stability refers specifically to the
consistency of the within-subgroup sources of variation. If those sources are not stable, then any
comparison of those sources (e.g., measurement error, within batch, within part) to the between sources
of variation (e.g., machines, operators, lots, environmental conditions), is conditional and potentially
misleading. This is why stability must be assessed before answering questions about leverage.

Appropriate Use of Control Charts

Control charts are a visual diagnostic and are discovery tools, not reactionary tools. They are designed
to answer specific questions regarding potential sources of variation. Once they have answered those
questions, change the question. That means change the sampling plan. They can be used as a discovery
tool by proactively changing sampling and subgrouping strategies. By doing so, one can change how the
X's are partitioned and what comparisons are being made. They do not tell you whether you need to
investigate, they tell you where and how to investigate. The control chart method consists of two charts,
the range chart and the average chart, each serving a different purpose.

The range chart (or moving range chart) assesses the stability of the within-subgroup sources of
variation. It answers a single question: Are the within subgroup sources of variation acting consistently,
stably, predictably over time? Because the range measures variation among observations collected under
the same conditions, it isolates the variation that is intrinsic to the within subgroup and the x’s that change
at that frequency. The way consistency is determined is by comparing the same sources of variation to
themselves, over time. Only range charts assess stability. No other chart performs this function. If the
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range chart indicates instability, the evidence suggests that something different happened at a specific
point in time. These are candidates for special cause like investigation. The analogy | often use is
imagine you are a homicide detective. When a special cause is captured in the data, it is like you walk
into a room and see a dead body with a person standing over the body with a smoking gun. Case solved.
In such cases, it is appropriate to investigate those specific instances. These events are rare, and when
identified, Deming suggested acting locally rather than changing the entire system. If the range chart
indicates stability, then the variation is unassignable at the individual-instance level. In this case, learning
must focus on understanding the relationship between Y and the x’s: Y = f(x).

“The first step in the examination of data is accordingly to question the state of statistical control that
produced the data.”
Deming, Out of the Crisis, p.312

Once stability of the within subgroup has been established, the second chart, an average chart, is useful.
The average chart compares the variation between subgroup averages (plotted points), due to the
sources of variation changing between subgroup, to the variation within subgroups (represented by the
control limits) due to the sources of variation changing within subgroup. The control limits on the average
chart are derived from the within-subgroup variation, making this a direct comparison of sources of
variation. This comparison answers a critical question: Where is the leverage, within or between?
This comparison is what allows leverage to be identified. An in-control average chart indicates within
sources dominate. An out-of-control average chart (or some other non-random pattern) indicates the
between subgroup sources of variation dominate. It is not a question of good or bad, just an estimate of
which source has a larger effect on the plotted metric. Leverage refers to which set of factors contributes
most to variation in the response. For example, variation:

¢ within machine to variation between machines

e within lot to variation between lots,

e within operator to variation between operators,

e in a short period of time to variation over a longer period of time,

¢ within environmental conditions to variation across environmental conditions,
Rational subgrouping is the key to effective use of this tool.

“The engineer who is successful in dividing his data initially into rational subgroups based on rational
theories is therefore inherently better off in the long run. . .”

Shewhart

Identifying leverage helps prioritize where effort should be applied next. Where you get the greatest
opportunity to learn about causal structure.
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Special Causes, Common Causes, and Interpretation

Special causes are rare. They are instances where the data suggest something different, unusual or
according to Shewhart, something assignable has happened. Of course, this is completely dependent on
the data set, how the data was acquired and how the data was partitioned. My own hypothesis is special
causes are often the result of higher-order interactions, interactions among four or more variables, that
occur infrequently. Deming initially indicated they about 20% of the time. | believe this is consistent with
the 80-20 rule. However, through the years, he updated that probability to less than 2% of the time.

An analogy | often use is from the game Clue. A special cause is like Professor Plum, in the library, with a
wrench, on the second Tuesday of a month that has two full moons. Such combinations are possible, but
rare.

Designing a system to be robust to such rare events is usually not practical. Deming suggested reacting
to such signals specifically and locally. Redesigning a process to prevent extremely rare events is usually
inefficient, unless the consequences are catastrophic. Acting locally may be the appropriate response.
Common causes, on the other hand, reflect the inherent variability of the system. When variation is
common-cause dominated, there is no single instance to investigate. Learning must focus on
understanding causal structure. This is where the causal framework, Y = f(x) becomes central.
Improvement requires identifying which x’s contribute meaningfully to variation in Y and how they interact.
Control charts do not provide this understanding directly. They tell you where to work, and how to
investigate.

Acting on Rare Events: A Cautionary Example

It is tempting to overreact, or take common cause action to rare events. One example | often use
occurred when an explosive device was discovered in a shoe during airport security screening®. This
was likely a special-cause event. The response was to take common-cause action, changing airport
security procedures for everyone, everywhere. The result was a dramatic increase in the time and
inconvenience experienced by millions of travelers. Whether this was effective or appropriate is
debatable, but it illustrates a broader point: acting systemically on rare events can have unintended and
widespread consequences. This distinction between local and systemic action is critical in engineering
and organizational decision-making. What do you want engineers to be working on? Special or common
cause events.

COV as a Learning Accelerator

COV can dramatically increase learning efficiency, particularly early in an investigation. It enables the
investigator to partition the sources of variation and compare their contributions. Recall the dictionary
illustration as discussed in chapter 1. Adding prior knowledge, hypotheses, allows the dictionary to be
sliced even more efficiently, as well as eliminate some candidates right off the bat. The dictionary must be

'8 Richard Reid, December 2001
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inclusive. If the word is not in the dictionary, no amount of clever questioning will find it. COV serves the
same purpose: narrowing uncertainty efficiently by structuring how variation is exposed.

Confounding

Confounding is a deliberate strategy to improve the efficiency of a particular sampling strategy (e.g.,
chunking or grouping of x’s). Its effectiveness relies on identifying what is confounded. The purpose of
COV is not to gather information on all possible inputs and determine their contribution to the output in
one plan. Rather, the COV is directed and focused by specific hypotheses. The purpose of the COV is to
efficiently confirm, modify or invalidate those hypotheses. Further sampling (e.g., COV or DOE) is almost
always required. Effective sampling does not answer all questions. It answers some of the questions and
tells you which questions are worth answering next. COV can reveal dominant sources of variation,
negligible sources of variation, measurement issues (stability and uncertainty), and unexpected variation
in the system. That information determines which components should be pursued more deeply, or is DOE
warranted, or does the measurement system need attention, or the problem itself needs reframing. COV
is not a detour. It is orientation.

Limitations Must Be Recognized a Priori

Once data are collected, the investigator is constrained by the study design. Sampling plans define: what
questions can be answered, what conclusions are justified, confidence in those conclusions, and how far
into the future results can be extrapolated. There is no such thing as “the right” COV, only COV that is
more or less effective or efficient for a given situation. The responsibility of the engineer or scientist is to
recognize these limitations before data are collected. Or, at least, understand how these limitations
impact conclusions.

Nested, Systematic and Crossed

Random vs. systematic sampling refers to the way a particular layer (within layer) is collected. Random
sampling increases the chances the sample is representative when there are no hypotheses to explain
the variation. This is also considered nested or hierarchical. Random sampling is shown by sequential
numbers, as in Figure 6.5 and is depicted in an illustration of sampling within and between batches in
figure 6.6.

Batch

Within Batch 1/\2 3/\4 5/\6 7/\8 9/> 11/1\2 13/>1 15/¥
ANAANANANAANANA

Measurement 1 2 3 4 56 7 8 91011121314151617181920212223242526272829303132

Figure 6.5: Nested, Random Sampling Plan
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Figure 6.6: Depiction of Random Sampling Within Batch

Systematic sampling is shown by repeating numbers and a random sequence at the same layer. It is
tied to a more specific hypothesis and may expedite the learning. Figure 6.7 depicts a systematic

sampling plan and Figure 6.8 shows how the samples were acquired from just the top and bottom
locations of the vat.

Batch 1 2 3 4 5 6 7 8
s o N o AN N N NN NN ‘
§Within Batch R 3 4 5 6 7 8 8- 10 31 12 “13: 14 1> 19

Stratified 1 2 1 2 1 2 1 2 y PR 1 2 1 2 1 2

. Stratified 1 AR RO IR T R

Measurement 1 2 3456 78 9 10111213141516 1718 1920 2122 2324 2526 2728 2930 31 32

sy ___» Mg - My

M, —— Mg ——» My,
[ BN BN ]

— M —» My L Mgy,

———am, mg e My,

Figure 6.8: Depiction of Systematic Samples Within Batch

Nested (or hierarchical) and crossed designations refer to the relationship between layers. A nested
layer is unique in relation to the layer above it. The layers cannot be in any other order. Crossed is the
condition where a layer sees every item in another layer (a factorial). In crossed studies, there is no
hierarchy, any layer could be in any hierarchical order. When layers are crossed, interactions can be
estimated. Figure 6.5 depicts a nested sampling plan, Figure 6.7 a systematic layer and Figure 6.9 a
study that includes both crossed layers and a nested layer.
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Measurement 1 2 34 56 7 8 91011121314 1516 17 18 19 2021 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 4142 43 44 45

Figure 6.9: Two Identical Sampling Plans Depicting a Crossed Layer (Operator and Parts) and a Nested
Layer (Measurement)

Figure 6.10 summarizes the differences between the types of sampling plans.

< >
Nested Systematic Crossed
Unique Similar Identical
Hierarchical Hierarchical Nonhierarchical
Sequential #'s Repeated Pattern Repeated Pattern
(random) w/sequential row
General Hypotheses More Specific Most Specific
Leverage Patterns Interactions

Figure 6.10: Comparison Summary

A Note About Measurement Systems (See Part I, Chapter 14, Measurement Systems)

The total variability of a process or product can be assigned to various sources. For instance, a common
application of COV in industry is investigation of measurement processes. These investigations are
variously called Measurement System Evaluations (MSE), Measurement System Analysis (MSA), Gauge
Repeatability & Reproducibility (Gauge R&R) or Evaluating the Measurement Process (EMP). The
specific intent of these studies varies, but a common intent is to understand whether a measurement
process is capable of providing insight to hypotheses proposed by the engineer. If the measurement
process is not capable of this task it may be possible to improve and reduce the variability of the
measurement process, identify alternative measurement systems, or define alternative measures of the
process or product performance (Y’s).

A typical measurement system study (aka. Gauge R&R) might have multiple operators/technicians,
measure multiple parts, multiple times, each in a manner consistent with their usual mode of inspection
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and in blind fashion (an operator is not aware of which sample he or she is measuring). A simple free
diagram depicting a sampling plan with three operators, measuring five parts, three times each is shown
in figure 6.11. Each of these are layers of the COV.

Operators 1 2 3

AAAAAAAAAAAAAAA

Measurement 1 2 3 4 56 7 8 9 1011121314 1516 17 18 19 2021 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 4142 43 44 45

Samples

Figure 6.11: Typical Gage R&R Sampling plan

Problems with application of traditional Gage R&R studies’®:

1. Biased to the measurement system components. Multiple layers are components of measurement
system sources compared to one source for product variation.,

2. How are the samples in the study chosen? What do they represent? What do you want to compare
the measurement system variation to? The samples need to represent variation as a function of
the hypotheses.,

3. “One shot” studies where results are applied beyond the inference space. Typically, once the gage
R&R is “passed’, it is never re-evaluated. Unfortunately, as hypotheses change, so may
measurement capability.,

4. The plan is a mixed model (crossed and nested), making it difficult to analyze for stability. Only
nested layers can be analyzed for stability.

Experienced engineers often record COV lessons in their User Guides: where early samples misled them,
warning signs of inadequate coverage or narrow inference space, measurement issues, and reminders to
test stability before comparison. These notes are rarely found in textbooks. They are learned through
experience. Capturing them accelerates judgment the next time uncertainty appears.

COV does not replace DOE. It prepares you for it and assesses stability after it. Before deliberately
changing a system, it is wise to know: where leverage resides, whether stability exists, which components
deserve focused attention, and which can safely be ignored. That preparation is the role of a COV study.
Once sampling has oriented you, once you know where variation lives and where it does not, you are
ready to ask a different class of questions: How should variation be partitioned, compared, and
understood? For example, if there is significant material lot variation and only one lot of material is used
when running the DOE, the results of the DOE will be unusable in the future. The next chapter discusses
DOE. | have put together an overly simplified comparison in Figure 6.12.

'® See Wheeler, Don, “Problems With Gauge R&R Studies”, 46" Annual Quality Congress
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Figure 6.12: Sampling and DOE Comparison
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Chapter 7
Design of Experiments (DOE)

Dr. George Box introduced me to a simple model for learning: In order to learn, two things must occur
simultaneously: something must happen (a significant informative event) and someone must see it
happen (a perceptive observer). Significant events occur naturally, all of the time. It is happenstance
when the event and the perceptive observer meet. Consider gravity. Events associated with gravity have
been around as long as humans, but it wasn’t until Newton, hit on the head with a falling apple, that
gravity was discovered. Rather than waiting for a significant event to occur and increasing the likelihood
we will see it (through sampling and critical thinking), create the significant events (DOE) and measure
them, thus obtaining knowledge faster. That is basically what we attempt to accomplish with a DOE. The
bigger the event, the faster the learning. An experiment is an invitation for an informative event to occur.
DOE, by definition, is the manipulation of controllable factors (x’s, independent variables) at different
levels to see their effect on responses (Y’s or y’s, dependent variables) in the face of noise. Where,
controllable factors are the factors we are willing to manage or control and Noise are the factors we are
NOT willing/able to manage or control for various reasons:

1. there is no current methodology/technology available to control,

2. management or control is too costly, or

3. management or control is inconvenient

I will not re-state the arguments against one-factor-at-a-time experiments (OFAT). Their issues including
inefficiency, narrow inference space, suboptimization, unrealistic and inability to identify interaction effects
is well documented. DOE is the most powerful tool we have for understanding causality. We are literally
manipulating factors at multiple levels while other factors are also being manipulated and while noise is
changing. When used well, they allow us to deliberately vary inputs and observe the resulting changes in
performance in a way that cannot be achieved through observation alone. When used poorly, they
consume time and resources while providing little insight, and sometimes misleading conclusions.

“Experience may be acquired in two ways; either, first by noticing facts without any attempt to
influence the frequency of their occurrence or to vary the circumstances under which they occur; this
is observation; or, secondly, by putting in action causes or agents over which we have control, and
purposely varying their combinations, and noticing what effects take place; this is experiment.”

Sir John Herschel

Learning vs. “Pick a Winner” Selection

In many organizations, experiments are run under intense schedule pressure. The objective is often to
“pick a winner” rather than to understand how and why a system behaves as it does. Factors are selected
based on prior beliefs, or “rounding up the usual suspects”. Levels are chosen based on what is the
current level and what is thought to be optimal, and the experiment becomes an exercise in justification
rather than discovery. While this may satisfy organizational timelines, this approach may sabotage
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learning. When only favored factors are included, and when factor levels are set narrowly around current
practice, the experiment severely restricts the design space. If effects are underestimated due to
insufficient level separation, important factors are dropped prematurely, creating a Type Il error (Beta),
which is often the most damaging error in an iterative learning process.

There is a fundamental distinction between experiments run to understand causality and experiments
run to select among options. Learning experiments assume incomplete knowledge, intentionally explore
broad design spaces, sacrifice efficiency early to gain insight, and prioritize inference space over
immediacy. This distinction matters. An experiment designed to learn embraces uncertainty, breadth, and
iteration. It is expected to inform the next experiment, not to finalize a design. This book is concerned
primarily with using experiments to gain knowledge.

Level Setting

Two of the most influential elements of effective DOE planning are the handling of noise and level setting.
In sampling, the time series is used to ensure the natural variation of factors is exposed. In designed
experiments, the time series is purposefully removed. To expose the influence of factors, the factors have
to be manipulated at multiple levels. The general guidance for initial experiments is: bold, but
reasonable. For example, when experimenting on materials to use in a product where the hardness of
the material may have an effect, the experimenter may choose two different grades of stainless steel, but
would not consider making it out of platinum. In early experiments, factor levels should be set to create
sufficient contrast to reveal potential factor effect. The objective is not to identify the best setting, but to
determine whether the factor matters and to estimate the direction and relative magnitude of its influence.
If levels are set too close together, important factors may appear insignificant simply because the study
did not reveal enough variation. A common mistake is to select one level as the current setting and the
other as the engineer’s best estimate of optimum. Under typical time pressures, this approach often fails
to create enough separation to reveal meaningful effects or to overcome the influence of noise. Because
exaggerated levels move the study away from the current operating region, all factors in the experiment
should be set boldly, not just a select few. This ensures that the experimental region remains balanced
and interpretable. Noise should also be varied broadly when the goal is to create an experiment space
indicative of the future. If noise is artificially constrained, factor effects may appear larger than they will be
under real operating conditions, reducing the usefulness of the results. Initial experiments are intended to
expose effects, not to select optimal settings. Subsequent experiments can then refine level selection
and move toward practical operating conditions. Sampling studies can often provide valuable guidance
for appropriate level ranges, particularly for understanding the natural variation of noise factors.

Experiments Designed to Provide Insight
An experiment that cannot provide insight to hypotheses and what you will do next is not useful. Before
running an experiment, engineers should be able to answer:

e What decisions might change based on the results?

e What will we do if the results contradict expectations?
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e What will we do if no effects are detected?

o What will we do if there is a huge amount of variation, but no factors are significant
These questions should be predicted. If these questions cannot be answered, the experiment is
premature.

Visual Tool: Factor Relationship Diagrams (FRD)

FRD is to DOE as sampling trees are to COV. FRD’s help visualize relationships among factors and noise

(Figure 7.1). They are used during planning to decide when noise should be held constant, allowed to vary,

or be deliberately partitioned. They are also used during analysis to interpret results in the context of those

decisions (what are the appropriate comparisons to make). An FRD should have design structure (DS),
unit structure (US), at least one line of restriction (LOR)?° and the model to assign the degrees of
freedom (DF’s). All FRD’s will have a row for treatments?' and actual run order.

I. The DS is the factors being deliberately manipulating (i.e., controllable x’s). The design factors are
shown in black and are coded equidistant, centered on zero. (e.g., -1, +1 for 2-level designs) to indicate
the number of levels.

