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Chapter 1
Introduction

Keywords Chemistry, Manufacturing, and Controls (CMC) statistics ¢ Clinical
statistics « Pharmaceutical activities » Regulatory guidance e Statistical methods

1.1 Objectives

The motivation for this book came from an American Association of Pharmaceu-
tical Scientists (AAPS) short course on statistical methods applied to Chemistry,
Manufacturing, and Controls (CMC) applications presented by four of the authors.
One of the course participants asked us for a good reference book, and the only
book we could recommend was written over 20 years ago by Chow and Liu (1995).
We agreed that a more recent book would serve a need in our industry. This book
presents statistical techniques that are critically important to CMC activities.

Statistical methods are presented with a focus on applications unique to the
CMC pharmaceutical industry. The target audience consists of statisticians and
other scientists who are responsible for performing statistical analyses within a
CMC environment. Basic statistical concepts are addressed in Chap. 2 followed by
applications to specific topics related to development and manufacturing. The
mathematical level assumes an elementary understanding of statistical methods.
The ability to use Excel or statistical packages such as Minitab, JMP, or R will
provide more value to the reader.

Since we began this project, an edited book has been published on the same topic
by Zhang (2016). The chapters in Zhang discuss statistical methods for CMC as
well as drug discovery and nonclinical development. We believe our book com-
plements Zhang by providing more detailed statistical analyses and examples.

1.2 Regulatory Guidance for CMC Applications

Persons responsible for statistical analyses in CMC applications should be familiar
with guidance and regulations that pertain to the pharmaceutical industry. The
legality of CMC issues is covered in the Code of Federal Regulations (CFR),
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Title 21, Food and Drugs Administration (FDA). Several relevant sections of this
code are reported in Table 1.1.

In addition to the CFR, regulatory agencies have produced a number of useful
documents that direct the approaches used in statistical analysis. Tables 1.2, 1.3,
1.4, and 1.5 report documents referenced and discussed in this book.

1.3 Use of Statistical Tools in Pharmaceutical Development
and Manufacturing

This book focuses on statistical methods used in the development and
manufacturting of pharmaceutical products. An excellent description of this area
is presented by Peterson et al. (2009). Pharmaceutical products are developed over
five parallel activities:

. Clinical trials,

. Preclinical assessment,

. Active pharmaceutical ingredient (API) development,
. Drug product (DP) formulation, and

. Analytical method development.

[ O I S

Table 1.1 Important sections of 21 CFR

Source Title

Code of Federal Regulations, Title 21, Food
and Drugs Administration (FDA), Part
210 (21 CFR 210)

Current good manufacturing practice in
manufacturing, processing, packing, or hold-
ing of drugs

21 CFR 211 Current good manufacturing practice for fin-
ished pharmaceuticals

21 CFR 600 Biological products: general

21 CFR 820 Quality system regulations

Table 1.2 Useful regulatory statistical guidance ASTM international

Title Chapter
E29: Standard practice for using significant digits in test data to determine confor- 2
mance to specifications

E2281: Standard practice for process capability and performance measurement 5
E2475: Standard guide for process understanding related to pharmaceutical manu- 4
facture and control

E2587: Standard practice for use of control charts in statistical process control 5
E2709: Standard practice for demonstrating capability to comply with an acceptance |7
procedure

E2810: Standard practice for demonstrating capability to comply with the test for 7
uniformity of dosage units
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Table 1.3 Useful regulatory statistical guidance Food and Drug Administration, Center for Drugs
Evaluation Research (FDA,CDER)

Title Chapter

Guidance for industry: immediate release solid oral dosage forms, scale-up and 7
postapproval changes: chemistry, manufacturing and controls, in vitro dissolution
testing, and in vivo bioequivalence documentation (1995)

Guidance for industry: demonstration of comparability of human biological products, |9
including therapeutic biotechnology-derived products (1996)