Il. The US is the noise related to the experiment. It is always red and coded using whole numbers
(unless it is manipulated, then it follows the coding for DS) to indicate one or multiple levels. It
distinguishes:

1. Noise factors held constant during the experiment. Conditions under which the experiment is run
(i.e., inference space)., AND
2. Noise factors that vary but are not deliberately manipulated during the running of the experiment.
This noise forms the basis for statistical tests (F-test).
lll. LOR’s are shown in green and are used to show:
1. Partitioning of the US,
2. Partitioning of DF’s for analysis
Solid LOR’s partition both US and DF’s whereas dashed LOR’s partition only the US.
IV. The Model is shown in blue and should assign the DF’s with the appropriate LOR’s.

20 The phrase comes from restrictions on randomization. There is always something constant during the study.
2! Treatments = Experimental Units
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Figure 7.1: Example Factor Relationship Diagram for Injection Molding DOE

Rank Order of Model Effects

A central planning concept in this methodology is the predicted rank order of model effects. Before
selecting an experimental design, engineers should predict which effects, main effects and two-factor
interactions at a minimum, are most likely to matter. This prediction is not about correctness; it is

about design selection. This is not a statistical exercise; it is an expression of engineering judgment. If
first-order effects are expected to dominate, lower-resolution designs may be appropriate and efficient. As
interactions rise in the predicted rank order, higher-resolution designs are required to avoid confounding
effects that are believed to be important. Rank order prediction directly informs design resolution, alias
structure acceptability, and the balance between resource use and learning. Skipping this step often
leads to designs that are either overbuilt or insufficiently informative.
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Sequential Experimentation: Start Wide, Then Focus

A recurring principle in this methodology is to start wide and narrow later. Most meaningful
experimentation is sequential. Rarely do we begin near the optimum. Early experiments are exploratory,
intended to reveal direction, magnitude, and relevance. Later experiments refine understanding, increase
resolution, and address nonlinear behavior. | often describe this sequential process using the analogy of
traveling from Philadelphia to Boulder. | was born in Philly. | had one objective since birth, get out of
Philly. When | turned 17, | graduated high school and got a get out of Philly opportunity. | was able to
select a location for my continuing studies. | set my sights on Boulder, CO. If my goal is to leave
Philadelphia quickly, | do not need a detailed street map of center city Philadelphia. | need the fastest way
out of the city. As | got closer to Boulder, | realized | needed the detailed map. Only near the end does it
make sense to focus on specific streets and addresses.

Early experiments should include many factors, use bold level settings, tolerate confounding strategically
for efficiency, and aim to identify direction rather than precision. As learning accumulates, subsequent
experiments increase resolution, explore nonlinearity, and refine models. This mirrors how humans learn
and aligns with effect sparsity and hierarchy principles. The mistake is not starting with low resolution, the
mistake is thinking you can get all the information you need in one experiment and therefore running an
optimization experiment in Philly. Assume you do not know much. This assumption is appropriate
because, if the assumption is right, you have run experiments to provide the proper foundation for
iterative work. If the assumption is wrong, you haven’t wasted resources, you simply augment the current
design space.

Design Selection Criteria
The following is a list of criteria to aid in experimental design selection.
1. Constraints: Time, money, material availability, measurement/equipment capability, etc. How many
treatments can be made (this will likely need to be negotiated)?
2. How many factors are to be manipulated (the number of hypotheses to be compared)?
3. How will noise be included? (e.g., repeats, replicates)
4. Are there purposeful restrictions on randomization? Are some factors harder to change than
others?
5. What global effects??> do you want to estimate?
6. Are higher order model effects suspected/predicted (i.e., interactions, curvature)?
e What is the desired resolution? (What interaction effects do you want to estimate/separate?)
e What order polynomial is required? (How many levels do the factors need to be tested at?)

22 See Chapter 9, Figure 9.1, page 1-83
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Chapter 8
Noise, Robustness, and Restrictions on Randomization

Perhaps the most important distinction between my approach and that of traditional enumerative
statisticians lies in how noise is treated. The prevailing statistical instinct is to randomize noise away.
While this may be useful for certain enumerative objectives, it fundamentally limits learning about causal
structure. Randomization hides noise; it does not explain it. In engineering and scientific work aimed at
understanding how and why systems behave, noise must be studied, not ignored.

“The exact standardization of experimental conditions, which is often thoughtlessly advocated as a
panacea, always carries with it the real disadvantage that a highly standardized experiment supplies
direct information only in respect to the narrow range of conditions achieved by the standardization.
Standardization, therefore, weakens rather than strengthens our ground for inferring a like result, when,

as is invariably the case in practice, these conditions are somewhat varied.”
R. A. Fisher (1935), Design of Experiments (p.99-100)

What Noise Really Is

Noise consists of all the factors the investigator is unwilling to manage. Note the future tense, most noise
may be able to be controlled over the course of an experiment. Recall, these factors may be
uncontrollable, impractical or too costly to control, not of immediate interest or inconvenient to control. In
any realistic system, the number of noise factors vastly exceeds the number of factors that can be
explicitly studied. This imbalance creates a dilemma: how do we learn about important design factors
while the rest of the system continues to vary? Ignoring noise is not an option. But neither is holding it
constant. Noise affects experiments in two ways; it limits the precision for detecting factor effects and it
determines the inference space over which conclusions remain valid. Examples of noise include
environmental conditions, wear, raw materials, operator behavior, customer use, source of power, etc.

The Lake-Level Analogy

| often explain noise using a simple analogy. Imagine the effects of design factors as objects protruding
above the surface of a lake (Figure 8.1). The water level represents the variation due to noise. Only the
effects that rise above the water level can be detected. If the amount of noise that varies in the
experiment increases, the water level rises, and smaller effects disappear beneath the surface. If noise
decreases, more effects become visible, but the inference space shrinks. Precision is the term we use to
describe the ability of the experiment to detect factors. The objective is not to drain the lake. The
objective is to understand how deep it is and why. The optimum water level is the level that represents
the true variation due to noise in the future.
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Recall Shewhart’s model; random variation is unassignable. Engineering progress requires more than
statistical protection, it requires insight.

Robustness Defined

Robustness is often presented as a design technique. It is better understood as an analytic obligation. If
a conclusion or decision is highly sensitive to small, uncontrolled changes, it is fragile, regardless of how
compelling the analysis appears. Robust conclusions are those that continue to hold when the system is
exposed to reasonable variation. | define robustness as the absence of noise-by-factor interactions. If
the effect of a design factor depends on noise, the design is not robust. Noise-by-factor interactions are
not inconveniences; they are opportunities. They tell us that performance depends on conditions.
Identifying these interactions early, during the design phase, is critical, because this is when options are
plentiful. Once a design is released, options disappear.

Partitioning Noise to Learn about It
The challenge, then, is to increase inference space while preserving precision. This is not only possible, it
is essential. Noise can be deliberately partitioned through:

e repeats, to understand short-term variation,

e blocking, to account for long-term or systematic variation,

o split-plot designs, to manage specific noise efficiently.

These are not statistical tricks. They are learning strategies. Noise is not handled by statistical software. It
is handled during experimental planning. The Factor Relationship Diagrams (FRDs) introduce in chapter
7, make noise visible. Noise placed at the bottom of an FRD defines the water level in the lake. As that
list grows, it signals a need to partition variation, before data are collected. The software never asks for
this information. Yet that is what determines the validity of every p-value and confidence interval
produced.

Repeats

When repetition is used, the treatment combinations are not changed between the data points. Results
obtained by repetition should not be considered independent events (there is only 1 experimental unit per
treatment, that experimental unit is measured multiple times). The data points are useful for estimating
averages and short-term variation components and may therefore provide estimates of mean and
dispersion for use in analysis of the treatment effects. When the repeated data points are averaged, the
effect of the within treatment variation (due to unit structure) is reduced increasing the precision of the
design (ability to assign design factor effects). The measure of dispersion quantifies the unit structure within
treatment and can be used to model the design structure effect on variation. The way we keep track of this
partitioning of the unit structure is with a dashed line of restriction on an FRD (Figure 8.3).
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Figure 8.3: FRD depicting repeats

Replication: Completely Randomized Replicates

When replication is used, the treatments are changed between experimental units (Figure 8.4).
Recognize this doubles the size of the experiment. Traditionally, statisticians recommend randomized

replicates. When replicating the experiment, each treatment results in multiple experimental units. Each
experimental unit can be considered an independent event. This is accomplished by changing the
experimental conditions between each treatment. The advantages are it increases the likelihood the
inference space is more representative (broader), the unit structure effects, estimated by the error term,
are theoretically less biased, and the error term can be quantified and used to test statistical significance
of the design factors. Essentially, the error term quantifies the water level in the experiment.
Unfortunately, the error cannot be assigned to specific x’s and the precision for detecting design factor
effects may be compromised (the water level is higher).
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Figure 8.4: FRD depicting randomized replicates

Blocking: Randomized Complete Block Designs

Replication can also be accomplished in blocks allowing for the assignment and partitioning of the unit
structure (Figure 8.5). In industrial experimentation, blocks are frequently a frame where noise variables
can reasonably be expected to remain constant or are held constant while that part of the experiment
takes place. This has the benefit of reducing the effect of noise and increasing the precision for detecting
factor effects within the block (e.g., dropping the water level). Subsequent blocks are selected so the
noise held constant within block changes between blocks. This allows for estimation of the effect of noise
and often noise-by-factor interactions necessary for robust design. In this manner information regarding
design structure (factors manipulated) is acquired across changing unit structure (environmental
conditions, variation in raw materials, and other known and unknown noise variables) therefore
increasing inference space with increased precision.
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Figure 8.5: FRD depicting blocks

It is often the case you might make a decision to reduce the resolution of the design structure in order to
increase the resolution of the unit structure. This is accomplished by fractionating the design structure.
You might also fractionate the block effects (Figure 8.6), creating a randomized incomplete block design
(aka balanced incomplete block design).

“Block what you can, randomize what you cannot”
G.E.P. Box
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Figure 8.6: RCBD Fractional Factorial and an Incomplete Block

Figure 8.7 depicts the effect of blocking on design factor precision.

Factor Effects

True Unit Structure Effect

f

Unit Structure within Block

Block Effect

] ]

Figure 8.7: Depiction of a Significant Block Effect
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Split-plots

Split-plot experiments can be seen as a practical way to deal with certain issues which preclude
randomization. Completely randomized designs are the archetype, often advocated, design. This is the
typical strategy to handle noise in an experiment when the noise has not been identified. \WWhen a design
is not randomized, those restrictions must be taken into account. One such design used to handle
restrictions is a split-plot design. There are two distinctly different reasons to restrict randomization and |
make a deliberate distinction between convenience split-plots and efficiency split-plots.

Efficiency Split-plot

The second reason to use split-plot designs is due to the desire to partition the unit structure (lower the
water level) and thereby improve the precision of the design structure using less resources. This is what |
call an efficiency split-plot (Figure 8.8). Efficiency split-plots are designed intentionally to partition noise in
a way that increases precision of both the whole plot and the subplot, preserves inference space, and
allows meaningful interpretation of effects. This distinction is rarely made explicit, yet it fundamentally
changes how experiments are planned and analyzed. To my knowledge these can only be run in situations
where the experiment can be run in stages or in some time ordered sequence. The factors that make up
the subplot are subordinate or subsequent to the factors in the whole plot. This can be extremely useful for
product design as different designs can be tested over factorials of noise. Doing this increases the precision
of understanding noise-by-factor interactions and therefore the robustness of the design to noise. This is
essentially what Taguchi’s inner-outer array or Cox’s cross-over design is.
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Figure 8.8: Efficiency Split-plot Design
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Convenience Split-plots

An experiment that restricts randomization due to physical or economic reasons is what | call a convenience
split-plot (Figure 8.9). Most split-plot designs are created for convenience, factors that are hard or costly to
change. The run order is executed by changing the subplot (SP) factor(s) while the whole plot (WP) factor
remains constant. Then the WP factor is changed and the runs replicated. This minimizes the number of
times the whole plot factor is changed. the information about the whole plot factor is subject to different
unit structure due to the minimized number of changes. For quantitative analysis, the whole plot error
(rather than the mean square error of the subplot) should be used to determine whether the whole plot
factor had a statistically significant effect. Replication of the treatments made varying the whole plot factor
is necessary to have any estimate of the whole plot error and therefore a quantitative test of significance
which means you have to change the whole plot factor more than once. If the unit structure is significantly
partitioned and it is confounded with the whole plot factor, there will be a negative effect on the precision of
the whole plot. In this case, it would NOT be desired to have a significant partitioning of the unit structure
thereby not diminishing the precision of the whole plot.

2)/+1Split-plot
Vat 1
Lot 1
Sauce Type 1
Week 1
s ke ' WP: DF=1
sh 1 2
Set-up 1 1
P 1 1 ' 3y
N SP: DF=6 _
N 7 X N

DE:=7

DG: M=SVP

WP =S

SP = (P +V+ M)1+WP)
Y = WP+SP

Figure 8.9: Convenience Split-plot

Options for Significant Noise Effect
Once noise (or noise-by-factor interactions) is found to have a significant effect, what can be done to
mitigate the effect?

e Optimize levels of the controllable factors that reduce the noise effect,

e Discover other factors (e.g., not previously considered) that will mitigate the noise,

e Manage the noise (essentially consider the noise as a controllable factor and find best levels),
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e Continuously adjust controllable factors to compensate for the noise effect (the noise would need
to be measurable),

o Work to reduce the noise effect directly (e.g., work on the supplied/raw material processes),

e Create/develop a new process (e.g., innovative materials and technology),

e Accept the process will be producing product that will perform inconsistently and prepare to handle
customer complaints.

Transition: From Noise to Analysis

Once noise has been deliberately accounted for in the design, analysis becomes clearer, simpler, and
more meaningful. In the next chapter, we turn to analysis, emphasizing practical interpretation, graphical
methods, and quantitative tools, applied in that order, to extract learning rather than merely produce
statistics.
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Chapter 9
Analysis for Learning

Analysis is often where engineering and scientific studies go wrong, not because the tools are incorrect,
but because the purpose of analysis is misunderstood. Analysis is not an end point. It is not a ritual. It
is not proof of rigor. Analysis exists for one reason only: to support learning about causal structure.
Everything that analysis can reveal is constrained by how the data were acquired. No amount of
analytical sophistication can recover information that was never collected.

“There are three kinds of lies: lies, damned lies, and statistics.”®?

The Governing Constraint: Data Acquisition
The most important principle in analysis is this: The information revealed by data is entirely
dependent on how the data were acquired. Before looking at plots, tables, or p-values, the analyst
must understand:

e what varied,

e what was held constant,

e what is assignable,

e what was confounded,

e what was randomized,

e and what sources of noise varied during the study.

Without this context, analysis is disconnected from reality. This is why skilled practitioners spend far more
time planning data collection than performing analysis. Analysis is downstream of design, and its value is
bounded by it.

“To consult the statistician after an experiment is finished is often merely to ask him to conduct a post
mortem examination. He can perhaps say what the experiment died of.”?*

Ross’ Rules of Analysis
Over time, | formalized a simple sequence for analysis that reflects how engineers actually learn. | refer to
this as Ross’ Rules of Analysis:

1. Practical

2. Graphical
3. Quantitative

This order is deliberate and non-negotiable. | learned the required order of analysis the hard way.

23 Benjamin Disraeli, also attributed to Mark Twain.
24 Fisher RA (1938) Presidential address. Sankhya 4: 14-17.
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As an advisory engineer working at StorageTek, | had the opportunity to design, review and analyze
many experiments. In this role, | would assist in analysis by running procedures in SAS (e.g., proc GLM,
Proc ANOVA, proc REG). | would provide a detailed quantitative analysis of the data. | would also support
other engineers in their explanations of what was learned to others. At one such meeting, an engineer
had finished their presentation on a project they were working on and asked if there were any questions.
Sure enough, an individual in the meeting raised their hand. This individual was a manager and so |
prepared for a less than challenging question. The manager said, | have no idea what ANOVA is or what
a significant p-value is, but looking at the data, the amount of variation in the experiment is irrelevant. The
response is nowhere near where we need to be. | considered his comment and | had an emotional event.
It was then and there | realized | had been analyzing data backwards. Upon this realization | wrote a note
to myself in my User Guide regarding the order of analysis.

Practical Analysis: Does This Make Sense?
Practical analysis asks the most basic, and most important questions:
e Does the data make sense?
¢ |s the magnitude of change meaningful?
e Is there enough variation to continue analyzing?
e Are results consistent with engineering intuition?
¢ Are the results supportive of hypotheses (or can you rationally explain the results?)
e How do results compare with predictions?
e Are there any obvious outliers or interesting patterns?

Prediction plays a crucial role here. When predictions were made before data collection, discrepancies
become learning opportunities rather than sources of confusion.

Practical analysis is where engineers apply judgment. Statistical significance without practical significance
is irrelevant.

Graphical Analysis: Seeing the Patterns
Humans are visual learners. Graphical analysis exploits this strength. Common graphical tools include:
e variability plots,
e time series plots,
e control charts,
e normal probability plots,
e Pareto chart of effects,
e scatter plots.

Variability plots for sampling studies or nested layers in an experiment are particularly powerful because
they make structure visible without requiring distributional assumptions. They allow engineers to see:

e separation between groups,

e a comparison of each of the components,
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e patterns due to systematic sampling,
e patterns suggesting interactions or instability.

| also use ANOG (Analysis of Good) as a practical counterbalance to ANOVA. Rather than asking
whether differences are statistically detectable, ANOG asks whether the “good” (and “bad”) outcomes are
associated with specific levels of factors. This aligns analysis with engineering objectives.

“Results of a well-planned experiment are often evident using simple graphical analysis. However, the
world’s best statistical analysis cannot rescue a poorly planned experimental program.”
G. Hahn

Quantitative Analysis: Augment, Don’t Replace

Quantitative methods such as ANOVA and regression should augment, not replace, practical and
graphical understanding. Statistical procedures are useful for detecting subtle patterns in complex data
sets, preventing false pattern recognition, and increasing confidence in conclusions.

They are not substitutes for thinking. A common failure mode is to begin with quantitative output and work
backward to interpretation. This reverses the learning process and encourages overconfidence in
numerical results divorced from context.