Guidance for industry: SUPAC-MR modified release solid oral dosage forms, scale- |7
up and postapproval changes: chemistry, manufacturing and controls, in vitro disso-
lution testing, and in vivo bioequivalence documentation (1997a)

Guidance for industry: dissolution testing of immediate release solid oral dosage 7
forms (1997b)
Guidance for industry: ANDAs: blend uniformity analysis (1999 withdrawn 2002) 7
Guidance for industry: powder blend and finished dosage units—stratified in-process |7
dosage unit sampling and assessment (October 2003 withdrawn 2013)

Guidance for industry: process validation: general principles and practices (2011) 3,5,6,9

Guidance for industry: quality considerations in demonstrating biosimilarity of a 9
therapeutic protein product to a reference product (2015a)

Guidance for industry: scientific considerations in demonstrating biosimilarity to a 9
reference product (2015b)

Guidance for industry: biosimilars: questions and answers regarding implementation |9
of the biologics price competition and innovation act of 2009 (2015c)

Guidance for industry: analytical procedures and methods validation for drugs and 6
biologics (2015d)

Figure 1.1 from Peterson et al. displays the timeline for these activities.

While the most common area for statisticians to work is in the clinical area
(activities 1 and 2), the focus of this book is on paths 3-5 in Fig. 1.1. Key research
questions and statistical methods used to help answer them are shown in Table 1.6.

Statistical quality control methods are applied throughout all activities in Phase
IV. These methods are discussed in Chap. 5.

1.4 Differences Between Clinical and CMC Statisticians

To better understand the nature of CMC statisical analysis, it is useful to contrast
this work to that of the clinical statistician. The role of a clinical statistician is well
established. It is required and integrated into regulations and internal business
processes. Often, these predefined roles and responsibilities are outlined in com-
pany procedures. Given the key role they play in the clinical drug development
process, the clinical statistician is well linked into clinical project teams with strong
management support. Among their many responsibilities, clinical statisticians are
responsible for statistical design of clinical trials and statistical analysis plans
included in protocols which are sent to the FDA for review. These protocols are
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Table 1.4 Useful regulatory statistical guidance International Conference on Harmonization

(ICH)

Title Chapter
QSC stability testing of biotechnological/biological products (1995) 8
Q1B photostability testing of new drug substances and products (1996) 8
QI1C stability testing for new dosage forms (1997) 8
QO6A specifications: test procedures and acceptance criteria for new drug substances | 3,7, 8
and new drug products: chemical substances (1999a)

Q6B specifications: test procedures and acceptance criteria for biotechnological/ 7,8
biological products (1999b)

Q7 good manufacturing practice guide for active pharmaceutical ingredients (2000) |4
Q1D bracketing and matrixing designs for stability testing of new drug substances and | 8
products (2002)

Q1A(R2) stability testing of new drug substances and products (2003a) 8
QIE evaluation for stability data (2003b) 7,8
Q3A impurities in new drug substances (2003c) 8
Q3B (revised) impurities in new drug products (2003d) 8
QSE comparability of biotechnological/biological products subject to changes in their |2, 9
manufacturing process (2004)

Q2(R1) validation of analytical procedures: text and methodology (2005a) 6,8
Q9 quality risk management (2005b) 3-5
Q10 pharmaceutical quality system (2008) 3,5
Q8(R2) pharmaceutical development (2009) 3,5
Q11 development and manufacture of drug substances (chemical entities and bio- 3

technological/biological entities) (2012)

Table 1.5 Useful regulatory statistical guidance United States US Pharmacopeial (USP)

Title Chapter
(905) Uniformity of dosage units 7
(1010) Analytical data—interpretation and treatment 2,6
(1030) Biological assay chapters—overview and glossary 6
(1032) Design and development of biological assays 6
(1033) Biological assay validation 6
(1160) Pharmaceutical calculations in prescription compounding 8
(1223) Validation of alternative microbiological methods 6
(1224) Transfer of analytical procedures 6
(1225) Validation of compendial procedures 6
General notices 3.10: conformance to standards, applicability of standards 7
General notices 7.20: rounding rules 2,7

very detailed and provide clear articulation of the exact analyses to be followed and
the specific endpoints that must be met for clinical success. These protocols
typically are based on regulatory requirements. The FDA has a team of statistical
reviewers that evaluates the protocols and the definitive pass/fail nature of these
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Fig. 1.1 Pharmaceutical activities