Analysis of DOE vs Analysis of Existing Data

It is important to distinguish between analysis of designed experiments and analysis of existing
(observational or historical) data. In DOE, model development is fundamentally subtractive. The
experiment is designed to support a specific model. Analysis begins with a saturated model, all degrees
of freedom are assigned, and terms are removed using engineering judgment, graphical evidence, and
statistical analysis. In observational data analysis, modeling is most efficiently accomplished using

an additive approach. One begins with simple models and adds complexity as warranted, often guided
by Taylor series logic. Confusing these approaches leads to inappropriate modeling and false
conclusions. Ignoring effects simply because they are not in the current model creates blind spots that
often reappear later as “unexpected” behavior.

Model Effects vs Global Effects

Another frequent source of confusion is the distinction between model effects and global effects. Model
effects are those included in a specific experimental design. | suggest rank ordering model effects up to
second order during planning (this is, of course, a prediction). If the top of the list is all main effects, then
lower resolution designs are appropriate. As the second orders percolate up the list, higher resolution
designs become better options. This rank ordering is also useful in analysis when assigning aliased
effects. Global effects represent the broader universe of considerations that could influence tool
selection. The priority for estimating which effects are necessary, given your current knowledge, will
change over the course of the investigation. Figures 9.1-9.3 are not prescriptions; they are interpretive
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scaffolding intended to help engineers link what they might want from a study to the most effective

strategy.

Possible Effect

Noise

Main Effects (Factors)

Two-Factor Interactions (2" order linear)

Noise-by-factor Interactions

Simple Curvature (2" order non-linear)

Complex Non-linear (23" order non-linear)

2 Three-Factor Interactions (3™ order linear)

Stability

Leverage

Measurement Uncertainty

Mean

Variation

Figure 9.1: List of Global Effects

Ranking these effects, and updating that ranking as learning progresses, helps guide selection of

sampling strategies and experiment design It also helps in iteration planning. Figure 9.2 offers some

guidance on possible data collection strategies associated with estimating each global effect. Figure 9.3

is one possible ranking of global effects through phases of iteration.

Possible Effect

Minimal Strategy

Noise

RIBD, Sampling

Main Effects (Factors)

Res. Il Fractional Factorial

Two-Factor Interactions (2" order linear)

= Res. |V Fractional Factorial

Noise-by-factor Interactions

RCBD, Split-plots

Simple Curvature (2" order non-linear)

Center Points

Complex Non-linear (= 3™ order non-linear)

RSM, = 3 Level Factors

= Three-Factor Interactions (3" order linear)

Full Factorial

Stability Sampling, R, MR Charts
Leverage Nested/Systematic Sampling
Measurement Uncertainty Nested Layer, MSE

Mean Any Data

Variation Repeats

Figure 9.2: Possible Data Collection Strategies Linked to Global Effects
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Knowledge Continuum
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Figure 9.3: Hypothetical Ranking of Global Effects Through Iterations

Measurement Matters

Analysis cannot overcome poor measurement systems. If measurement discrimination is inadequate, real
variation cannot be detected. Measurement error raises the water level of the lake, obscuring effects and
misleading conclusions. Variability and control charts are invaluable for diagnosing measurement issues
early. If the data cannot support learning, the correct response is not more analysis, it is better
measurement. Measurement systems should be studied prior to experimentation or if not, nested within
the experiment as repeats.

Simplicity Is a Feature, Not a Flaw

Simple models are not inferior models. They are often more useful. Simple models are easier to interpret,
utilize, communicate, manage and guide action. Complex models that cannot be executed, explained, or
trusted offer little value, regardless of statistical sophistication.

“A good model is an approximation, preferably easy to use, that captures the essential features of
the studied phenomenon and produces procedures that are robust to likely deviations from
assumptions”

G.E.P. Box

The interpretation of analytical outputs is inseparable from the structure of the data that produced them.

In Part Il, | examine how different data acquisition strategies shape the outputs and how engineers should
interpret them.
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Chapter 10
The User Guide

Engineering and scientific work aimed at understanding causality is inherently complex, iterative, and
uncertain. There is no single “correct” sequence of steps, no universal decision tree, and no cookbook
that can guarantee success. This reality creates a problem: how does an individual remain effective and
efficient while navigating complexity repeatedly over the course of a career? My answer is the User
Guide.

What a User Guide Is, and Is Not

A User Guide is not a textbook. It is not a set of rigid rules. It is not a standardized corporate procedure. A
User Guide is a personal, evolving representation of how you think about methodology, captured in
your own words, diagrams, checklists, flowcharts, and examples. It is both a reflection of what you
currently understand and a mechanism for improving that understanding over time. It is your operating
system for discovery.

Why Books Are Not Enough
Most books on statistics and experimentation do an excellent job explaining how to execute specific
techniques. They describe different types of designed experiments, sampling methods, and analyses.
What they do not explain is when to use which approach, or why. | believe this is due to the fact that
techniques are always situation dependent. That decision cannot be fully prescribed. It depends on:

e the system under study,

e the questions being asked,

e the hypotheses in play,

e the resources available,

e and the engineer’s current state of knowledge.
These judgments require ownership.

The First Purpose: Capturing Understanding

The first purpose of a User Guide is to document what you know, or think you know, about the
methodology. Imagine not only your understanding, but your ability to explain to others. This is the true
test of understanding. Early versions often contain little more than regurgitated content from classes,
books, or mentors. This is normal and necessary. Over time, those notes transform into something more
meaningful: a personalized guide grounded in experience. This process reveals misunderstandings,
gaps, and contradictions and are signals that learning is occurring.

The Second Purpose: Guiding Action
The second purpose of a User Guide is navigation.
A User Guide may include:

o flowcharts to sequence thinking,
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e checklists to ensure due diligence,

e tips, hints and tricks,

e reminders about common failure modes,

e templates for planning,

e criteria for design selection,

¢ links between situations and appropriate tools,

o steps of analysis,

e case studies illustrating effective and ineffective methods.

These artifacts reduce cognitive load, free mental capacity, and improve consistency without sacrificing
judgment.

Iteration and Learning

A User Guide is never finished. It evolves with every project, every mistake, every surprise, and every
insight. Lessons learned are captured, refined, and reused. Old assumptions are revised. New heuristics
emerge. | am still working on my own User Guide after forty years. It will end when | end. An illustration of
how | organize my User Guide is shown in Figure 10.1.
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Figure 10.1: Diagram of My User Guide

Ownership Matters

Methodology that belongs to someone else may be useful, but when you internalize the methods, you are
more likely to adhere to them. When guidance is self-authored, it carries power. When decisions reflect
your own thinking, you are more likely to act on them, revise them, and defend them thoughtfully. This
does not imply isolation. Collaboration is essential, particularly for mitigating bias. But collaboration does
not replace ownership. Critical thinking is individualized and is not a team sport.
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Examples Without Templates

| have collected many User Guides from past participants. They share similarities, but no two are the
same. This diversity is intentional. Providing examples can inspire, but copying undermines the purpose.
The goal is not to replicate my or anyone else’s thinking, it is to develop your own. What works, and what
doesn’t, needs to be learned. The User Guide brings the methodology full circle. It connects critical
thinking, mapping, sampling, experimentation, and analysis into a coherent, repeatable practice. In the
final chapter, we step back and reflect on the journey, what this approach offers, what it does not
promise, and how it can support a lifetime of thoughtful engineering and scientific work.

1-87 ©Sigma Science Inc.



Chapter 11
Reflections, Biases, and an Invitation to Think

This book does not offer a formula. It offers a way of thinking. If there is one theme that runs through
everything presented here, it is that learning about causality requires deliberate thought, not
haphazard application of tools. Methods matter, but how and when they are applied matters more.

On Bias, Explicit and Otherwise
Everyone is biased. The danger is not bias itself, but un-recognized and unexamined bias. Throughout
this book, | have been explicit about mine:

e a strong bias toward determinism, a belief there is no effect without cause,

e a preference for practical significance over statistical significance,

e afocus on understanding how and why systems behave,

e a skepticism of complex models that cannot be executed or used.

These biases were not adopted philosophically; they were earned through experience, including failure,
embarrassment, and hard lessons. You should examine yours with equal rigor.

There Is No One Right Path

There is no single correct sequence for applying critical thinking, mapping, sampling, experimentation,
and analysis. The most effective approach is often obvious only in hindsight. What | present here is my
path, iterated over decades. It works for me. It may work for you. It will almost certainly need adaptation.
What matters is not adherence to a method, but ownership of a method.

On Efficiency and Effectiveness

Speed is often treated as the primary metric in engineering and product development. Timelines are
established before understanding what it will take to deliver. Designs are released prematurely. Problems
appear downstream at great cost. Thoughtfulness early does not slow progress. It ultimately accelerates
it. Taking the wrong action quickly is almost always slower than taking the right action deliberately.

Failure as a Teaching Aid

One of the most effective ways to learn is through failure. Prediction prepares you for failure by making it
informative rather than emotional. When expectations are explicit, failure becomes data. Reflection turns
failure into progress. This is not a comfortable process, but it is an effective one.

“Most large organizations embrace the idea of invention, but are not willing to suffer the string of

failed experiments necessary to get there.”
Jeff Bezos
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The Invitation

If this book succeeds, it will not be because you adopt my terminology, my tools, or my preferences. It will

succeed if:

you ask better questions,

you think more deliberately before collecting data,

you treat noise as something to understand rather than eliminate,

you design studies with learning in mind,

you reflect honestly on what you thought would happen and what actually did,
and you develop a methodology that you own.

| encourage you to create your own User Guide. Let it evolve. Let it contradict itself. Let it improve. The

journey does not end here.

Closing Thought

| will close with a reminder that has guided much of my thinking:

“All models are wrong, some are useful.”

G.E.P. Box

Use what is useful. Question everything else. And above all, remain thoughtful.

Part Il transition

Part Il shifts attention from critical thinking, mapping and data collection strategies to analysis and

interpretation from data acquired through COV and DOE with a brief discussion on data mining, while
retaining the same discipline of thought.
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Part Il
Data Collection, Analysis and Interpretation

The Sigma Science Methodology introduced in Part | is about how to think about situations. Part Il is
more about what to do in those situations. Part Il is organized by how data are acquired.

The interpretation of data cannot be separated from the way the data were acquired. Sampling data,
experimental data, and historical or observational data differ fundamentally in their intent, structure, and
limitations. As a result, the questions they can answer, the conclusions that can be drawn, and the
confidence with which those conclusions can be extended into the future are fundamentally different.
Much confusion in applied statistics arises from treating these data sources as interchangeable and
attempting to analyze them with the same tools and expectations. In this part of the book, analysis is
approached not as a collection of statistical techniques, but as a disciplined interrogation of variation that
respects the origin of the data and the hypotheses that motivated their collection.

“If your result needs a statistician, then you should design a better experiment.”
Baron E. Rutherford
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Chapter 12
Analysis Begins Before Software

Purpose of This Chapter

This chapter establishes a foundational premise for Part II: data analysis is dependent on how the data
were acquired. This chapter is not about how to generate outputs of analysis, but how to interpret them
once they exist. The same analytical technique applied to different types of data may yield similar
numerical outputs, yet those outputs can differ profoundly in meaning, credibility, and usefulness. Much of
the confusion surrounding statistical analysis in engineering and science arises not from misuse of
mathematics, but from failure to respect the origin and structure of the data. Analysis performed without
regard to how variation was generated often produces results that appear rigorous but are misleading,
fragile, or irrelevant. The objective of this chapter is to demonstrate analysis techniques, to clarify what
analysis is for, what it can and cannot do, and how to approach it thoughtfully.

Analysis Is Not a Phase

In many organizations, analysis is treated as a downstream activity, something that happens after data
have been collected. This framing is misleading. The ability of analysis to reveal useful information is
largely determined before the first data point is collected. Decisions regarding what to measure, where to
measure, when to measure, and under what conditions measurements should be taken define the
structure of variation available for interpretation. Analysis does not discover structure; it interprets
structure that already exists. When data are acquired without clear hypotheses, without attention to
representativeness, or without understanding how variation is generated, analysis becomes an exercise
in rationalization rather than learning.

“Hunches and intuitive impressions are essential for getting the work started but it is only through the
quality of numbers at the end that the truth can be told.”
Lewis Thomas

Why Data Origin Matters

All data are not created equal. Sampling data, experimental data, and historical or observational data
differ fundamentally in intent, structure, and limitation. Sampling data are collected to understand and
assign sources of variation that already exist. The sampling data exposes the natural variation and are
diagnostic in nature. Experimental data are created through deliberate manipulation to provide insight to
hypotheses and understand causal relationships. Historical or observational data are artifacts of past
operations, collected for the purpose of developing hypotheses. Treating these data sources as
interchangeable and subjecting them to the same analytical expectations is a common and costly
mistake. Each requires a different analytical mindset, different questions, and different standards of
evidence. For this reason, Part Il is organized by how data are acquired.
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Analysis as Interrogation, Not Computation
Analysis is often misunderstood as computation, selecting a statistical test, pressing a button in software,
and interpreting the resulting p-value or coefficient. This view confuses means with purpose. Proper
analysis is an interrogation of variation. It asks:

e What variation is present?

e How is that variation structured?

¢ Which sources dominate?

e  Which comparisons are meaningful?

e What remains unexplained?
Statistical procedures can assist in this interrogation, but they cannot replace it. Software does not know
the hypotheses, the context, or the consequences of being wrong.

Practical, Graphical, Quantitative: IN THAT ORDER
Throughout this book, | advocate a disciplined sequence for analysis, which | refer to as Ross’ Rules of
Analysis:

1. Practical — View the data through the lens of engineering judgment. Does it make sense? Is the

magnitude of variation meaningful? Does it align with predictions?

2. Graphical — Use plots and charts to reveal patterns, structure, instability, and anomalies.

3. Quantitative — Apply statistical procedures to augment, not replace, insight.
This sequence is not optional. Practical significance is always more important than statistical significance.
Skipping directly to quantitative analysis increases the risk of misinterpretation and false confidence.

Statistical Significance Is Conditional
Statistical significance is not a property of the system being studied. It is a conditional statement based
on:

e how the data were acquired,

e what variation was present,

e what was held constant,

e amount of measurement error,

e what comparisons are made,

e and what assumptions were made.
A statistically significant result may be practically irrelevant. A practically important effect may fail to reach
statistical significance if noise dominates or if the measurement system lacks resolution. Understanding
this conditionality is essential for responsible analysis.

Simplicity as a Restraint
Simple models are not simplistic. They are often the most useful. Simple models:
e are easier to interpret,
e are more robust to noise,
e support prediction,
e communicate well, and
e are useable.
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Complexity should be added only when required by evidence and need, not curiosity. This discipline
mirrors the principle that learning should proceed from simple to complex as understanding increases.

Prediction as a Measure of Understanding

Analysis should ultimately support prediction, not explanation alone. Prediction forces clarity. It requires
hypotheses to be explicit and exposes gaps in understanding. Comparing predicted outcomes to
observed data is one of the most powerful ways to assess knowledge. Recall, | call this the Ross Metric.
Discrepancies between prediction and observation are not failures; they are opportunities. They reveal
where models are incomplete, assumptions are wrong, hypotheses are deficient, or important variables
have been overlooked. Analysis that does not inform prediction rarely advances understanding.

Preparing for What Follows

The chapters that follow examine analysis through the lens of data origin: sampling data, experimental
data, and historical or observational data. Each will require different questions, different analytical caution,
and different humility. What remains constant is the guiding principle: analysis must respect how data
were acquired. Statistical analysis is a powerful aid to learning when used thoughtfully. When used
carelessly, it can create the illusion of knowledge without its substance. The distinction lies not in the tools
chosen, but in the discipline with which they are applied.

Appendix F provides a detailed evaluation of potential outputs from different experimental design
strategies.
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Chapter 13
Analyzing Sampling Data: Stability, Leverage, and Diagnosis

‘I..

*
:,N ested Crossed
“uxs** Systdmatic
\_ y J

Focus of This Chapter

Sampling data are collected to understand what currently exists and get clues about causal structure.
Unlike experimental data, the investigator does not create events but observes variation that arises
naturally over time, space, or operating conditions. The purpose of analyzing sampling data is not
optimization or prediction of optima. Its purpose is orientation: to assess stability, identify dominant
sources of variation, and determine where further investigation is most likely to be productive. Essentially
where and how to work. This chapter focuses on how to analyze sampling data in a way that preserves
context, avoids overinterpretation, and supports intelligent next steps.

Prioritized Global Effects: Below are the highlighted effects, introduced in Chapter 9, that are the focus
of study.

Possible Effect Rank

Noise

Main Effects (Factors)

Two-Factor Interactions (2" order linear)
Noise-by-factor interactions

Simple curvature (2" order non-linear)
Complex non-linear (23" order non-linear)
2 Three-Factor Interactions (3™ order linear)
Stability

Leverage

Measurement uncertainty

Mean

Variation

N

NN ||| DD ||

Sampling is Designed

Sampling data is specifically taken, plotted, summarized, and interpreted. The conclusions drawn from
sampling data are entirely dependent on how the data were acquired and how variation is structured
within the study. Sampling plans implicitly define which sources of variation are exposed for each layer of
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the tree, why are they being exposed, and which are not being considered. Analysis that ignores this
structure risks answering questions that were never meaningfully posed.

Stability Comes Before Comparison

The first requirement when analyzing sampling data is to determine whether the sources of variation
captured within subgroup are stable. Stability refers to the consistency of variation generated by the same
underlying causes over time. If the nature of variation within subgroups changes, then comparisons
across time, location, or condition are invalid. Without stability, there is no basis for comparison. Only
range-based charts assess stability, because they track the same sources of variation repeatedly.
Average charts and summary statistics do not perform this function. If instability is detected, the
appropriate response is investigation, not adjustment. The goal is to understand what causes variation,
not to smooth it away.

“What reliance, asks the engineer, can be placed on sampling results? The answer is that prediction
based upon sampling from a non-controlled universe in which causes of the lack of control are
unknown is likely always to be in error...”

Walter Shewhart

Sampling Data Provide Diagnostics
Sampling analysis does not tell you what to do. It tells you where and how to investigate. The role of
sampling data is to:

e reveal whether variation is dominated by short-term or long-term sources (or other rational

subsets),

¢ indicate whether differences between conditions are meaningful relative to inherent variation,

e provide confidence in extrapolating results,

e help prioritize which set of factors deserve focused investigation, and

e expand inference space.
Attempts to use sampling data to optimize performance typically exceed what the data is intended to
support.

Considerations Prior to Sampling

e What questions are you trying to answer? What hypotheses are you trying to gain insight into, or
compare? (reference Thought Map)

e Where & what might be hierarchical sources of variation (x’s) in your process/product? (reference
Process/product maps)

e What response variables (y’s, Y’s) are of interest?

e What and how adequate is the measurement process? What is your degree of belief in the
measurement process and its outputs?

e How “representative” is the data of future conditions? Is the data sufficient and comprehensive?

e How much data will you need to capture the phenomena? Over what conditions do you want the
study to be valid?

e Are there any potential data or system distortion issues?

e Whatresources are available? What is the sense of urgency of the effort?

e What are your predictions? How will you make them?
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Understanding Leverage Through Comparison

Once stability has been established, sampling data can be used to compare sources of variation. This
comparison is about assessing leverage. Leverage refers to the extent to which a source of variation
contributes meaningfully to the observed variation in performance metric. Sources that dominate variation
offer greater opportunity for learning and improvement than those whose effects are small relative to
background variation. This comparison is inherently relative. It depends on how the study was structured,
which sources of variation varied and by how much, and which were restricted (did not vary in the study).
Leverage is not an intrinsic property of a factor; it is a property of a set of variables, components, in the
study. Sampling analysis should stop when it has accomplished its purpose. When it has answered the
questions posed and provided quantitative guidance as to which of your predicted next steps you should
follow.

The following is a conceptual example of the analysis of a nested sampling plan. This example is
intentionally detailed. It is not meant to be a template, it illustrates thinking. All possible outcomes from
this study are discussed. Crazy Cajun Company has been making sauces, especially hot, for many years.
They are interested in improving their product consistency and introducing a new, hotter sauce. Their
objective is to identify factors that affect the consistency and hotness of the sauce. Figure 13.1 shows an
initial Thought map.
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Motivation:
Marketing requested a hotter sauce
Product variation in the field

What factors affect the
hotness & consistency
of the sauce?

How is it Y’s: HI, Density, Viscosity,
measured? taste, color, odor

Are there other Y's?

I8 the measurement system adeguate?
I8 the measurement precise, consistent,

Are there any clues

(rate and direction)
to growing the raw
matls. This affects
amount of capsaicin
and densities

~
A
Is this a new
product design?

What ingredients can we change?
Can the process be changed?
What constraints are there?

Do we need to make it faster?
Cheaper? Last longer? Others?

Difficulty in following
instructions due to
their ambiguity

Sampling plans (see plans)

I

KEY
Green - Motivation

Black - questions

Black itafic - Y's

Red - Theories

Blue - sampling plans

Purple - Findings, conchsions, learnings

Create Product map

Design experiments

How did marketing
conclude we need a
hotter sauce?

\ to variation in sauce Did we have customer complaints?
hotness? Are we trying 10 gain acoess to other
1 markets’

\ Other customer concems, requirements?
discriminate? Any existingfistorical data? What is the sense of urgency?
How should the measurement | Any patterns in current preduct Whal resources do we have?
system be studied? \ variation? Whal is the spec.?

Should the measurement process \ Is the distribution process adequate?
Is it mfg. or packaging?
be mapped?
\ Need to understand
\ regardless
Do raw \
materials :ﬂsct Identifying X's \
sauce? R
Variation is large due S lr——. \ Is packaging Is the Gs!rl:ut,m
to inconsistency of \ affecting procssshcrea?ung
5 ity/li ms?
sample prep. fresh are the ingr w7 1 quality/life?
How are they stored? \
Is there '°.;'l°"°' veristion? [ Create process map (see map) \ Size of container? How i the product shipped?
1 Transmit ight? i
icpl locaions? o | lsuaton? How s  kansported?
Any seasanal fluchuations? Doss :?z ?:g;::t"m ;VGFY»’ g How is the product displayed? g container a concern?
How ia raw material quality leverage factors? Shell life? Huvlll do:s;m environment affect preduct
measured? Does it vary balch-lo-bateh? \ quality/life’
Is it consistent? Within batch? 1
18 it consistent? v
~
X' <
~
~
~
2 ~
Variation due to ~
improper agitation

Lot-to-lot Variation due

Figure 13.1: Thought Map

Crazy Cajun’s manufacturing process is a batch type process, Figure 13.2, making batches

one-at-a-time.
Ingredients are added to a vat, following a recipe. The mixture is blended and heat is applied. Traditionally,

one sample is taken per batch to determine if the sauce meets specification. Each sample is then measured

for multiple y’s: viscosity, color, smell, particle size, and most importantly, heat index. The heat index is

measured on a high-performance liquid chromatograph (HPLC) using the Scoville Scale’.

" The scale is named after its creator, American pharmacist Wilbur Scoville.
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Spices and herbs

peppers

e——— vat

blender

heat

Figure 13.2: lllustration of Crazy Cajun Batch Process

These following is a list of sources of variation (x’s), documented on the Process map. These can be roughly
grouped into three categories or components. Grouping is a function of the frequency in which these x’s
change. Components, grouped and color coded:

1. Measurement system (M),

2. Within batch (W), and

3. Between batch (B),

Ability to adhere to recipe

Vat cleanliness

Amount of raw materials

Lot-to-lot variation of raw materials
Water quality

Ambient conditions

Measurement equipment precision
Agitation rate

Agitation location

Agitator time

Agitator geometry

Order of adding ingredients

Raw material densities
Temperature rate of rise
Temperature stratification

Cook time

Sample preparation

Sample separation

Dwell time of measurement
Measurement device contamination
Consistency of agitation

Material preparation

Within lot of raw materials
Temperature setting
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The current, perhaps convenient, data collection is to take and measure one sample per batch depicted

below.
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A modified sampling strategy is developed to separate and assign sources of variation where two random
samples are gathered from each batch and those samples are measured twice for multiple batches depicted
below.

6 Subgroub\j
% > 4
e
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The range for the two y’s within subgroup is a quantification of the variation due to the measurement
system. In this sampling strategy, the measurement component (M) can be separated from the other
components (W & B). The measurement system can be assessed for stability and then averaged to
reduce the measurement error. When the ranges have been calculated, they may be analyzed using a
range chart. The range chart answers the question: Is the measurement system consistent, stable,
predictable?
Two scenarios depicted in Figure 13.3:
1. Range chart inconsistent: out-of-control(*)
This indicates the measurement process is not stable. The x’s associated with the measurement
system (red) should be further studied to understand what is causing the instability. Investigating
that particular “event”, when the variation is “out-of-control”, is warranted.
2. Range chart consistent: in-control
This indicates the within subgroup variation is stable. Itis now possible to calculate an estimate of
the measurement system variance and compare the measurement system to the other components
(using the )_/ chart).

Measurement variance?:

*

Figure 13.3: Two Possible Outcomes of Measurement System Variation

2 Variances are used due to their additivity (Pythagorean’s Theorem)
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Given scenario 2, the range chart indicates consistency, }_/’s can be calculated (this is an appropriate
statistic). The measurement variation is reduced when the ; is calculated (s?/n). The }_/‘s vary due to factors
associated with within and between batch. Note, both within batch and between batch components are

present. A comparison of measurement variation and within/between batch variation can be done using the
y chart.

LW 000

The )_/ chart answers the question: Which source of variation is greater within subgroup sources or between

subgroup sources?

Two pos§ible scenarios depicted in Figure 13.4:

1. y chart in-control
Measurement system variation is greater than sum of the within and between batch components
of variation. Investigate the measurement system, commonly. There is no specific instance that
should be considered over others.

2. y chart out-of-control
This indicates the measurement system variation is less than sum of the within and between batch
variation. The within & between batch variation is greater than the measurement variation. It is
desired for the measurement variation to be <<< (much, much, much less than) the within &
between batch) variation.
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Scenario 1: within subgroup (measurement) dominates
Betwee (wth/bt en batch)

R .

within (measuremen t)

Scenario 2: between subgroup variation is > within

UCL

\

LCL

Figure 13.4: Two Possible Outcomes of the Comparison, Measurement to Within & Between Batch
Variation

Given Scenario 2, it is now reasonable to analyze the within batch variation for consistency as the
measurements system appears capable of discriminating variation in the sample. This is done with the
subgrouping strategy depicted as follows. Once ranges have been calculated, a range chart can be used
for analysis. Note, there is still a measurement component present in the ranges calculated, but it is reduced
when the y’s were averaged.
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" new subgroup

The range chart in this case answers: Is the within batch component of variation consistent?

Two possible scenarios depicted in Figure 13.5:
1. Range chart inconsistent: out-of-control(*)
This indicates the within batch sources of variation are not stable. In this case work within batch,
specially. Investigating that specific instance is warranted.
2.  Range chart consistent: in-control
This indicates the within batch component is stable. It is now reasonable to calculate an estimat_e

of the within batch variance and compare the within batch to the between batch (using the ;

chart). Within batch variance:
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Scenario 1: range chart displaying instability

Scenario 2: range displaying consistency

Figure 13.5: Two Possible Outcomes Assessing the Consistency of the Within Batch Variation

Given scenario 2 (range chart in control), y's can be calculated. Both the measurement and the within

batch variation is reduced when the ; is calculated.

The y ‘s vary due to between batch components of variation. A comparison of the within batch variation

to the between batch variation can be done using the ; chart.
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Two possible scenarios for the comparison of the within batch variation to the between batch variation
depictedin Figure 13.6:
1.y chartin-control

This indicates the within batch variation is greater than the between batch component of variation.
V_Vork within subgroup (within batch), commonly.

2. y chart out-of-control

This indicates the between batch variation is greater than the within batch. Work between batch.
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The moving range chart answers: Is the between batch variation consistent?

Two possible scenarios depicted in Figure 13.7:
1. Moving range chart out-of-control (*)
This indicates the variation in consecutive batches is not stable. In this case work between batch,
specially. A reasonable question, what happened there?
2. Moving range chart in-control
This indicates the variation is stable. It is now possible to calculate an estimate of the between

2
~2) (22
_ _|%w|_|%u
o=
2] 4

Scenario 1: moving range displaying instability

batch variance:

R
d2

Scenario 2: moving range displaying consistency

Figure 13.7: Two Possible Outcomes Evaluating Between Batch Variation for Consistency
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The sum of each component of variance is the total variance in the sampling plan.
~2 =7 ~2 oy

Of course, the percentage each component contributes to the total variation may also be estimated. The
numbers calculated to estimate the variance components are conditional and only applicable to this study.
If this study is representative of future conditions, you can be confident these values will be reasonable

estimates in the future, if not they are not useful.

As discussed in Part |, sampling trees are used to visually describe the sampling plan. Each layer of the
Sampling Tree corresponds to:
e a set of X’s likely to be changing at that layer (color coded to correspond to the process/product
map),
e a hypothesis or set of hypotheses (labels),
e a set of X’s not changing during the study (inference space)
Each sample can be measured for multiple y’s. The tree is necessary for planning and analysis. It describes

how and why the samples will be acquired.

Week 1

Measurement
Device |
Line

Between Batch 1

Within Batch

Measurement: 1

.
-----

— Between
—

Line of comparison

Within €

Subgroup

Figure 13.8: Samplig Tree Depicting Measurement Subgroup

In this tree, the measurement component is used as the initial subgroup. It will be assessed for stability
using a range chart. If the range chart indicates the measurement system is stable, the measurement
variation can be compared with the other components using a Y-bar chart. The line of comparison is an aid
to see what comparisons (within and between) are being made. If the between variation is larger, then it
may be possible to roll up the tree to separate more components of variation (e.g., the within batch from
the between batch). This essentially means a change in the location of the line of comparison as depicted

in Figure 13.9.
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Measurement 1'
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| | \
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IvWithin Batch A 2%, 3 |4 ) i
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E Measurement 1 2 3 4 7 8 k-1 k
Line of comparison
Subgroup

Figure 13.9: Sampling Tree Depicting New Subgrouping Strategy

Here, the line of comparison is positioned such that within batch (and some of measurement, recall the
measurement was averaged) is within subgroup and between batch is between subgroup. The within batch
(and some of the measurement) variation is the basis for comparison for the between batch variation.
Possible outcomes that should be predicted prior to the sampling plan being executed:

e The response variable did not exhibit any practically significant variation,

e Measurement system inconsistent,

e Measurement system was the biggest source of variation,

e Within batch inconsistent,

e Within batch the biggest source of variation,

e Between batch inconsistent,

e Between batch the biggest source of variation.

Also predicted is what work would be done for each possible outcome.

Summary

Analyzing sampling data is an exercise in restraint. It requires resisting the urge to explain, optimize, or
conclude prematurely. When used properly, sampling analysis provides orientation, highlights leverage,
and informs the design of subsequent studies. Its value lies both in the answers it provides, and in the
quality of the questions it helps you ask next and in how effectively it guides the next iteration. The next
chapters discuss different types of sampling plans and what information each may provide.
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Chapter 14
Measurement Systems: Context for Interpretation

Why Measurement Matters

Every investigation begins with some simple questions: How do | quantify the phenomena of interest?

Is the measurement system capable of providing insight to my hypotheses? Measurement is one of
the multiple components introduced in Chapter 13.

It is necessary to compare measurement variation to the sources you wish to detect. As those sources
change, with changing hypotheses, so does measurement capability. All learning about causality
depends on detecting changes in a response (Y) as inputs (x’s) vary. If the measurement system cannot
detect those changes, then:

e important effects may appear insignificant

e processes may appear stable when they are not

e experiments may fail to reveal meaningful relationships

e conclusions may be incorrect or misleading

Before analyzing data, the investigator should ask:
e Does the measurement system have enough discrimination (aka effective resolution)?
e |s the measurement system stable?
e |s the measurement variation small relative to the sample or treatment variation? Does it have
adequate precision?
e Will the measurement system allow detection of changes that matter practically?

A lack of observed variation is not always good news. It may simply mean the measurement system
cannot quantify the signal. This and other measurements system issues is one of the most common
reasons studies fail to be informative.

| recall a discussion | had with a manager discussing the lack of improvement on a project. The
measurement system was intended to provide a quality check for the rotational balance of helicopter
blades. Anecdotal evidence also suggested it was ineffective as every blade had to be re-balanced after
installation onto the helicopter. The measurement system was studied by an engineer who discovered the
measurement system was incapable of providing any reasonable estimate of the balance of the blades.
The manager said; At least it’s giving us a number”.

Measurement as a Source of Variation
All measurements contain variation. When a characteristic is measured repeatedly on the same item, in
the same location, the results will differ. This variation may come from:

e inherent measurement device precision

e operator technique

e environmental conditions

e sample orientation or positioning
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e calibration drift
e inadequate effective resolution

Measurement systems can be evaluated using a nested or a crossed structure. Repeated measurements
are taken within the same part/sample at the same location so that measurement variation can be
separated from part-to-part or sample-to-sample variation. From a Sigma Science perspective, a
measurement evaluation is best accomplished using a nested COV study. This allows for assessing
measurement capability and stability over other changing sources of variation.

Practical Evaluation First
Consistent with Ross’ Rules of Analysis, evaluation should begin with a practical view.
Before formal studies:
¢ Repeat measurements on the same sample, same location
e Examine the spread visually
e Compare measurement variation to practical significance or expected factor effects
e Look for obvious patterns, instability or drift

If repeated measurements vary more than expected process variation, further analysis is not useful. The
priority should shift to improving the measurement system. This may include evaluating the measurement
process, using alternative measurement equipment or re-defining the Y.

“Data of poor quality are a pollutant to clear thinking and rational decision making”
Hunter

Measurement Discrimination and Resolution

A measurement system must be capable of resolving meaningful differences. If the resolution is too
coarse distinct values collapse into the same reading, variation is artificially reduced, and patterns are
hidden. As a practical guideline: The measurement system should be capable of detecting variation
significantly smaller than the engineering changes of interest. A practical rule is that measurement
variation should be small, less than 10%, relative to the smallest change that matters. If the objective is to
detect a 5% change, a system that varies by +5% cannot support the investigation.

Stability of the Measurement System
Even a precise measurement system is not useful if it is not stable. Stability means the measurement
process produces consistent results over time when measuring the same standard or reference. Control
charts, repeated measurements of samples or standards, or periodic checks can reveal drift, step
changes, environmental effects, and calibration issues. Unstable measurement systems introduce time-
dependent variation that may exaggerate or hide the variation you are interested in learning about.
Measurement and Study Design
Measurement capability should be considered before data collection. The following questions should be
part of planning:

e Will measurement error limit the ability to detect factor effects?
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¢ How effective are the measurement units?
¢ Would averaging multiple measurements reduce measurement error?
e Should the study include nested repeats?
e Would a transformation or alternative metric be more sensitive?
e Should an alternative response be defined?
Measurement uncertainty affects:
e sample size requirements
e experimental precision
e inference space
e interpretation confidence
In many cases, improving the measurement system is more valuable than increasing sample size.

Destructive or Altering Measurement Systems
Destructive measurement systems are common in engineering and present a special case where
precision repeatability cannot be assessed directly. In these situations, measurement variation cannot be
separated from sample variation analytically and must be managed through sampling design. Some
responses cannot be measured repeatedly on the same unit. Examples include:

o strength, fatigue tests

o life testing

e material and chemical composition analysis
In destructive measurement systems, the observed variation includes both product and measurement
variation. These cannot be separated directly. This creates a fundamental challenge:
How can measurement variation be estimated when the same sample cannot be measured twice?

Strategies for Non-repetitive or Destructive Measurement (Figure 14. 4)
When repeated measurement is impossible, the investigator must change the data collection strategy.
Common approaches include:
A. Reduce product variation locally (Figure 14.1)
Sample adjacent units or items from a small, homogeneous region so that differences are
primarily measurement related.
B. Use matched or nearly identical samples (Figure 14.2)
Select units expected to have minimal inherent variation.
C. Measure within restricted locations (Figure 14.3)
For spatial processes, sample from a confined area or time window.
D. Use reference standards
Where it is impossible to ascertain measurement error on actual samples, perhaps use materials
or calibration samples with known values. This more likely speaks to accuracy rather than
precision.
E. Develop surrogate responses
Identify a non-destructive measurement that is strongly associated with the destructive
characteristic. Of course, some measure of the destructive mechanism must be estimated to
perform the correlation.
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F. Improve the measurement process experimentally
Treat measurement factors (operator technique, preparation method, environment) as
experimental variables, determine their effect on measurement error and reduce their impact.

Each of these approaches reflects a core Sigma Science principle: When measurement variation
cannot be separated analytically, it must be managed through sampling strategy.