Table 1.6 Research questions and statistical methods

Book chapter
Activity Research questions with application
API development | How can API be scaled to a level required for com- 4
mercial market?
API development | How do we effectively characterize our product and 3,4
develop a knowledge base for the API?
DP formulation What shelf life limits and specifications need to be 7,8
established to ensure DP is safe and efficatious?
DP formulation If our process is transferred to another manufacturing | 9
site, how do we ensure product safety and efficacy are
not impacted?
Analytical How do we determine if analytical methods are fit for |6
method use?
development
Analytical How do we know if a method will perform the same in | 6
method two different labs?
development

criteria heightens the criticality of the statistician on the cross-functional team.
There is much external guidance that must be followed and the clinical statisticians
must follow strict documentation expectations. Data systems are well developed
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and SAS and R are common data analysis tools. Other software packages are rarely
used except for occasional exploratory work. Upon completion of the clinical study,
the clinical statistician co-authors reports with clinical colleagues which are
included in the regulatory submissions. Given the existing system, the clinical
statistician does not spend a significant portion of time training their clinical
colleagues to perform their own statistical analyses. Most of their interaction with
colleagues involves discussions to help them understand and correctly interpret the
statistical analyses completed by the statistician. In order to be the most successful,
clinical statisticians must understand the science of the disease so that they can add
value to the project team.

Although there are similarities between the roles of the CMC and clinical
statisticians, there are differences in both type and degree. CMC statisticians
work with scientists to help develop new drug substance and drug product
manufacturing processes, develop and validate analytical procedures, improve
existing processes and products, and troubleshoot systems when issues arise. Unlike
the clinical statistician, the role of the CMC statistician does not have a regulatory
requirement and as such, the nature of the role can vary both within and across
companies. Factors impacting these differences include the technical and interper-
sonal skills of the statistician, the nature of management support, and the strength of
the partnership with individual collaborators. Small, relatively short duration stud-
ies are common as opposed to large clinical trials and access to large data sets
created to satisfy Good Manufacturing Practice (GMP) or regulatory requirements
are the exception rather than the rule. Unlike the large and well-defined statistical
departments in the clinical organization, CMC statisticians often work alone or in
very small groups. The CMC statistician may report to management in the area they
support, or to the broader clinical organization. Good documentation practices are
important for the CMC statistician to adhere to GMP requirements but there are no
statistical protocols sent to regulatory agencies for review. In the CMC area, studies
are performed and documented internally so as to be available if requested by
regulatory agencies. Documentation in these reports must be clear so that analyses
can be explained and reproduced when necessary. Given that data sets are often
small, data analysis packages such as Minitab and JMP are commonly used to
perform calculations. SAS and R are also employed with larger data sets, or when
requests are made from regulatory agencies. Because the CMC statistical workforce
is relatively small, CMC statisticians spend time teaching their scientific collegues
how to peform their own statistical analyses. This is one reason why statistical
packages that do not require written code (e.g., JMP and Minitab) are often selected
for analysis. Similar to the clinical statistician, the CMC statistician often contrib-
utes to the contents of a regulatory submission. CMC statisticians help write
sections describing process and formulation development, stability, justification
of specifications, process and product comparability, and analytical method vali-
dations. Similar to clinical statisticians, the CMC statistician must understand the
science and engineering concepts of their collaborators in order to be successful.
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1.5 How to Use This Book

It is possible to gain a working understanding of the methods in this book with no
advanced statistical training. In fact, one objective of this book is to make these
methods available for scientists who do not possess a degree in statistics. Profes-
sional statisticians will also find it helpful to have these methods in a single source
for their own use and for training others.