/ /M

Assumption: within sample
variation is smaller than
measurement system

/a2 variation

Figure 14.1: Samples in Close Proximity

Assumption: short term process
variation is smaller than
measurement system variation

M4 M1

Location 1 {3

Assumption: Within location
variation is smaller than the

Location 2

measurement system
variation

Figure 14.3: Restricted Locations
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MSE: Non-Repeatable Tests
(e.g., destructive)

Problem: Product variation can not be
separated from measurement error.

Minimize
product variation

Measurement
system is inadequate

Develop alternative Y's &
y's (describe phenomena)

Run CoV where samples
are selected such that
opportunity for X's to
change are minimized
(e.g, consecutive samples,
adjacent locations,
split samples)

Get/create a sample of
known value (e.g.,

Process R chart

Map stable, Y- Unacceptable
: 2 S standard), measure other
kéim'?i’ r:é':ts special/common control characteristics, use the

current process

1UCL=5.63

ZlUOOl s

20500 |

200001 !4
N

§ : Niaadl
< Avg=1.72 Useable |~ 19500‘L, Tt L
' 100001 Y Y
LCL=0.00 for now 155001 ¢
18000 +rrer-

36912 18 24 30 36 36912 18 24 30 36
Sample Sample

Figure 14.4: MSE for Non-repeatable Tests

Measurement and Learning Efficiency
Measurement systems directly influence learning efficiency.
If measurement noise is high:

e larger experiments are required

o stronger factor effects are needed for detection

e subtle relationships remain hidden

This is analogous to the water level in the lake:
Measurement variation raises the water level. Only large effects rise above it. Improving the
measurement system lowers the water level and allows smaller effects to be seen.

Measurement in the Iterative Process
Measurement capability should not be treated as a one-time assessment.
As knowledge evolves:

e responses may be redefined

e more sensitive metrics may be developed

e surrogate measures may replace original ones

e precision requirements may change
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Early studies often reveal that the original response was not appropriate. This is part of the iterative
nature of Sigma Science.

Measurement as Context for Interpretation
Measurement systems provide context for interpreting all results.
When reviewing analysis outputs, the investigator should ask:
e Could measurement noise be masking effects?
e Could apparent stability be due to low resolution?
e Could non-normality or outliers be measurement artifacts?
e Is the lack of variation real or a measurement limitation?
Many analysis problems are actually measurement problems.

Key Principles

¢ All measurements contain variation.

e Measurement studies are most effective when they are nested either in a sampling plan or in an
experiment.

¢ Unknown measurement variation can be a noise source.

e Learning requires measurement systems capable of detecting meaningful changes.

e Poor measurement cannot be fixed with statistical analysis.

e In destructive systems, measurement issues must be addressed through sampling design.

e Improving measurement capability often increases learning efficiency more than increasing
sample size.
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Chapter 15
Sampling Structure: Output and Interpretation
Systematic and Crossed

Sampling

Nested E Crosseda
k '6.y.St. .n‘.a.tl.c. mEn .j

Purpose of the Chapter

To demonstrate how the structure of a sampling plan governs the meaning of analytical outputs, and how
misinterpretation arises when structure is ignored. This chapter generalizes the logic from Chapter 12 and
prepares the reader to interpret different sampling situations. These various sampling strategies will be
demonstrated via case studies. If the structure is hierarchical, use control chart logic. If the structure is
crossed, quantitative methods may be necessary. These examples are intended to provide insight and
interpretation to the outputs of analysis. These are not intended to be models for all situations.

Prioritized Global Effects
In general, systematic and crossed sampling plans are focused on the highlighted effects:

Possible Effect Rank

Noise

Main Effects (Factors)

Two-Factor Interactions (2" order linear)
Noise-by-factor interactions

Simple curvature (2" order non-linear)
Complex non-linear (23 order non-linear)
= Three-Factor Interactions (3™ order linear)
Stability

Leverage

Measurement uncertainty

Mean

Variation

NN == DD DN N
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Nested-Systematic Sampling Plan: Lithography

Spec:
1200 - 1500

Understand Photolithography process.
What causes variation? How precise is
the measurement system? How can
the process be improved?

| History: Setup has been
adjusted using * factors in
| response to multiple issues

¥

s Sessmtamisssd

H1: Measurement system may not be
precise because various dopants on the
wafers will appear in the same region thus
yielding false results and a map of the
measurement system indicates a complex,
difficult to follow set of steps.

If the measurement system is flawed,

Need to separate the variation due to:

* Raw material differences(shipments)

» Wafer process factors

» Wafer setup
H3: if the setups are significant it would require
every run to be setup differently. This might
explain why setups work for a test run, but not in

historical adjustments and issues may have pIOCaton
been in response to false signals. '
¥ H4-5: Multiple readings across a single

wafer will be similar, but measurements
from different runs (especially using wafers
variable results due to individual from different shipments) will be quite

interpretation and measurement devise variable. )
setup. * If the measurements from different runs

If so, the measurement device might need do indeed vary, then the setup should
fixturing, & instructions need to be only be further evaluated in terms of
operationally defined robustness. More likely a study of the
incoming_wafers will be investigated or
multiple flowcharts will be developed for
the loading_of the machine. Of course, if
there are special cause runs then the
investigation will focus on those runs.
If the measurement within a wafer show
the most variation, then the setup will be
’ - } - studied further. In particular, more
g’lzegﬁgé?ffrfhrzlgg% of the peaks in efficient method's (DoE) will be used to
* assess the multiple variables

v

Sampling Plan (Figure 14.3)

H2: Repeated readings on the same
location by different operators will yield

Sampling with measurement
component separated

The biggest source of variation was g
operator. A discussion between
operators revealed they each have a

Subsequent experiment showed
consistent interpretation

v

Measurement error
acceptable for continued study

Figure 15.1: Thought Map

In the first sampling iteration, the measurement system was evaluated and improved. The portion of the
project presented here will focus on the amount and variability of a particular impurity (dopant). It is
measured using FTIR3. The value should be >1200 and preferably <1500. A change in 25 is of practical
value.

3 Fourier Transform Infrared spectroscopy measures reflected or transmitted IR beams at a particular wavelength for the impurity.
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Wafer Shipment
Environment

Machine utilization
Wafer Loading Schedule

i Room maintenance
hoﬂgi;]?rt]%r\:leec:rmqu Photoresist Amount, Addition rate, Nozzle size
Nozzle Position*, Composition, Temperature*,

Batch, Within batch, Aging

Rotation speed —'
Time
Wobble

Stepper (light)

Resist, Cure Time, E Power*, Time*, Position
Cure Temperature Allgnment'(malntalned & calibrated)
my Reticle Mask
Geometry
Material
Developing Chemicals ﬁgj[}';’”'”g
Time T .
Gpin Speed 4 Implant impurities, Beam size & intensity,
Temperature

Dopants, lonization, Diffusion

Remove resist, Plasma, Chemicals

Time, Rate N [ [
- == b Repeat

l Y's — Avg. aerial density,
Uniform impurity density,
Diffusion Alignment

Annealing — Transistors &
Wiring e 3

Figure 15.2: Process Map, Colored to Correlate to the Sampling Plan

Inf. Space 1

Design, measurement device, month

Shipment 2 ... 6
TN SN
Wafer (run/day) 1 /2\ /3\ /4\ 18

W/inWafer 12 3 456 7 8 910111213141516 ... 69707172
No edge
Position 123412341234 1234

Figure 15.3: Sampling Plan (Tree)

Four systematic positions are measured per wafer/run/day (Figure 15.4). The instruction provided for the
positions is to “avoid measuring near the edge” and measure in similar locations. Any specific instructions
should be noted on the sampling plan. The reason for the restriction on the edge measurement is the edge
has always been assumed to exhibit the most variation. Every third day in the sampling study will be using
wafers from a different shipment. It has frequently been suggested these wafers (about 8%) are routinely
scrapped. Note of all sources of variation that did NOT vary during the study. This defines the inference

space of the study which impacts your ability to extrapolate the results into the future.
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Figure 15.4; Systematic Positions Located 1-4

Predicted Next Steps
If certain positions show unusual values (special) then the investigation will focus on what happened on

those certain positions. If position shows evidence of a systematic pattern, then we look to see what x’s
are correlated to the different positions. If position shows evidence of being large in comparison to wafer,
without a systematic pattern, then further work should focus on the green x’s in the process map and
associated hypotheses. That work includes further directed sampling studies or experimentation to
understand these sources of variability in the manufacturing process. If shipment is large, then work at
the supplier would be prioritized or a possible re-design of the product robust to supplier variation.

Analysis of a sampling plan will typically include, but not be limited to:

e Adescription of the sampling plan, including the tree, explaining how and why the samples will be
taken (linking to the Thought map and Process map for context),

e A practical look at the data for practical significance, comparison with predicted data, obvious
unusual data points or patterns in the data,

e Agraph of all of the data without any summary. This can be accomplished with a variability chart?,

e Asetof R and Y-bar control charts.

¢ Quantified variance components if appropriate (the components are consistent).

Analysis Sequence:
0 Does the data set match the tree? The data set should have the same columns as the layers of

the sampling plan. The data MUST be in the same order as the sampling plan. If it is not,

4 Variously known as a multi-vari, dot-frequency, individual value and/or Box plots.

[1-22



reorganize it, to match how the data was acquired. Realize, statistical software programs sort

time series vertically in the data table.

1 Is there enough practical variation in the data set (>25)? Has the phenomena of interest been
exposed? If not, next steps are to work on factors in the inference space for the next iteration. This

means expand the inference space by allowing variables in the inference space to change.

2 Are there any patterns in the data? Are there any interesting data points? How does the data

compare with predictions?

Variability Gauge
Variability Chart for Y

1600
1500
1400
1300-gy y.qx A/ | Ay : 7\ .l \A“J
1200 L"‘,‘ ‘ﬁ( )

1100 A

1000

1 2 3 4 5 6 7 8 9 10 1" 12 13 14
1 2 3 4

15

16

17 18
6

1/2(3/4|1]/2/3(4(1/2/3/4|1(2/3|4(1|2(3]4|1(2|3|4[1|2(34|1(2|3|4[1|2/3|4|1(2|3|41|2/3|4|1(2|3|4/1|2/3|4|1/2(3|4/1|2/3|4|1/2|3|4 1|2|3|4|1|2|3 4 Position

Wafer
Shipment

Group Means
Shipment
Wafer

A LA

\ o .. ‘v

\ v Avg=1330.76389

NI v
Position
o1
A2
Vs
L

Figure 15.5: Variability Chart for Y5

There do not appear to be any obvious systematic patterns where one position or another is

consistently at the top or bottom. Update the Thought map.

3 Are there any special causes within subgroup? How does the within subgroup compare to the

between subgroup sources of variation? Circle the measurements that make up the subgroups.®

(Figure 15.6) This helps recognize the subgroup size.

Inf. Space 1

Design, measurement device, month

Shipment

Y j\ /3\ /4\
Wi/in Wafer /1 2 3 2\5 6 7 8 9 10111213141516

No edge

Position 1234/12341234

2 ... b6
SN
18

69707172
1234

Figure15.6: Tree Showing Initial Subgroup Circled

5 The purpose of the variability plot is to look at the data without summarizing it.
6 Start with the smallest possible subgroup at the lowest layer.
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4  Are the sources of variation are captured within subgroup consistent and stable? Create a range
chart (Figure 15.7). Yes, they appear stable, so it is appropriate to summarize and compare with
the other sources in the study.

v ¥RofY

350
300 UCL=300.34

250
200

::z ’\./.\\\/ y\ Avg=131.61

50
0 LCL=0.00

Range of Y

-50
2 4 6 8 10 12 14 16 18 20
Sample

Figure 15.7: Range Chart for Within Wafer Variation

5 Is the within wafer variation more or less than the other sources in the study? Compare sources
of variation, Figure 15.8.

Inf. Space 1
Design, measurement device, month A
Shipment % 6 §
TN SN 2
Wafer (run/day) 1 2 3 4 18 o
AN /AN /AN /AN AN
I\ I\ I\ I\ [\
W/inWafer 1 2 3 456 7 8 910111213141516 ... 697071 ¢
No edge 5
Position 123412341234 123§
v

Figure 15.8: Visual of the Component Comparison
What is within and between is dependent on the subgrouping strategy. Sources of variation below

the line of comparison are within and those above the line of comparison are between. The Y-bar
chart (Figure 15.9) suggests the variation between is larger.
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v ~XBar of Y

1600

1500 /\

1400 ’/ T\')
77\/ Avg=1330.76,
1300 /

LCL=1234.87
1200 u

1100

UCL=1426.66

Mean of Y

2 4 6 8 10 12 14 16 18 20
Sample

Figure 15.9: Y-bar Chart Suggesting Between Subgroup Sources are Dominant

6 Roll up the tree. Since the larger source of variation is between subgroup: Is the variation wafer
consistent and stable? Is the largest source of variation wafer or shipment? Summarize the within
wafer variation by averaging the four data points. Averaging reduces the variation due to within
wafer and biases the averages to the wafer layer.

Inf. Space 1

(o))
Between

Shipment 1 5

[ [
Wafer (run/day) 1 2 3 13 14 15 18

Within

Figure 15.10: New Subgrouping Strategy

7 Create new control charts based on the new comparisons (subgrouping strategy).
Is the variation wafer-to-wafer consistent and stable?

~ R of Mean(Y)
200

UCL=167.43

Range of Mean(Y)
8

Avg=64.88
N \/3

0 LCL=0.00

1 2 3 4 5 6 7.8 = 00 110 12
Sample

Figure 15.11: Range Chart for the Wafer Layer

It appears the wafer variation is consistent (Figure 15.11). Which source is greater wafer-to-wafer
or shipment-to-shipment?
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1 = XBar of Mean(Y)
1600

1500 A
1400

o=
é / \ f UCL=1397.15
% Avg=1330.76
c 1300 & \ / .
2 LCL=1264.38

1200 v

1100

1 2 3 4 5 6 7 8 9 10 11 12

Sample

Figure 15.12: Average Chart Comparing Wafer (control limits) to Shipments
It appears the shipments have more variation than the wafers.

Is the shipment variation consistent? Roll up the tree again, averaging the 3 wafers per shipment.
This again reduces the wafer variation and biases the averages to the shipments. There are no

more subgrouping strategies, so use a MR chart to assess stability at the top of the tree. There is
not a lot of data to assess stability.

v ~/Control Chart

v ~'Moving Range of Mean(Mean(Y))
600

UCL=533.97
500

400

300

200 ._.,4/.

Avg=163.47
100 /
0

LCL=0.00

Moving Range of Mean (Mean(Y))

=100
1 2 3 4 5 6 7 8 9 10 11 12
Sample

Figure 15.13: MR Chart Showing Consistent variation in Shipments
What sources of variation are not captured in the study? These are the remaining x’s with no
color or symbol.

Quantitative estimates of components of variation: 67 = 62 + 62 + 6,

52 =(’§—”)2 = (131'61)2 = (63.92)% = 4085.7

dy 2.059

aj=(ﬁ—W)2- % =(@)2- 40857 —(38.3)% — 1021.4= 445.5

dy 2 1.693 4
—=\N2 =2 ~2 2

PN mR 0, 0; 163.5 4455 4085.7

052:(_5-) Jow % =(_) S5 20957 - 20520.6
dy 3 12 1.128 3 12

62 = 20520.6 + 445.5 + 4085.7 = 25051.8
v 62=16.3%
v 62=17%
v 62=819%

10 Summarize findings. What did you learn? How did the results compare to predictions?

1

Update thought map (Figure 15.14)
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Understand Photolithography process. | —— — — — — — — — —

v What causes variation? How precise is ' History: Setup has been |
1 200p- 1'500 the measurement system? How can | adjusted using * factors in :
the process be improved? | response to multiple issues |

¥

i [ eeee——

H1: Measurement system may not be
precise because various dopants on the
wafers will appear in the same region thus
yielding false results and a map of the
measurement system indicates a complex,
difficult to follow set of steps.

If the measurement system is flawed,
historical adjustments and issues may have
been in response to false signals.

Need to separate the variation due to:

* Raw material differences(shipments)

» Wafer process factors

* Wafer setup
H3: if the setups are significant it would require
every run to be setup differently. This might
explain why setups work for a test run, but not in
production

v

v

H2: Repeated readings on the same
location by different operators will yield
variable results due to individual
interpretation and measurement devise
setup.

If so, the measurement device might need
fixturing, & instructions need to be
operationally defined

Sampling with measurement
component separated

The biggest source of variation was
operator. A discussion between
operators revealed they each have a
different interpretation of the peaks in

the output of the FTIR

v

H4-5: Multiple readings across a single
wafer will be similar, but measurements
from different runs (especially using wafers
from different shipments) will be quite
variable.

« If the measurements from different runs
do indeed vary, then the setup should
only be further evaluated in terms of
robustness. More likely a study of the
incoming wafers will be investigated or
multiple flowcharts will be developed for
the loading of the machine. Of course, if
there are special cause runs then the
investigation will focus on those runs.

« If the measurement within a wafer show
the most variation, then the setup will be
studied further. In particular, more
efficient methods (DoE) will be used to
assess the multiple variables

acceptable for continued study

Subsequent experiment showed ‘
consistent interpretation Sampling Plan (Figure 14.3)
v v
Measurement error Since there is considerable run-to-run variation, further

investigation needs to address this. However, it appears
sets of 3 runs stay together. It seems unlikely that wafer
setup will be an issue.

Variation in shipments could be due to processing variation
or distribution issues. Further investigate.

If part of the batch were shipped over-night and part was
shipped ground, then if the issue was shipping there would
be an observable difference.

If the wafers only vary shipment-to-shipment, then could the
testing be reduced from every wafer to once per shipment?

Figure 15.14: Updated Though Map

12 Next iteration? Follow predicted next steps.
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Crossed Study: Injection Molding
Plastic parts are made in a multi-cavity mold. There are several dimensions that are critical. The
measurement system has been questioned. The Process map is shown in Figure 15.15.

Time in hopper
Humidity

Ambient temperature
Melt temperature

Material Specs. I I
Storage Humidity

Zone temperatures set points and profile

Desiccant age Screw speed
Storage time Back pressure
Tote-to-Tote differences Time at back pressure Cooling water setup (Aand B
Within lot differences Nozzle temperature Side)
Nozzle type | size Temperature varlablllty in the
Shot size mold
Mold release Mold condition
Measurement system Insert location

Mold temperature A and B

Y Dimensions

Y Strength
Y Flatness Chiller set point
Y Cosmetics Chiller rate

Chiller condition
Power surges

Figure 15.15: Injection Molding Process Map

Figure 15.16 depicts a crossed-nested sampling plan.