Chapter 2 provides statistical methods that are useful for performing the analyses
required to address research questions in the CMC manufacturing environment. We
recommend that the reader begin by reading Sects. 2.1-2.5. This provides both a
high level view of statistical applications and some specific examples for simple
data sets. After reading this material, the reader may complete Chap. 2, or jump to
any particular application of interest in Chaps. 3-9. Where needed, Chaps. 3-9 refer
back to statistical methods in Chap. 2 where the reader is provided a more thorough
understanding of the statistical method. Worked numerical examples are provided
in all chapters.

The reader may use any number of statistical packages to help work the
examples. Many of the examples can be performed using Excel. Some require
user-friendly statistical packages, such as Minitab and JMP. Additionally, we have
provided data sets and program codes written in SAS and R at the website for many
of the examples. Discussions of the examples will focus on the output rather than
specific code used to generate the output.
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Chapter 2
Statistical Methods for CMC Applications
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Statistical consulting « Statistical intervals » Tolerance intervals ¢ Visualization of
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2.1 Introduction

In this chapter, we provide statistical methods that are useful in CMC applications.
Our goal is to provide a description of these methods without delving deeply into
the theoretical aspects. References are provided for the reader who desires a more in
depth understanding of the material.

2.2 Statistical Analysis in a CMC Environment

As described in Chap. 1, CMC statisticians work directly with individual subject
matter experts (SME) from other areas of science. In this section, we describe a
typical example of this interaction from the viewpoint of the statistician. Here
“statistician” is defined as the person who is responsible for performing the required
statistical analyses. This need not be a person with a terminal degree in statistics. The
term “client” is used to represent the SME requiring help in performing the statistical
analysis. The statistical analysis process consists of the following four steps:

. Initial client meeting.

. Planning of statistical analysis.

. Data analysis.

. Communication of results to the client.

AWM —

Each of these steps is now described in the context of an example.
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2.2.1 |Initial Client Meeting

The initial meeting with a client is where everything begins. The goal for the
statistician is to listen to the client and learn about the problem. The statistician
should listen for at least 80% of the conversation, and ask clarifying questions for
the other 20%. This is not the time to overwhelm the client with statistical jargon
and tales of the sophisticated power of a pet statistical procedure. One of the
benefits of being a statistician is that you have the opportunity to work with clients
in a variety of fields. So take advantage of these sessions and learn something new.
You will have an opportunity later in the process to share your expertise in
statistics.

An example of a typical initial meeting is shared below. The statistician, Tom,
has met the client, Noel, in Noel’s office. Noel is a product quality leader who is
responsible for all quality issues related to a particular product.

Tom: Good morning, Noel. How have you been doing?

Noel: Fine. Just trying to keep up with all the work.

Tom: Tell me about it! (Note: There is always the obligatory greeting that suggests
both parties are the hardest working people in the company.) What can [ help you
with today?

Noel: As you know, we are transferring our manufacturing process to Ireland, and
are in the middle of the comparability phase of the transfer. We need to
demonstrate to regulatory agencies that once the process is operating in Ireland,
it will be manufacturing product of a similar quality to our present process with
no risks to patient safety or product efficacy.

Tom: Right. I have helped on these types of projects in the past. What are some of
the details?

Noel: We have produced eight lots in Ireland and want to compare the lot release
values for some of our quality attributes with those we have collected from our
process here in the USA. The two processes don’t have to be exactly the same,
but as [ have already mentioned, we cannot compromise patient safety or product
efficacy. One thing we do to ensure our present process continues to provide safe
and efficacious product is to demonstrate that the average purity is no less than
93%. Anything less than 93% would be sufficiently different from our present
process that I would be concerned.

Tom: Thanks. So if our process in Ireland has a mean of 93% or greater, we believe
the new process is operating as expected. Right?

Noel: Exactly.

Tom: What data do we have available?

Noel: Purity is measured using the reversed-phase high performance liquid chro-
matography (RP-HPLC) main peak. I have these values for each of the eight lots
produced at the Ireland plant. Do you think eight values is a large enough data set
to draw any meaningful conclusion?

Tom: Well, eight lots is better than seven lots but not as good as nine lots. We can
perform calculations with the available eight lots, but the uncertainty may be too
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large to provide meaningful results. You will have to make that determination. If
there is too much uncertainty to be useful, you will need more data.

Noel: Right. We would like to know now if there are any apparent issues at this
point, so let’s see what the eight lots tell us.

Tom: Sounds good.

Noel: T will get the data to you as soon as possible. I know you like the data in a
certain format. Can you remind me how to prepare it for you?

Tom: Thanks, Noel. It lessens the opportunity for errors if you get me the data in the
proper format. I would like the data placed in two columns of an Excel spread-
sheet. The first column will be the lot number and the second column will be the
purity value. The first row of the spreadsheet will have the label for each column
and then there will be eight rows of data. Make sure to report the recorded values
for your measurements.

Noel: That doesn’t sound too hard. I will get the data verified and then place the
spreadsheet in the company information system for you to access.

Tom: That sound’s great. What kind of timeframe do we have?

Noel: It should take me about a week to get everything verified, approved, and into
the system. If you could do your magic within a week after receiving the data, it
would give us time to assess the results and move on to the next step.

Tom: That sounds workable. Please send me a note when the data are ready. Talk to
you later.

Noel: Thanks, Tom. I look forward to talking to you again in a couple of weeks.

2.2.2 Planning of Statistical Analysis

After meeting with the client, it is time to formulate a strategy for answering the
research question. To do this, it is often necessary to make a statistical inference.
Statistical inference concerns the ability to answer a question based on a collected
data set. The research question concerns a collection of items called the population
or process output. For purposes of our discussion, a population is a finite collection
of items, such as all vials within a manufactured lot of drug product. A process is a
series of actions or operations used to convert a set of inputs into a set of outputs.
The process output over a fixed interval of time constitutes a population of items.
When thinking of a process, we often want to make a statement about future items
that will result if the process operates in a manner consistent with the observed data.
In CMC applications, we are often interested in process outputs where one set of
outputs is created with an existing process and the other set of output is created with
a new or improved process. The planning of a statistical analysis should consider
three components:

1. Statement of the study objective.
2. Data acquisition.
3. Selection of a statistical tool.
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2.2.2.1 Statement of the Study Objective

One result of the initial client meeting is an understanding of the research question.
In order to develop an effective statistical strategy, it is necessary for the statistician
and client to agree on a clear research objective. In working with the client, it is
sometimes helpful to ask them how they intend to use the results of the statistical
analysis. For example, ask the client what action she would take if presented with a
certain outcome of the statistical analysis. Similarly, ask the client what action he
would take based on an alternative outcome. If such questions cannot be answered,
then the research question is not well-defined, and more discussion is needed to
clarify the study objective. The research question in our present example is “Does
the Ireland manufacturing process operate at an acceptable capability?”” One piece
of information that will be used to help answer this question is the process mean for
purity. Once the research question has been clearly defined, the next step is to
determine the most appropriate data to answer the question.

2.2.2.2 Data Acquisition

The following questions are worth consideration in any discussion of data
acquisition.

1. What is the population or process of interest, and how can we ensure the
collected data are representative of this group?
Require an exact definition of the population/process including the time period
of interest. In the present example, Noel wants to know something about long-
run behavior of a process for which eight items presently exist. If it is planned to
run the same process in the future, then the eight available lots are likely
representative of future output. The assessment of whether a data set is repre-
sentative is not a statistical question. It requires the judgment of an expert in the
field of application (i.e., Noel in our example).