Day/Lot 1
Machine(M)

Age, setup A /\ /\

Tool(T)

Water, polymer flow A A A /\
5

Shots(S) 45 46 47 48
Molding x’s, measurement 1 2 3 4 5 6 7 8 45 46 47 48

Figure 15.16 Sampling Plan with the Top Two Layers Crossed and the Bottom Layer Nested

For analysis of a crossed sampling plan, interactions need to be estimated. This precludes the use of
control charts as demonstrated in the previous example. A range chart may be used to assess

consistency at the bottom layer, but control charts otherwise do not handle interactions appropriately. In
this case, we are left with quantitative analysis (e.g., variance components or ANOVA).
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Prioritized Global Effects:

Analysis Sequence:

0 Does the data set match the tree? The data set should have the same columns as the layers of
the sampling plan. The data MUST be in the same order as the sampling plan. If it is not,
reorganize it, to match how the data was acquired. Realize, statistical software programs sort

Possible Effect

Rank

Noise

w

Main Effects (Factors)

Two-Factor Interactions (2" order linear)

Noise-by-factor interactions

Simple curvature (2™ order non-linear)

Complex non-linear (23 order non-linear)

2 Three-Factor Interactions (3™ order linear)

Stability

Leverage

Measurement uncertainty

Mean

Variation

WlW W W| DD | O =] -

time series vertically in the data table.

1 Is there enough variation in the data set? Has the phenomena of interest been captured? If not,
next steps are to work on factors in the inference space for the next iteration. This means expand

the inference space by allowing variables in the inference space to change.

2 Are there any patterns in the data? Are there any interesting data points? How does the data

compare with predictions? See Figure 15.17.

21

20

. el

‘ A

1(2(1|12|1]|2|1|2(1(2|1]|2|1]|2|1|2(1(2|1]|2|1]|2|1|2(T

1 2 3 & 5 6 7 8 9 10

1"

12 M

3 Are there any special causes within subgroup? How does the within subgroup compare to the
between subgroup sources of variation? Figure 15.18 is a range chart for the bottom layer of the

tree.

Figure 15.17: Variability Chart, Colored by Tool
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0.25
0.20
0.15 ®

Range(Y)

Subgroup
Figure 15.18: Range Chart

4 What are the quantitative components of variation? Perform ANOVA and calculate variance

components:

Analysis of Variance
Source DF SS Mean Square F Ratio Prob>F
M 11 22.21857 201987 5.8925 0.0033*
1 1 0.813802 0.8138  2.3741 0.1516
M*T 11 3.770623 0.34278 68.2440 <.0001*
S[M,T] 24 0.12055 0.00502 - .
Within 0 0 0
Total 47 26.92355 0.57284
Variance Components

Var Sqrt(Var
Component Component % of Total 20 40 60 80 Comp)
M 0.41927159 68.4 0.64751
1 0.01962576 3.2] 0.14009
M*T 0.16888049 27.6 | 0.41095
S[M,T] 0.00502292 0.8197 | 0.07087
Within 0.00000000 0.0 0.00000
Total 0.61280076 100.0 0.78282

Figure 15.19: ANOVA and Variance Components

The Machine is the biggest source of variation in the study. There also appears to be a
significant interaction between Machine and Tool. This means the effect of Tool variation
depends on which Machine the Tool is in.

Transition to DOE

When the sense of urgency is high and sampling data cannot discriminate among competing hypotheses,
the limitation is structural, not analytical. At that point, learning requires deliberately creating variation and
changing the structure of the data, this is the role of designed experiments.
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Chapter 16
Experimentation and Noise
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Purpose of This Chapter

Designed experiments are powerful because they allow engineers to deliberately create variation in order
to learn about causality. However, that power is easily misused when experimentation is treated as a
method to pick the best result or as a software exercise rather than a thinking discipline. The purpose of
this section is not to teach how to run DOE software, but to describe how designed experiments should
be planned, structured, analyzed, and interpreted when the objective is learning. Experimental
structure affects interpretation. The same statistical outputs can lead to very different conclusions
depending on how noise was handled. Repeats, blocking, covariates, and split-plot structures do not
change the model effects that can be estimated, but they change precision, stability, and the confidence
with which conclusions can be drawn.

Experimental Planning Precedes Software
Before any statistical software is used, the investigator must be able to describe the experimental strategy
clearly and completely. This description is best captured using a Factor Relationship Diagram (FRD).
The FRD externalizes the investigator’s thinking about what is being manipulated, what is held constant,
what varies unintentionally, and how degrees of freedom will be partitioned in analysis. At a minimum, the
investigator should be able to answer the following questions before creating a design matrix in software:

e How many factors are being deliberately manipulated, and at how many levels?

e Which variables represent noise, and how will that noise be handled (e.g., repeats, blocks,

covariate, split-plots)?

e What are the response variables (Y’s), and how will they be measured?

e What model effects are prioritized for estimation?

e What resolution is required to separate those effects?

e What restrictions on randomization are being imposed, intentionally or otherwise?

¢ How many total runs are required, and are adequate resources available?
If these questions cannot be answered prior to software use, the experiment is not yet ready to be
designed. Statistical software cannot supply this reasoning; it can only implement it. This planning
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discipline is emphasized throughout Sigma Science and is foundational to responsible experimentation.
Experimentation is the manipulation of controllable factors, at different levels, to expose their effects on
multiple response variables, in the face of noise. Deliberately manipulating factors, experiments create
variation with intent. The analysis of experimental data must therefore respect the structure imposed by
the design and the hypotheses that motivated it. Noise is often treated as an inconvenience or nuisance
in experimentation, something to be randomized away, averaged out, or minimized. This view is
incomplete and frequently counterproductive. Noise is not merely an obstacle to analysis; it is a
fundamental feature of real systems. This chapter examines how noise affects the analysis of
experimental data, how it limits precision, and how it constrains inference. More importantly, it explains
how experiments can be structured and analyzed, to learn about noise rather than hide it. This distinction
is central to robust design and to understanding causality under real-world conditions.

Precision Versus Inference Space

Precision and inference space are often in tension. Increasing precision by restricting noise improves the
ability to detect small effects but limits applicability. Increasing inference space by allowing noise to vary
improves relevance but reduces precision. There is no universally correct balance. The appropriate
tradeoff depends on the purpose of the experiment and the stage of learning. Failing to acknowledge this
tradeoff leads to experiments that are either elegant but useless, or realistic but indecipherable.

Restrictions on Randomization Are Analytical Facts

Restrictions on randomization are often introduced for practical reasons, equipment limitations, material
batching, convenience of executing, or safety concerns. In some cases, they are introduced deliberately
to manage noise. Blocking, split-plots, and repeats are not inconveniences to be “handled” by software.
They are intentional design choices that define how variation is partitioned. Once imposed, these
restrictions must be honored in analysis. Ignoring them produces misleading error terms, incorrect effect
estimates, and false confidence.

“All industrial experiments are split-plots”
Daniel

Robustness is the Absence of Noise-by-Factor Interaction

Robustness is often described informally as “insensitivity to noise.” More precisely, robustness refers to
the absence of meaningful interactions between design factors and noise factors. If the effect of a design
factor depends strongly on noise conditions, the design is fragile. If the effect is consistent across
changing noise conditions, the design is robust. Identifying noise-by-factor interactions is therefore
essential. These interactions are not nuisances; they are signals that design choices matter differently
under different conditions.

Why This Must Be Done Early

Noise-by-factor interactions are best addressed during design, not after deployment. At the design stage,
options exist: material changes, dimensional characteristics, positioning and orientations, and architecture
modifications. Once a product or process is launched where materials are already selected and tooling is
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hardened, options narrow dramatically or options become financial not viable. What could have been
designed out must now be managed operationally, often at great cost. This is why robust design is
fundamentally a design-phase activity, even though it relies on the identification of future noise.

Prioritized Global Effects

Table 16.1 highlights the effects typically prioritized in experimental planning, execution and analysis.
While experimentation can be used to estimate very complex models, the usefulness of such models is
questionable.

Possible Effect

Noise
Main Effects (Factors)
Two-Factor Interactions (2" order linear)

Noise-by-factor Interactions

Simple Curvature (2" order non-linear)

Complex Non-linear (3™ order non-linear)

> Three-Factor Interactions (3" order linear)
Stability
Leverage

Measurement Uncertainty

Mean

Variation

Table 16.1: Prioritized Effects for Experimentation
Graphical Depictions of Iterative Design
Experimental strategy evolves as knowledge increases. | always recommend starting with the assumption
you do not know much. You don’t know what you don’t know. Depending on the assessment of where you
are in the knowledge continuum, different strategies may be used to start or continue iteration.

The following graphical depictions illustrate common ways experiments iterate.

1. Screening. Identify and prioritize vital few factors from the many possibilities.
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2. Drop/Add factors. Using process knowledge combined with data, insignificant factors may be
removed from and others added to the investigation.

Speed

Temperature

3. Move space (change factors and/or levels). Based on the initial screening design, a direction to
follow for improvement should be available. If the data suggests a significant change in the
experiment space is needed, you may want to use different factors.

| S

.
Py

4. Add fractions. This will make it possible to learn more about the space the experiment is currently
being in. This is particularly important when the optimum is somewhere inside of the experiment
space. Additional information can be obtained without running an entirely new design (interactions
may be separated, increasing resolution). Fold over designs may be used to increase resolution
and separate confounded terms.

.
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5. Rescale. Change factor level setting (conceptually).

6. Replication. Complete or fractional replication of an experiment usually done over a different set
of noise (Blocks). This is in contrast to repetition. Repeats will allow for estimation of short-term
noise. Replication will increase the inference space and is be used to understand long-term noise
and the noise-by-factor interactions. Incomplete blocks are useful for estimating the “main effect”
of the block to look at large chunks of x’s

7. Robust. Simultaneously manipulate noise and design factors to identify opportunities to create
robustness. Cross-over (inner-outer) arrays provide additional techniques to create robust designs.

8. Curvature. Test for non-linear relationships in the design space. Center points provide a
reasonable estimate that is more efficient than three-level designs. To understand complex

relationships more than three levels is necessary.
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8. Augmentation. Performed to improve models, understand more complex relationships and build
confidence in models. These augmented designs map the response surface more thoroughly.
Central composite, Face Centered and Box-Behnken are examples:

Strategy for Handling Short-term Noise: Repeats’

In this strategy, repeats are introduced to partition short-term noise including components such as
measurement system variation, within batch, within part, consecutive batches, consecutive parts and
quantify within treatment variation. Repeats do not increase design resolution or separate confounded
effects. They are used to reduce and quantify the within treatment noise, hence increasing precision.
Repeats are shown on an FRD by dashed lines LOR’s (see Appendix E for examples). There can be
multiple layers of repeats in an experiment. These layers are nested within treatment. Each layer can be
evaluated and summarized as appropriate.

Analysis starts with a practical look at the data and specifically, the within treatment data. If there are no
unusual data points, it is acceptable to summarize the within treatment data. If there were unusual data
points, further investigation should determine what to do with those unusual data points prior to further
analysis (How much will the unusual data point effect the summary statistics? What happened there?) An
average of the within treatment data reduces the variation within, hence increasing the precision of the
experiment (lowers the water level without negatively impacting the inference space). In addition, a
second Y is created, a measure of the variation of the within treatment data. The range (or any measure
of the within treatment dispersion) is an estimate of the magnitude of the variation due to noise changing
within treatment. It cannot be due to the treatments as the treatments are constant when the multiple data
points are acquired. This Y can be analyzed separately from the mean. There are now two response
variables describing the within treatment effects. It is good practice to look for correlations when you have
a multivariate situation, not only to determine if there are relationships between the Y’s, but also to test for
any outliers. Correlation® between the mean and variation responses can indicate whether the same
mechanisms influence both. It is wise to constantly evaluate the integrity of the data from an experiment.
This is because DOE data sets are small, so singular, unusual data points can have a dramatic effect on
quantitative analysis. Mahalanobis® outliers is a multivariate method for assessing if there are unusual
data points. A second method is part of the Analysis of Good (ANOG). ANOG is simply an ordering of the
treatments based on the response variable, best to worst. ANOG is used to reveal practical differences
among treatments, patterns and anomalies that guide interpretation. The order you sort does not actually

" Crazy Cajun Case study analysis for a number of the noise strategies is in Appendix F
8 A correlation coefficient |r| > 0.7 suggests a strong association
9 Indian statistician, P.C. Mahalanobis
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matter as you are simply looking for patterns of the Y and associated patterns of the factors and their
levels. In addition, obtaining a moving range chart is a diagnostic to check for unusual data points. If there
is a huge main effect, when the data is sorted in ANOG order, there will be a point out-of-control in the
middle of the MR chart. If there are “jumps” in forth positions, that is indicative of two main effects or a 2™
order effect. If there is an out-of-control point at the beginning or end of a MR chart, that is evidence of
noise effecting one treatment. The designs have an equal number of + and — level setting for each factor,
one treatment being different could not be because of design structure. It must be due to noise changing
during the experiment.

If there is evidence an unusual run based on the rest of the data from the experiment you should seek to
understand why. What happened there? This is likely due to noise. This has the impact of raising the
water level in the experiment, decreasing precision. A test of the impact of this run can be done with
Rank'® analysis which normalizes the jumps in the response variable between treatments.

The patterns observed from ANOG can be substantiated with statistical methods. The Normal/Half normal
plots'' assist in determining if those patterns are significant. These should only be used for the saturated
model (all DF’s assigned). Some software will add a line on the plot. This is a function of Lenth’s pseudo-
standard error. In some cases, this line provides guidance interpreting what are the random errors that
are the basis for determining statistical significance (random errors would form a straight line on this plot).
Unfortunately, there are instances where Lenth’s PSE is not applicable to the effects being plotted. In
those cases, interpreting which points make up the random errors must be judged. | use the “fat pencil”
test to help interpret. Fit a pencil to the data, centered around an estimate of 0. Points covered by the
pencil are random errors. The Pareto plot shows the practical significance of the factors. Remember to
look for “jumps” between the bars of the Pareto chart, not just ordering.

Once the significant effects (both practical and statistical), are determined, simplify or reduce the model
by removing the insignificant terms. This is done to create a more useful model and to get residuals, not
to re-assess statistical significance. This reduced model is used to estimate residuals, a further check on
model assumptions. There are a number of considerations that guide model reduction:
e engineering judgement augmented with predictions,
¢ magnitude of the R-square Adj (amount of variation in the data explained by the model),
e A between R-square Adj and R-square (test for overspecified model),
e root mean square error (standard deviation of the model),
e residuals analysis helps assess quantitative assumptions; NID(0, s?), normally and independently
distributed residuals with a mean of 0 and constant variance,
e leverage and residual plots (look for outliers, multicollinearity and confidence limits crossing
horizontal line),
e AIC/BIC" (AIC favoring better prediction and BIC favoring simpler models), and
e p-values (less useful as statistical significance has already been assessed)

% In ANOG order, create a column with sequential whole numbers and analyze this additional Y.
" Application of half normal plots for analysis invented by Cuthbert Daniel
12 Akaike information criterion and Bayesian information criterion used for comparing models
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Residual plots help diagnose special cause and model inadequacy. This does not mean the raw data is
unusual, it is an indication the model did not predict those actual values well. In some cases, this is due to
model insufficiency or noise. Plotting those same residuals in run order may offer clues. The plots do not
provide the answers, but stimulate questions about the model adequacy and possible further
investigations.

Additional Application for Repeats
There can be multiple nested layers within treatment. When the response variable is ordinal, particularly
involving human sensory perception, repeats or nested layers are useful'®.

Strategy for Handling Long-term Noise: Completely Randomized Replicates (CRR):
There are several options for replication. This is NOT the most effective strategy. The statisticians’ default
recommendation is randomized replicates. This is an appropriate strategy if noise has not been identified
before the experiment is conducted. There are some advantages and disadvantages to this strategy. The
advantages are:
e the inference space is more representative (broader),
e unit structure (noise) effects can be estimated by the error term (mean square error) and are
theoretically less biased,
e the error term, quantification of the water level, can be used to test statistical significance of the
design factors (with ANOVA).

Unfortunately, the error cannot be assigned to specific x’s, and the precision for detecting design factor
effects is compromised. Whether the error term is representative of the true random errors is still in
question. If it is exaggerated, then you risk the type 2 error, if it is smaller than the true errors, you risk the
type 1 error. It would be a good idea to compare the estimate of random errors with longer-term process
data.

Since it is not possible to create a saturated model as there are unassignable DF’s, Analysis of Variance
(ANOVA) is used to assess the model effect significance. Residuals plots may provide insight to model
integrity. Once the model is reduced, the model summary statistics and residuals and are re-evaluated.

Strategy for Handling Long-term Noise: Randomized Complete Block Design (RCBD):

In industrial experimentation, blocks are frequently a frame where noise, can reasonably be expected to
remain constant (or are held constant) while that part of the experiment takes place. Subsequent blocks
(replicates) are selected so the noise that was constant in the first block, changes between blocks. In
this manner, there is increased precision for the design structure and increased inference space.
Information regarding design structure is acquired across changing unit structure such as environmental
conditions, variation in raw materials, and other known and identified noise factors. The purpose of
blocking is to determine whether the effects of design factors are repeatable across blocks (changing

'3 See Printed Circuit Board Screening case study Appendix G
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noise conditions) and to see whether the overall average of the experiment changes'. So, either one
can gain confidence the results you have initially obtained will be useful in the future, there are
opportunities to improve the robustness of the design, or the direction of your study needs to be
expanded.

The advantages of the RCBD are increased inference space, greater precision and the ability to quantify
noise-by-factor interaction effects for robust design. Analysis of RCBD follows the same sequence, PGQ.
To analyze RCBD, start with the saturated model including block and block-by-factor interactions (full
resolution of the block effects).

Strategy for Handling Long-term Noise: Randomized Incomplete Block Design (RIBD or BIB):
Blocking doubles the size of the experiment. If the investigation is still in the early stages, it may be
appropriate to use incomplete, fractional blocks to increase inference space improve precision and
investigate many confounded x’s for further iteration.

Strategy for Efficiently Partitioning Noise with Design Factors: Split-plots

Split-plot experiments can be seen as a practical way to deal with certain issues which preclude
randomization. When a design is not randomized, the restriction to randomization must be taken into
account. One such design used to handle restrictions is a split-plot design.

There are two distinctly different reasons to restrict randomization. The first, an efficiency split-plot, is due
to the desire to partition the unit structure and thereby manage the precision of the design structure using
less resources. In this case, the whole plot experiment precedes the subplot experiment. The second, a
convenience split-plot, is due to physical or economic reasons. The run-order for this type of split-plot design
is executed by changing the subplot (SP) factor(s) while the whole plot (WP) factor(s) remains constant.
Then the WP factor(s) is changed and the runs replicated. This minimizes the number of times the whole
plot factor is changed. The runs of an experiment might be made in a split-plot fashion for the following
reasons:

1. Efficiency of running the design:

e Desired precision of design structure varies (e.g., design factors may interact with the noise and
there is interest in estimating noise-by-factor interactions.)

e Unit structure needs to be partitioned. The partitioning of the unit structure allows for greater
precision when evaluating the design structure.

To my knowledge, this type of split-plot design can only be run in situations where the experiment can

be run in stages or in some time ordered sequence. The factors that make up the subplot are

subordinate or subsequent to the factors in the whole plot. This can be extremely useful for product

design as different designs can be tested over factorials of noise. While to overall noise in the

experiment is the same as without restriction, the restriction partitions the noise into two smaller

subsets of noise, thus lowering the water level for each plot. Doing this increases the precision of

4 This approach differs from that in classical statistical textbooks where the concept of a block is presented as a tool to remove
extraneous sources of variation (noise) so the effects of the design factors will be more clearly apparent.
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understanding noise-by-factor interactions and therefore the robustness of the design to noise. This is
the basis of Taguchi’s inner/outer arrays and Cox’s cross-over designs.

While practical analysis is similar as the other examples in this appendix, graphical and quantitative
analyses are quite different. Because each plot of the split-plot design includes different unit structure,
Normal and Pareto plots must be created for each split, a separate normal and Pareto plot for the
whole plot and subplot. These designs often find more statistically significant effects due to the
partitioning of the noise and lowering the water level in both the whole plot and the subplot. Again, it is
important to assess practical significance on the Pareto Plot. The quantitative analysis is as if there
were two separate experiments run.

. Convenience of running the design:

e One (or more) of the factors to be investigated is hard or expensive to change but is not noise.
This 'hard to change" factor(s) will be designated the whole plot (WP). The other factors will make
up the subplot (SP).

e The experimenter wishes to make the experiment easier to execute.

e If the unit structure is significantly partitioned, there will be a negative effect on the precision of the
whole plot. In this case, it would NOT be desired to have a significant partitioning of the unit structure
thereby not diminishing the precision of the whole plot.

For convenience split-plots, the information about the whole plot factor is subject to different unit
structure due to the minimized number of changes. For quantitative analysis, the whole plot error,
rather than the mean square error of the subplot, should be used to determine whether the whole plot
factor had a statistically significant effect. Replication of the treatments made varying the whole plot
factor is necessary to have any estimate of the whole plot error and therefore a quantitative test of
significance. Of course, replication requires the whole plot factor to be changed which is exactly what
the experimenter wants to prevent. Note there will not be as much information available for these
factors as there is for the other factors because these factors will not have been changed as many
times. In the usual factorial situation, all variables are perturbed an equal number of times. It is also
frequently the case the factors creating the WP, on which the amount of information is limited, are
critical factors in the experiment. They are not typically used to adjust the product or process
performance. Adjusting them multiple times may actually inflate the effect of noise in the experiment
since the multiple manipulations are a typical.

While convenience split-plots sacrifice information about the whole plot factors, they increase the
precision of the subplot effects. Without replication, the analysis for the whole plot factor is solely
practical.

Strategy for Handling Long-term Noise: Covariates

Understanding of the unit structure is most effectively accomplished by manipulation for at least the duration

of an experiment using split-plot designs. If the noise cannot be specifically manipulated, it may be able to

be “grouped/chunked” and evaluated using RCBD or RIBD (e.g., raw material may be sorted into two lots).
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Another strategy to understand certain, measurable noise variables is to measure them and incorporate
the measurements into the analysis. Covariates' can be recorded during any designed experiment (full or
fractional factorial). ANCOVA (Analysis of Covariance) requires a degree of freedom in the experiment be
used to estimate the (linear) effect of the covariate. Thus, you will lose a degree of freedom otherwise used
to estimate some effects outlined in your aliasing (usually some higher order term) or used to estimate
mean square error. Model effects are fixed effects. The effect of the covariate is a random effect. There are
potential issues with using this strategy:

e Since the covariate is not specifically manipulated nor is it orthogonal to the other factors in the

experiment, it is evidence of correlation vs. causation,

e It may be collinear with model effects,

e It adds another source of measurement error,

e Lagged effects may be misinterpreted,

e It can be a challenge to determine the one number for the covariate during the execution of the

treatment.

Analysis requires differentiation of the type | (sequential) and type Il (partial) sums of squares. Use Type |
Sums of Squares to judge the effect of the covariate. This allows one to observe the effect of the covariate
without the influence of other factors. Use the parameter estimates to help in the interpretation of the
covariate. Use Type Ill Sums of Squares to judge the effect of the other model effects. Note, because of
the effect of the covariate, the use of the parameter estimates for interpretation of the other model effects
may be very difficult and misleading.

Tables 16.2 provides a summary of noise strategies for experimentation.

'S There is a practical limit to the number of covariates in any model.
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Table 16.2: Summary of Experimental Noise Strategies

When Experimental Analysis Is Complete
Analysis of experimental data should stop when the dominant effects are understood, and ambiguity is

reduced to an acceptable level. Proceed to the next iteration, which has already been predicted.

Continuing to analyze beyond this point often creates false precision and distracts from learning.

Experiments are part of an iterative process. Their value lies not in final answers, but in how effectively

they guide the next question.

Summary

Analyzing experimental data requires respect for structure, resolution, and intent. When done

thoughtfully, experiments provide powerful insight into causality. When analyzed carelessly, they produce

results that appear rigorous but mislead. The discipline of experimental analysis lies not in statistical

sophistication, but in intellectual restraint. An experiment does not reveal truth. It reveals what can be

learned under the conditions you chose.
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Chapter 17
Historical and Observational Data: What It Can and Cannot Tell You

Observational

Purpose of This Chapter

Historical and observational data are abundant. Modern organizations collect vast amounts of data as a
by-product of operating processes, monitoring systems, quality checks, financial reporting, and
compliance requirements. Because these data already exist, they are often viewed as “free” and therefore
attractive for analysis. Historical data occupies the induction end of the data continuum. As we move
toward strategic sampling and designed experiments, the control over how variation is manifested
increases, and the strength of causal inference improves.

This chapter explains why historical data must be approached differently from sampling or experimental
data, what kinds of insight it can legitimately support, and where its limitations are fundamental rather
than technical. The objective is not to discourage its use, but to prevent misuse, particularly when the
goal is to understand causality. Historical data is rarely sufficient for causal conclusions.

What Is Historical or Observational Data?
Historical (or observational) data are data that were collected for reasons other than the current
investigation. The data is, however, from the organization. The analyst did not choose what variables
were measured, how they were measured, when they varied, or why they varied.
Examples include:

e production records,

e warranty databases,

e sensor logs,

e transactional data,

e quality dashboards,

e and archived test results.
The defining characteristic of historical data is not age, but lack of design intent.
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The Fundamental Limitation: No Control Over Variation
Causal learning depends on understanding how variation in inputs (x’s) relates to variation in outcomes
(Y’s). With historical data, the analyst has no control over which x’s varied, how they varied, or whether
they varied independently. As a result:

e important factors may not have varied at all,

e multiple factors may have varied together,

e changes may be correlated with time, policy, or external events,

e and critical variables may not have been measured.
No amount of analytical sophistication can recover information that was never generated.

Correlation and Confounding is the Problem

It is common to caution that “correlation does not imply causation.” While true, this statement is
incomplete and often misunderstood. The deeper issue is confounding: when multiple factors change
together, their individual effects cannot be separated. In historical data, confounding is the rule, not the
exception. Statistical models can describe associations, but they cannot reliably determine which factor
caused the change, or whether an unmeasured factor was responsible. Correlation may be evidence of
causation, but it is not sufficient (see Figure 17.1) Without controlled variation and rational hypotheses
grounded in physical or process understanding, correlation remains an observation rather than an
explanation. This is not a software limitation. It is a structural limitation of the data.

Universe of things
& that correlate

Things that are
causally related

Figure 17.1: Relationship Between Correlation and Causation

A woman's husband had been slipping in and out of a coma for several months, yet she had stayed
by his bedside every single day. One day, he motioned for her to come nearer. As she sat by him, he
whispered, eyes full of tears, "You know what? You have been with me all through the bad

times. When | got fired, you were there to support me. When my business failed, you were

there. When | got shot, you were by my side. When we lost the house, you stayed right here. When
my health started failing, you were still by my side. You know what?" "What dear?" she gently asked,
smiling as her heart began to fill with warmth. "Maybe you should get the heck away from me!"

What Historical Data Is Good For

Despite these limitations, historical data can be valuable when used appropriately. Its strengths include
hypothesis generation; Patterns in historical data can suggest where to look and stimulate what questions
to ask. Contextual understanding; Historical data can reveal ranges of operation, rare events, and long-
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term trends. Screening and identification; Historical data can help identify candidate variables worthy of
further investigation. Used in these ways, historical data complements, not replaces, designed learning.

Common Failure Modes in Data Mining
Several recurring failure modes appear when historical or observational data are treated as if they were
experimental:

e Data sets are incomplete, labeled incorrectly, the wrong data type and need to be cleansed.
Overfitting models that describe the past but fail to predict the future.

Mistaking statistical significance for causal importance.

Building complex models that cannot be executed or validated.

Retrofitting narratives to explain coincidental patterns.

¢ Using the same data to generate and confirm hypotheses.
These failures are often reinforced by software that rewards model fit rather than understanding. Table
17.1 illustrates how common data integrity issues vary across the data continuum. As design intent
increases, uncertainty decreases and interpretability improves. The progression reflects increasing
control over variation and increasing confidence in causal interpretation.

Typical Improved . .
Historical Historical Observational :;::telgr:c E[))(ezlr?:;:t

Issue Data Set Data Set pling P
Hypothesis Prior to ; F

yp e I 1 I %) @ ? \ v
Acquisition
Operational )
Definitions @ X 2 " !
Motivation for data

”
acquisition @ 2 : 2 »
Measurement Error @ ? 2 \ v
Columns
”
(Variables) Missing 2 2 g b 7
Rows Missing2 @ \ v v v
Incorrect Data3 %] ? ? v v
Correlation %) %) \ ? v
Leverage %) %) ? A vV
Cause - Effect %) %] %) ? v
Balanced [7] 7] 7] v v
Aggressive Level o
Setting 2 2 2 ’ S
Changing Business
conditions 2 2 N k ;
Special Cause /
Common Cause @ @ Z v ¥
Legend

Rarely an Issue
Sometimes an Issue ?
Often an Issue

Table 17.1: Data Integrity Issues™

6 Notes: 1. In historical data the data acquisition precedes the hypotheses. Analysis should NEVER precede hypotheses. 2.Too
“busy” to enter data for a time period! Too much flux to enter data! Or chose not to sample over (non-representative data). 3.
Putting “zero” to represent unknown. Typos (putting wrong number, putting a letter instead of a number). Filled in later. Lack of
operational definitions (consistently or inconsistently misinterpreted). Deliberate distortion (games). Measurement issues.
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Regression Is Not the Enemy, Misinterpretation Is

Regression is extremely flexible which makes it both a powerful and dangerous analytical tool. It is not
inherently flawed. The danger lies in interpreting regression coefficients from historical data as causal
effects. When multiple factors move together, regression may assign importance to variables that are
simply correlated with the true cause. This is called multicollinearity. When regression is applied to
observational data coefficients describe association, not causation, hidden variable bias is likely, and
interpretation requires substantial domain knowledge. Regression can support hypothesis development,
but it rarely settles causal questions on its own.

The lllusion of Predictive Power

It is tempting to evaluate historical models based on predictive accuracy alone. While prediction is
valuable, it does not guarantee understanding. A model may predict well because underlying conditions
have not changed, confounding relationships persist, or noise overwhelms structure. When conditions
change, and they always do, models built on historical coincidence often fail catastrophically. Prediction
without causal understanding is fragile. When operating conditions change, only causal relationships
remain reliable.

When to Stop Mining and Start Designing
Historical analysis should prompt a decision point. Signals that it is time to move on include:
e ambiguity that cannot be resolved analytically,
e sensitivity of conclusions to modeling choices,
e reliance on untestable assumptions,
e or recognition that critical variables are missing.
At this point, the appropriate response is not more analysis, but better data, through directed sampling or
designed experiments. Historical data might suggest where to dig. It does not dig for you.

Summary

Historical and observational data are indispensable in modern engineering and science, but their value
lies primarily in exploration, orientation, and hypothesis generation. They are poorly suited for establishing
causality or guiding irreversible decisions. Respecting these limits is not a weakness. it is a mark of
professional judgment.

Closing Thought
Data collected without intent can inform curiosity, but data collected with intent is required to learn cause.
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Part i
Deployment, Leadership, Organizational Integration and Sustainability

Part lll explains how Sigma Science lives inside an organization. It addresses deployment, culture,
leadership behavior, project selection, communication, metrics, and sustainability. This is where
methodology meets reality. In Part |, the emphasis was on thinking, how to frame problems, develop
rational hypotheses, and link tools to situations. In Part Il, the focus shifted to structure, how the way data
are acquired governs what analysis can legitimately say. In this final section, the objective is integration:
applying the methodology iteratively in real organizational settings where uncertainty, constraints,
urgency, and competing priorities are always present. Real improvement does not occur because a tool
was applied correctly. It occurs when disciplined reasoning is sustained over time. Technical insight must
be coupled with judgment. Data must be linked to action. Hypotheses must evolve as knowledge
increases. Decisions must be made with incomplete information. Part lll examines how Sigma Science
operates in this environment, how studies are sequenced, how iteration is managed, how ambiguity is
reduced, and how learning is translated into meaningful process and product improvement. This part is
not about adding new statistical techniques. It is about developing intellectual discipline: knowing when to
stop analyzing, when to redesign a study, when to change the response, when to broaden the inference
space, and when the evidence is sufficient to act. Sigma Science is not a linear procedure. It is an
iterative framework for learning, grounded in causality and guided by scientific inquiry. The ultimate
objective is not elegant models, impressive analysis outputs, or technical sophistication. It is
understanding, understanding strong enough to support prediction, confident enough to guide decisions,
and robust enough to endure changing conditions. The first two parts of this book established the
intellectual foundation of Sigma Science. This part examines how Sigma Science can be deployed within
an organization, how projects should be selected to encourage discovery and learning, and how
leadership behavior, communication, incentives, and metrics influence the success of investigative work.
It also considers the role of the individual practitioner and the challenge of sustaining structured inquiry
over time. Ultimately, Sigma Science succeeds when disciplined reasoning becomes part of how an
organization thinks about problems. Part Il explores how that transition occurs.

A man in a hot air balloon realized he was lost. He reduced altitude and spotted a guy below. He
descended a bit more and shouted, "Excuse me, can you help me? | promised a friend | would meet
him an hour ago, but | don't know where | am." The guy below replied, "You're in a hot air balloon
hovering approximately 30 feet above the ground. You're between 40° and 41° north latitude and
between 59° and 60° west longitude.” "You must be an engineer," said the balloonist. "l am," replied
the guy "How did you know?" "Well," answered the balloonist, "everything you told me is, technically
correct, but I've no idea what to make of your information, and the fact is I'm still lost. Frankly, you've
not been much help at all. If anything, you've delayed my trip." The guy below responded, "You must
be in Management." "I am," replied the balloonist, "but how did you know?" "Well," said the guy, "you
don't know where you are or where you're going. You have risen to where you are due to a large
quantity of hot air. You made a promise which you've no idea how to keep, and you expect people
beneath you to solve your problems. The fact is you are in exactly the same position you were in
before we met, but now, somehow, it's my fault.”
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Chapter 18
From Method to Movement: What Deployment Really Means

The first two parts of this book addressed how to think and how to learn. Part | introduced the Sigma
Science methodology as a disciplined framework for understanding causality. Part Il addressed how data
are acquired, structured, analyzed, and interpreted. Those sections focused on competence, on
improving the technical capability of individuals to reason from data in a scientific and iterative way.

Part 1l shifts the focus from competence to integration. Deployment is not solely the act of delivering
training. It is not the creation of slides, templates, or certification levels. It is not even the successful
completion of a few well-executed projects. Deployment is the process of embedding critical thinking into
the daily operation of a business or at least into the thinking of the individuals within it. It is the transition
from method to movement. Most organizations recognize the importance of continuous improvement.
They understand that product performance, customer satisfaction, cost, reliability, and throughput must
improve to remain competitive. Continuous improvement implies and requires change. And change,
particularly change that alters how people think, requires more than tools. | start a conversation with
potential clients with a Thought map (Figure 18.1).
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Figure 18.1: Thought Map for Initial Engagement

There are as many deployment strategies as there are companies attempting improvement initiatives. No
single strategy can possibly be optimal across all organizations, just as no single tool can be appropriate
for all situations. Each organization has its own structure, culture, incentives, resource constraints,
leadership style, and technical maturity. Any deployment strategy must align with those realities.
Sustainable change requires several elements:
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e An organization willing to accept change
e Enlightened and motivated leadership
e Alignment of metrics and goals
e Clear communication of intent
e A critical mass of technically competent individuals
e Credible success stories
Without these elements, even the best methodology will struggle to survive.

Common Failure Modes

Improvement initiatives fail in predictable ways. Many of these failure modes are not technical. They are
organizational. One failure mode is lack of management commitment, not in words, but in time and
resource allocation. When leaders demand short-term results without allowing for iteration, sequential
learning, and occasional failure, the initiative becomes reactive rather than investigative. Another failure
mode is multiplicity of initiatives. When improvement efforts compete for the same limited resources,
confusion and fatigue develop. If individuals cannot clearly articulate the intent of the initiative or how it
aligns with broader objectives, cynicism follows. Poor measures and poor measurement systems are
another common constraint. Metrics that are misaligned, misunderstood, or poorly defined drive
unintended behavior. When metrics become targets rather than indicators of process behavior, people
learn to distort the system or the data. Risk aversion also inhibits progress. Sigma Science is grounded in
scientific method, observation, hypothesis generation, testing, refinement. Learning is motivated by
understanding variation. Experimentation requires the possibility of being wrong. Organizations that
penalize failure prevent discovery. Finally, inadequate education is a persistent issue. When training
focuses primarily on vocabulary and tools rather than on reasoning and interpretation, the initiative
becomes mechanical. The use of statistical software does not guarantee understanding.