2. Do the data already exist (observational), or will we have to create it
experimentally?
Although the answer to this question is often based on convenience or timeli-
ness, it is important to understand the different types of inference that can be
made with each type of data. Generally speaking, inferences of a causal nature
require experimental data. That is, if one wishes to provide evidence that
changes in factor X cause change in factor Y, then an experimental data set is
required in order to properly isolate the relationship of Y and X and protect it
from other factors. Although observational data cannot directly demonstrate
causality, it does provide a description of how variables relate to each other in
the “real world.” To better explain in the context of our example, the lot release
data is observational since it was collected as part of the manufacturing process.
It does not require a separate set of experimental studies to generate the data. In
the analysis that follows, we are able to estimate the mean purity of the Ireland
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process. However, if it is lower than desired, we have not learned anything to
help us determine how to increase the mean and improve the process. To do this,
we would likely need a set of experimental studies where inputs of the process
are systematically changed to determine the impact on the mean purity. Data
generated in this manner is an example of experimental data. In the CMC world,
experimental data is generally required in process development, whereas obser-
vational data are used in quality operations.

3. What sampling method is used to collect the data?
It is necessary that the data used for analysis be collected using a valid statistical
sampling procedure. There are many different types of sampling procedures, and
the best approach in any given situation will depend on the structure and
availability of the data. Natural groupings of population items often impact the
manner in which a statistical sample is selected. Consider the following exam-
ple. As part of a method validation study, four plates are prepared, each one
containing three aliquots. Measurements made on the three aliquots in the same
plate are typically more similar than measurements of aliquots in different
plates. For this reason, the statistical analysis must account for this relationship.
Had the 12 measurements been collected using 12 plates with one aliquot each, a
different statistical analysis would be performed. The larger physical units (plate
in this example) are called experimental units, and the smaller units (aliquots)
are called observational units. Observational units are what are actually mea-
sured. In many situations, the experimental unit is the observational unit. As
noted, it is always important to identify any grouping of observational units in
order to perform the correct statistical analysis.

4. How are the variables defined and measured?
A variable provides information of interest about each individual item in a
population. Variables can provide a number (quantitative variable) or a category
(qualitative variable). It is important that all variable definitions be included in
the statistical report. In our present example, the variable assigns a number that
represents lot purity as measured by the RP-HPLC main peak. We might label
this variable “Purity.” Each variable in a study must be measured for each
sampled item.
When one measures the value of a continuous variable, the measured value is
never exactly equal to the true value. The difference between the measured value
and the true value is called measurement error. We say that a measurement
procedure is unbiased if there is no systematic tendency for the procedure to
underestimate or overestimate the true value. For example, if the weight of
100 people were measured using an unbiased scale, we would expect the
reported weight to be greater than the true value for some people and less than
the true value for others. On average, the error in measurement would be
essentially zero. However, if the scale is not calibrated properly, it might
consistently yield readings that are lower (or higher) than the true weights. In
such a case, the scale is said to be biased.
In addition to having a small amount of bias, a good measuring device is precise.
Precision concerns the reliability of a measurement procedure. If one measures
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the same item several times, it is hoped that the measurements are more or less
the same each time and do not fluctuate wildly. Measurement procedures that
exhibit little variability when measuring the same item are said to be precise.
One of the reasons that analytical procedure validations are performed is to
ensure that the bias and the precision are acceptable. Chapter 6 concerns the
validation of analytical procedures.
Another question to ask concerning quantitative variables is whether the numer-
ical values are recorded to enough decimal places to allow a meaningful
analysis. It is recommended to always perform calculations with recorded
data, rather than data that have been reported to a lesser degree of accuracy.
More on this topic is provided in Sect. 2.3.

5. What sample size is required to provide a useful analysis?
This is probably the most frequent question asked of a statistician. The statisti-
cian can never answer this question in isolation. It always requires interaction
between the client and the statistician. The thing to remember is that as sample
size increases, then uncertainty in the statistical inference will decrease. At some
point, one must balance the cost and time of selecting additional sample items
against the risks associated with an uncertain decision. In many CMC applica-
tions, sample sizes are small because a single item, such as a production lot, is
produced infrequently or is extremely expensive. Valid statistical analyses can
be performed with relatively small data sets, but it is important to report the level
of uncertainty in order to fairly represent the usefulness of the conclusions.