“There are three ways to get better figures: Improve the system, Distort the system or Distort the
figures”

Brian Joiner
And the Ross Corollary, the 4" way: Blame someone

Deployment Is Not Tool Distribution
One of the most common misconceptions is that deployment consists of distributing tools across the
organization. Tools are necessary but insufficient. The real objective is to cultivate investigative thinking,
disciplined framing of problems, explicit hypotheses, deliberate data acquisition, rational interpretation,
and iterative refinement. Sigma Science is not about statistics per se. It is about structured thinking
applied in pursuit of causality. Deployment, therefore, must focus on developing individuals who can:

e Perform situational analyses

e Develop and articulate rational hypotheses

e Predict possible outcomes before data are collected

e Select sampling or experimental strategies appropriate to the question

e Interpret outputs through the lens of engineering knowledge

e |terate in a disciplined manner
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The objective is not to produce statisticians. It is to augment engineers and scientists with improved
deductive reasoning so they can better use their technical knowledge.

At Least Two Phases of Deployment

In practice, deployment often occurs in two phases, though these phases may repeat over time to build
critical mass. The first phase is edification of the management team. Leadership must understand the
methodology sufficiently to identify appropriate projects, identify participants, define expectations, allocate
resources, and model the behavior required for iterative learning. Managers must understand that
progress is not always linear and that learning often precedes visible improvement. The second phase is
development of the technical staff through application. Training must be coupled with real projects. The
methodology cannot be learned in isolation from practice. Between formal sessions, individuals must
apply the concepts to actual work. Project reviews, mentoring, and site visits are integral to developing
judgment. This second phase is where critical thinking begins to influence daily operations. Over time,
repetition builds competence. Competence builds confidence. Confidence builds credibility. There are, of
course, pros and cons to any approach. | have had experiences where the management team was “on
board” and actively showing support and the methodology thrived. But when those managers moved on,
so went the methodology. | have also had success with organizations where the management team was
not fully engaged. Though the deployment was limited to engineers who recognized the benefits.

Deployment Requires Patience and Iteration

Real improvement rarely occurs in a straight line. Early projects may fail to produce dramatic financial
returns. Definitions will need to be refined. Hypotheses will be wrong. Sampling plans will need
adjustment. Experiments will reveal unexpected results. Failure in this context is not a setback. It is
feedback. Organizations must be prepared to iterate, not just technically, but organizationally.
Deployment models will need adjustment. Curriculum will evolve. Metrics may need refinement. Project
selection criteria will change as maturity increases. The danger lies in abandoning the methodology
prematurely because it did not produce immediate, visible gains. Sustainable improvement is cumulative.
It builds from disciplined learning applied repeatedly over time. This is particularly a challenge when
working in the design world. First there is the ridiculous expectation of “designing it right the first time”.
Persons who believe this do not understand design. Second, it is difficult to cost justify the application of
the methodology. You almost need to design it wrong, determine that cost and then iterate the design to
show the savings. Perhaps there is need for a “leap of faith”.

| recall a discussion with J.C. Anderson, a Senior Vice President of Operations for a major appliance
manufacturer. He was concerned that the organization was not seeing enough “breakthrough” projects
emerge from its Operational Excellence program. At the time, participants in the program were required to
identify three projects, each with the potential to deliver $200,000 in savings. | suggested that imposing
savings thresholds as a prerequisite for project selection could unintentionally discourage many important
investigations. Some of the most valuable work begins with uncertainty, and its eventual benefit cannot
be predicted at the outset. When projects are filtered primarily by projected savings, opportunities to
address deeper systemic issues are often overlooked. He nodded in agreement as we discussed the
concern, and our meeting ended. Shortly afterward | saw a memo announcing a change to the program
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requirements. The projected savings requirement had been increased from $200,000 to $500,000 per
project. Surprised, | contacted him and asked if he had heard my advice. He assured me that he had.

His reasoning, however, was different from what | had expected. By setting the projected savings
requirement so high that very few projects could realistically qualify, he hoped the organization would be
forced to reconsider how projects were being defined and selected in the first place. Whether intentional
or not, the episode illustrates an important reality: the way organizations structure improvement programs
strongly influences the type of work that gets pursued. When financial thresholds dominate project
selection, learning-oriented investigations may be displaced by efforts designed primarily to meet
numerical targets. Sustainable improvement requires balancing accountability with the freedom to explore
problems whose benefits may not be immediately quantifiable.

From Individual Competence to Organizational Culture

Ultimately, deployment succeeds when critical thinking becomes cultural rather than programmatic.
When engineers arrive at meetings with thought maps rather than just opinions, the culture shifts. When
managers ask about hypotheses rather than just outcomes, the culture shifts. When sampling and
experimentation are used deliberately rather than reactively, the culture shifts. When interpretation
precedes reaction, the culture shifts. At that point, Sigma Science is no longer an initiative. It is simply
how the organization thinks. Deployment is the bridge between method and culture. It is the process of
transforming structured reasoning from an individual capability into an organizational norm. It becomes an
expectation.

Part lll examines how to build that bridge, how to select projects, align leadership, manage metrics,

navigate organizational constraints, and sustain learning over time. The methodology is necessary.
The tools are necessary. But without disciplined deployment, neither will endure.
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Chapter 19
Choosing a Deployment Strategy: Alignment Before Action

There is no universal deployment model. Organizations often ask for a recommended strategy as if there
were a best practice independent of context. There is not. Just as no single experimental design is
appropriate for every technical question, no single deployment model is optimal for every organization.
Structure must align with intent. The first question, therefore, is not “How should we deploy Sigma
Science?” The first question is “What are we trying to accomplish?” Are we attempting to energize the
entire organization? Are we attempting to deepen the technical capability of engineers? Are we
addressing a specific crisis? Are we trying to build internal self-sufficiency? Without clarity on intent,
deployment becomes reactive and fragmented. | often start a dialogue with a new client by interrogating
their motivation.

On another occasion | received an inquiry from Marc Calavetti, Vice President of Research and
Development at a manufacturing company. He was familiar with my work from a previous employer and
contacted me to ask whether | would be available to assist his organization. He also asked if | would
submit a proposal outlining how Sigma Science might help them. Rather than immediately preparing a
proposal, | responded with a request of my own. | asked him to first prepare a Thought Map describing
what he hoped to accomplish and why he believed Sigma Science might be relevant to the situation. This
request was not intended to delay the discussion, but to clarify it. Too often organizations seek assistance
before they have clearly articulated the problem they want to solve or the outcomes they hope to achieve.
A Thought Map forces the essential questions to be addressed: What are we trying to accomplish? Why
does it matter? What assumptions are being made? What evidence supports the concern? Marc agreed
to the request and provided the Thought Map shown in Figure 19.1. The map became the starting point
for our discussions and helped ensure that any subsequent work was grounded in clearly stated
objectives and reasoning rather than vague expectations or general interest in improvement methods.
The Thought map made clear what problem the organization believed it had, and just as importantly, what
it did not yet understand.
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Figure 19.1: Thought Map for Discussion

Four Broad Deployment Archetypes
While real organizations often blend approaches, most deployment efforts resemble one of four
archetypes.

1. Company-Wide Involvement

In this model, the initiative is positioned as a unifying improvement framework for the entire organization.
A common language is established. Awareness is broad. Many individuals are trained at some level. The
strength of this approach is constancy of purpose. A shared vocabulary and philosophy can energize the
culture. Cross-functional participation may increase. Improvement becomes visible and organizationally
sanctioned. The weakness is dilution. When everyone is trained at a basic level, depth is often sacrificed
for breadth. Technical rigor may suffer. Projects are sometimes selected for symbolic reasons rather than
for discovery value. Cynicism can develop if results are overstated or if “sigma levels” become targets
detached from process knowledge. Company-wide deployment can succeed, but only if leadership resists
the temptation to measure progress by training counts rather than by increased understanding.
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2. Technical Focus

In this model, the primary objective is to enhance the capability of engineers and technical staff. The
emphasis is not motivational, it is developmental. Projects are typically centered around manufacturing
variation, product performance, reliability, or design robustness. There is an explicit element of discovery.
The curriculum can be deeper because the participants share quantitative backgrounds. The strength of
this approach is rapid transfer of knowledge into design and manufacturing work. Because the individuals
are technically aligned, more sophisticated methods can be taught and applied effectively. Success
stories tend to be technically credible. The weakness is potential isolation. If management and non-
technical functions are not educated sufficiently to understand the methodology, resource allocation
decisions may conflict with investigative work. Without managerial alignment, even technically sound work
can stall. Technical focus deployment works well when leadership understands enough to support
iteration and allocate resources intelligently.

3. Application-Specific Focus

This model resembles just-in-time training. Individuals are selected to address specific problems. The
curriculum evolves alongside the project. The strength is expediency. When a pressing issue demands
resolution, concentrated effort can yield rapid progress. The weakness is fragility. Because the effort is
narrow and often temporary, learning may not generalize. Once the specific problem is resolved,
momentum can dissipate. There is limited institutional memory unless deliberate effort is made to capture
and disseminate learning. Application-specific deployment is useful for crises, but insufficient as a long-
term cultural strategy.

4. Becoming Self-Sufficient

In this model, selected individuals are developed deeply and repeatedly. The goal is internal capability,
not external reliance. Projects are chosen deliberately to build competence. Repetition is emphasized.
Individuals become mentors and catalysts inside the organization. The strength of this approach is
sustainability. Knowledge compounds. Judgment develops through iteration. The organization becomes
increasingly capable of structured reasoning without external prompting. The weakness is time. This
model requires patience and tolerance for learning curves. Short-term financial metrics may not
immediately reflect the investment. For organizations committed to long-term cultural change, this model
provides the strongest foundation.

Alignment With Organizational Objectives
Deployment strategy must align with organizational objectives. If the objective is to reduce cost rapidly,
then project selection and training structure must reflect that urgency, but without sacrificing discovery.
If the objective is to enhance product robustness, then the curriculum must emphasize experimentation
and robustness methods. If the objective is cultural transformation, then leadership behavior must change
alongside technical training. A common error is misalignment: broad training without project clarity, deep
technical training without managerial understanding, or aggressive financial targets without tolerance for
iteration. Alignment requires explicit discussion of:

e What success looks like

e What metrics will be used
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e How resources will be allocated
e What level of iteration is acceptable
e What risks are tolerable
e Whatis the expectation for deployment time
Without alignment, deployment degenerates into a series of disconnected training events.

Project Characteristics Must Match Deployment Strategy

Deployment strategy influences project selection (see Chapter 20, Project Selection). Projects intended
for Sigma Science training should contain an element of discovery. They should require investigation into
causal structure (Y = f(x)). Pure implementation projects, where the tasks are known and execution is the
primary requirement, are better suited for project management training than for Sigma Science
methodology. When deployment is technical in nature, projects should require expanded analytical
capability. When deployment is organization-wide, projects may focus on visibility and engagement.
When the objective is individual development, projects should allow repetition and iteration. There is no
correct project independent of strategy.

The Most Common Strategic Error

The most common error in deployment is confusing activity with progress. Training sessions delivered.
Certificates issued. Metrics updated. Savings claimed. None of these activities guarantee improved
understanding of causal structure. If individuals cannot articulate hypotheses, predict outcomes, interpret
outputs through process knowledge, and iterate intelligently, then the methodology has not been
deployed, regardless of how many people were trained. Deployment is successful only when structured
thinking becomes habitual.

Before Acting, Decide
Before launching an initiative, leadership should answer:
e What are we trying to accomplish?
e Which deployment archetype aligns with that intent?
e What project characteristics are required?
¢ Who should be involved in the transformation?
e What level of iteration are we prepared to tolerate?
¢ How will we measure increased understanding, not just financial outcome?

Alignment before action prevents wasted effort. The methodology described in this book is flexible. It can
be deployed in many configurations. But flexibility does not eliminate the need for discipline. In technical
work, structure precedes experimentation. In organizational work, structure must precede deployment.
Part Ill continues by addressing the most leverage-rich element of deployment: project selection.
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Chapter 20
Project Selection: The Leverage Point of Deployment

Project selection is the single most influential factor in the success or failure of a Sigma Science initiative.
Many improvement programs focus heavily on training curriculum, certification structures, and reporting
metrics. While these elements can be useful, they are secondary. The real driver of learning and
credibility is the nature of the projects people work on. Projects determine what individuals learn, how
quickly they learn it, and whether the organization perceives the methodology as useful. Poor project
selection can undermine even the most technically competent practitioners. Conversely, well-chosen
projects can accelerate learning, demonstrate value, and establish credibility throughout an organization.
For this reason, project selection should be deliberate rather than opportunistic. | once had a manager
make the following statement in regards to discussing a potential project: “We don’t want to turn this into
a science project’. | asked why not?

“The mere formulation of a problem is often far more essential than its solution, which may be merely
a matter of mathematical or experimental skills. To raise new questions, new possibilities, to regard
old problems from a new angle requires creative imagination and marks real advances in science.”

Albert Einstein

Discovery—Execution Continuum (Figure 20.1)

Not all projects are the same. Ultimately, all projects should involve some amount of execution or the
project will be abandoned. The question is when do you have sufficient insight to execute. Execution
projects involve implementing known solutions. The problem is understood, the causes are known, and
the task is primarily organizational or logistical. These projects may be important to the business, but they
provide little opportunity to expand understanding of causal structure nor do they provide an opportunity
for the engineers to learn. Discovery projects are different. They involve uncertainty about why a process
behaves the way it does or how a product can be designed robust to user influence. The objective is to
understand relationships between variables, to learn something new about the system. Projects suited to
the Sigma Science Methodology should contain a meaningful element of discovery. Notice | do NOT
recommend calling them Sigma Science Projects. This title suggests the thinking should only be done on
certain projects.

Execution Discovery
Implement “fix” Understand
Answer Question
React Plan
Intuition Data
Enumerate Analytic
Fire fight Prevention
Roadmap Critical Thinking
Rationalize Predict
Linear Synergistic
One shot Iterate

Figure 20.1: Execution and Discovery Project Continuum
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This does not mean that execution is unimportant. Organizations must implement improvements to
achieve results. However, the methodology described in this book is designed to understand causality.
When projects contain no discovery component, the tools and thinking processes become unnecessary.
In practice, most real projects exist along a continuum between discovery and execution. At one extreme
are projects that are almost entirely execution. At the other are projects that are fundamentally scientific
investigations. The most productive training projects oscillate between discovery to execution,
investigating causes while pursuing practical improvement.

Why Discovery Matters
Discovery projects are powerful because they develop capability. When engineers and scientists
investigate a situation where causal structure is not fully understood, they will be most effective if they
apply the entire methodology:

e framing the situation,

e situation diagnostics,

e generating hypotheses,

e predicting data and all possible outcomes,

e acquiring data deliberately,

e interpreting analysis outputs, and

e iterating based on what is learned.

Through this process, individuals develop judgment. They learn to connect data with engineering
knowledge. They learn how to structure investigations and interpret results. Execution projects, by
contrast, often reinforce procedural thinking rather than causal reasoning. For organizations attempting to
develop internal capability, discovery is essential.

Characteristics of Good Projects

Hint: Don’t Call Them “Sigma Science Projects”

| have been investigating and collecting data on improving project work for many years. My thought map
is in Figure 20.2. Projects suitable for Sigma Science deployment typically have several characteristics.
First, the situation should involve variation, phenomena or performance that is not well understood. If the
cause is already known, investigation adds little value. Second, the system should be observable.
Variables can be identified, measured, or manipulated. Without the ability to observe or vary factors,
learning is limited. Third, the project should allow iteration. Early hypotheses will often be incomplete or
incorrect. The study should allow refinement and follow-up investigations. Fourth, the project should
matter to the organization, or at least the management team. When projects address real operational
challenges, learning becomes immediately relevant and credibility increases. Finally, the scope should be
manageable. Projects that attempt to solve too many problems simultaneously dilute learning and slow
progress.
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Figure 20.2: My Thought Map Regarding Project Success

Common Project Selection Errors

Several common mistakes appear repeatedly in improvement initiatives. One error is selecting projects
based solely on projected financial savings. While financial impact is important, predicted savings are
often speculative early in an investigation. When projects are chosen primarily to satisfy accounting
targets, they tend to focus on short-term execution rather than discovery. Another mistake is choosing
projects that are too large. Large projects often involve multiple subsystems, numerous stakeholders, and
competing objectives. While they may be strategically important, they are difficult learning environments
for individuals developing new analytical skills. A third mistake is selecting projects with predetermined
solutions. When management already believes it knows the answer, investigation becomes a formality.
Data collection becomes biased, and learning is suppressed. A fourth mistake is selecting projects that
are symptoms of a more systemic issue. Finally, some projects are chosen simply because data already
exist, so they are convenient. Historical data can be useful for generating hypotheses, but they rarely
provide the context necessary to establish causal relationships. Project selection should be guided by
learning potential as well as business importance. A manager, who had at one time taken my class as an
engineer, offered a Thought map for project selection (Figure 20.3).

-12 ©Sigma Science Inc.



Developing Individuals Through Projects

Projects are also the primary mechanism for developing individuals. | have often been asked how to
select candidates to participate in Sigma Science initiatives. My general response is simple: first select
the projects, then select the individual in the organization you would bet your job on to work that project.
Not the individual who happens to be available. Too often improvement programs begin by identifying
available personnel and then assigning them projects. Effective efforts proceed in the opposite direction.
The importance of the problem should determine who is assigned to investigate it. Important problems
deserve the organization’s best thinkers, not simply available resources. Of course, the challenge is the
best thinkers are usually the busiest.

Formal instruction introduces concepts, but understanding emerges through application. Engineers and
scientists must repeatedly apply the methodology to real problems in order to develop intuition and
confidence. This is why deployment often begins with carefully selected projects. These projects provide
opportunities for individuals to practice critical thinking, mapping, sampling, experimentation, and
interpretation in an integrated way. Repetition matters. Each investigation refines judgment. Over time,
individuals begin to recognize patterns in how problems are structured, how data should be collected, and
how results should be interpreted. Eventually, this becomes habitual.

Balancing Short-Term Results and Long-Term Capability

Organizations frequently face tension between achieving short-term improvements and developing long-
term capability. Projects focused entirely on immediate savings may deliver quick results but fail to build
ana