2.2.2.3 Selection of a Statistical Tool

Once the research question is well defined and the relevant data have been identi-
fied, it is time to select a statistical procedure to help answer the research question.
For the Ireland manufacturing problem discussed earlier, it is necessary to estimate
the mean of the new process using the data set of eight values. We will use the
sample mean of eight production runs to provide a point estimate of the true process
mean. A point estimate is useful, but we need to recognize that it is based on only
eight process lots. Thus, a point estimate has uncertainty associated with it. One
quantifies this uncertainty by computing a statistical interval that provides a range
of possible values. The various types of statistical intervals are introduced in
Sect. 2.5. For the present example, a confidence interval is the appropriate statistical
interval. A confidence interval contains the true unknown value of the purity mean
with an associated level of confidence (e.g., 95%). The confidence level of 95%
describes the ability of the confidence interval to correctly capture the true value of
the purity mean. More discussion is provided on the interpretation of the confidence
coefficient in Sect. 2.5.1.

In our example, if all values in the confidence interval exceed 93%, we will
conclude that the new process has attained the desired mean. Now that our strategy
has been determined, we wait for the data.
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2.2.3 Data Analysis

Data analysis consists of both graphical representation of the data and numerical
description. Data analysis consists of the following operations:

1. Obtain the data.

2. Plot the data.

3. Estimate the unknown quantities of interest.

4. Quantify uncertainty in point estimates using a statistical interval.

We demonstrate this process within the context of the previous example.

2.2.3.1 Obtain the Data

The big day arrives and Tom receives an email that the data are ready for analysis.
The data are presented in Table 2.1.

True to his word, Noel provided the data in a format that is amenable for
performing the statistical analysis. Each column in the table represents a variable.
The name for each variable is found in the first row. For example, the first column in
Table 2.1 reports values for the variable “Lot.” The variable “Lot” is a qualitative
variable because the values assigned are categories. The variable “Purity” in the
second column is quantitative or numerical. Since the unit of measurement for
purity is a percentage, it can assume any numerical value between 0 and 100%,
inclusive. Each lot is represented by a single purity value as reported by the lab.

2.2.3.2 Plot the Data

Lynne Hare is a well-known statistician who established a rule that should be
followed in every data analysis. The rule is termed the “Always, always, always--
without exception rule” (AAAWER). The AAAWER is simple—Plot the data.
Some years after creation of the AAAWER, he added the corollary—*and look at
it.” It is an old adage that a picture is worth a thousand words, but it is really true in

Table 2.1 Purity measures
(%) from the Ireland process

=
=)

Purity (%)
94.20
92.68
94.47
94.14
95.17
94.47
94.14
95.17
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Fig. 2.1 Plot of purity data (%)

data analysis. Most learnings are obtained by simply plotting the data (and looking
at the plot). We begin the analysis of the purity data by constructing a plot. The plot
is shown in Fig. 2.1.

Recall that the objective of the study is to determine if the process mean in
Ireland is at least 93%. Looking at the plot, all of the purity values except one
exceed 93%, so it is clear that the mean of the eight values exceeds 93%.

Note that the purity values are all different. It is useful when looking at data to
ask yourself the question, “Why aren’t these values all the same?” There are two
primary reasons why these eight values are not all equal.

1. There is expected variation from lot-to-lot for any manufacturing process.
2. There is measurement error in the data.

As in this example, most variables encountered in CMC applications are
impacted by variation from both the manufacturing process and the analytical
(measurement) method.

Another aspect to note about the plot is that Lot B is somewhat removed from the
other seven lots. Points that are inconsistent with the rest of the data are called
outliers. Outliers may arise due to coding errors, or perhaps due to some unique
event that occurred during the manufacturing of a particular lot. The SME should be
consulted immediately to discuss possible reasons for any detected outlier. Sec-
tions 2.4 and 2.12.2 provide more discussion on the statistical definition and
identification of outliers.
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Table 2.2 Definition of parameters

Parameter symbol Interpretation

U Process mean at Ireland site

(Lower case Greek letter “mu”)

2 . .
o Process variance at Ireland site

(Lower case Greek letter “sigma” squared

c Process standard deviation at Ireland site
(Lower case Greek letter “sigma”)

2.2.3.3 Estimate the Unknown Quantities of Interest

As discussed earlier, one objective of a statistical analysis is to make an inference
(conclusion) about an unknown characteristic of a population or process. Both
populations and processes are described by summary measures called parameters.
The parameter of interest in the example is the process mean. The values of the
eight completed lots represent a sample of all process outcomes. One can compute
the mean for the eight lots in Table 2.1, but since this is only a sample, one cannot
know with certainty the exact value of the true process mean.

It is a convention in the statistical literature to represent an unknown parameter
value with a Greek letter. Table 2.2 shows Greek notation used to represent three
parameters in the example. Think of the Greek symbol as you would an acronym. It
is simply a shorthand notation to replace all the words in column 2 of Table 2.2.

Let the measured value of the variable “Purity” for lot i be represented as Y.
Since there are eight lots, the index i goes from 1 to 8, inclusive. The sample of
eight measured values is represented as Y1,Y5,...,Ys. The sample mean is com-
puted by adding all eight values and dividing by the number of values (8).
Representing as a formula we have

n

Sy

;o 94204 ---+495.17
oon 8

= 94.305% (2.1)

where 7 is the sample size. Summary measures computed from a sample such as ¥
are referred to as statistics. A point estimator is a function of one or more statistics
used to provide a “best guess” of the true (unknown) parameter value. For example,
the sample mean Y is the point estimator of the true and unknown process mean, u.
The realized value of Y, 94.305, is the point estimate for p.

A point estimator for the process standard deviation, o, is the sample standard
deviation

8—1
= 0.780%. (2.2)

B \/(94.20 —94.305)> + - - - + (95.17 — 94.305)*
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The square of the standard deviation is called the variance, and S is the point
estimator for ¢°.

The point estimate for the process mean, 94.305 %, exceeds the required value of
93%. However, we must ask the question, “How close to the true value of y is the
estimate?”’

2.2.3.4 Quantify the Uncertainty in the Point Estimates Using
a Statistical Interval

Point estimates are useful, but they do not tell us anything about the uncertainty
associated with the estimates. Recall we are sampling only eight lots from the
process, and we wish to make an inference concerning future lots. The best way to
quantify the uncertainty in this example is to compute a statistical confidence
interval. For this example, the following formula provides a 95% lower bound on
the true process mean (see Eq. (2.8) later in this chapter).

_ S
L=7-1 =, 2.
895 x = (2.3)

In our example,

0.780
V8

The 95% lower bound exceeds the 93% criterion, providing statistical evidence
that the process mean will exceed 93% if the process continues to operate in the
future as it has in the past.

L =94.305—1.895 x

— 93.78%. (2.4)

2.2.4 Communication of Results to Client

The data analysis is complete and now it is time for another visit with the client.
Unlike the first visit where the statistician took the role of listener, the statistician
now assumes the role of teacher.

Tom: Good morning, Noel. How have you been doing?

Noel: Great. Good to see you again, Tom. What can you tell me about the analysis?

Tom: As you will recall, we wanted to see if the new process has a mean greater
than or equal to 93%. I looked at the sample of eight lots you sent me and
computed an estimate of the new process mean. My conclusion is that the new
process is expected to have a mean no less than 93.78% with 95% confidence.
Since 93.78% exceeds your requirement of 93%, we can expect the new process
to deliver the desired level of quality.



