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Abstract

The pharmaceutical industry is undergoing rapid change and facing numerous challenges,
including the demands of global competition, the need to speed up the drug development process,
and the Food and Drug Administration's (FDA's) expectations for the incorporation of the
principles of quality by design (QbD) and process analytical technology (PAT) in process and
analytical development. Statistical thinking and methods play a significant role in addressing
these issues. This article provides an overview of the use of statistical thinking and methods in
the R&D and manufacturing functions of the pharmaceutical industry. The exposition includes the
history of pharmaceutical quality and regulation, phases of pharmaceutical development and
manufacturing and the basic quality and statistical tools employed in each, emerging statistical
methods, the impact of statistical software and information technology, and the role of
statisticians in pharmaceutical development and manufacturing. Four case studies are included to
illustrate how these issues play out in actuality. A summary provides a succinct synopsis of
those issues and concludes that the complex, technical nature of pharmaceutical development
and manufacturing offers many opportunities for the effective use of statistical thinking and
methods and that those who use these methods can become catalysts for both process
development understanding and product quality improvement.

KEY WORDS: Design Space; Drug Manufacturing; FDA; ICH; Opportunity; PAT; Pharmaceutical

Industry; Quality by Design; R&D; Statistical Methods; Statistical Thinking; Technical Change



Introduction

Statistical concepts and tools have been successfully applied fadedea such
sectors as chemicals, automobile manufacturing, and computer chyfaestanng, but
their use in the far more regulated pharmaceutical industrgepi® some unique
challenges. For example, many pharmaceutical companies édsitiatvest heavily in
large-scale manufacturing process quality before a drug is apbrfovemarketing,
because failure in the clinic means prodfature. Because time from inception to
clinical approval may span 12-15 years, 60-75% of product patent lifdhanee expired
by the time the Phase Ill (confirmatory) trials have been ceteqpl Even after a
successful set of Phase IlA (dose determination) and Phagar¢i& Of concept) clinical
trials are completed, 40-50% of product patent life may haveezkpin addition, one in
three drugs is expected to fail in Phase | (first time anntrials for assessing safety,
tolerability, and drug blood levels. Pharmaceutical companiesthenefore under
considerable economic pressure to file for approval of the newagplgcation (NDA)
with regulatory authorities as soon as possible after completiogessful Phase Il
clinical trials, when a considerable amount of money must be ed/@sfproduct launch.
As a result, quality and process understanding initiatives nompete for time and

money with potential losses from considerable 'at-risk’ development astiviti



Nevertheless, a number of factors are converging to increase the need for
sophisticated, statistics-driven approaches to quality and process undersiatiting

pharmaceutical industry, including:

Regulatory trends. Recent regulatory guidelines from the Food and Drug
Administration (FDA), the European Medicines Agency (EMEA), and the
International Conference on Harmonisation (ICH) encourage sciafitifltased
approaches to quality and compliance. Implementing the concepts echtwodi
those guidelines — Process Analytical Technology (PAT), QualtyDesign
(QbD), and Design Space — will require new, more statisticgityrous and risk-

based ways of doing things.

The inherent characteristics of pharmaceutical manufactumg. Many of
these inherent characteristics — and the challenges thegnpre clearly call for
the increased use of sophisticated statistics-driven approacbesexdmple, in
most other manufacturing industries, product specifications aréycleed to
product performance. In pharmaceuticals, however, it is diffitultightly
connect, say, 'tablet dissolution' rates to drug efficacy amtlysayer a vast array
of potential product users, each with different body size, agetyldegenetics,
and drug-metabolism chemistries. Furthermore, pharmacecticgdanies must
maintain quality in a many-step production process that sreateomplex
molecule that must have the proper molecular structure and beffreious

chemical impurities or biological contaminants. In addition, up to nowe tes



been a lack of incentive for continuous improvement in pharmaceutical
manufacturingafter regulatory approval. This is due primarily to the fact that
substantial changes in the manufacturing process or recipe ecglarmal
regulatory approval. But, new regulatory guidance has been reasmntiduced

to provide more flexibility with regard to continuous improvement in
manufacturing. However, pharmaceutical manufacturers will kmetdw clear
process understanding and prediction ability in order to be gramtediexibility.

To meet all these complex challenges, pharmaceutical compae@snoge, not

less, statistical thinking and practice.

Economic pressures.Many companies, faced with thin product pipelines, major
patent expirations, and downward pressure on pricing, now need to cut their
manufacturing costs, improve yield and productivity, and generate botiem-li
savings that can be used to drive growth and innovation. Statisticaien

improvement methodologies found in QbD are critical for success in these.efforts

Increased need for effective technology transferVirtually every drug at some
stage of its development or manufacture must be transferred dnensite to
another. Furthermore, mergers, acquisitions, the rise of “global’rigen¢he
ongoing rationalization of manufacturing, and other factors haveased the
frequency with which pharmaceutical manufacturing organizationsst m
effectively and efficiently transfer products and manufactupngcesses from

one location to another. Cost pressures, market needs, governmeniargulat



tax benefits, and logistic issues have also greatly magnifiedntpertance of
efficient, compliant, and cost-effective technology transfer —thdreit's to a
nearby plant or a site a world away. Successful transferresqai degree of
understanding of products and processes that can be greatly impogved

statistical techniques.

As these trends continue and converge, the role of statistics asticgat will only
grow larger in the industry. To provide readers with a widempgets/e on the status and
use of statistical tools and methods in the pharmaceutical industiy -and in the future
— the sections that follow treat these key issues:

The history of pharmaceutical quality and regulation

The phases of pharmaceutical development and manufacturing and the basic
quality and statistical tools employed in each

Emerging statistical methods

The impact of statistical software and information technology

The role of the statistician in pharmaceutical development and manufacturing

The article concludes with four case studies that illustrate how thess Eayeut in
actuality, and an article summary provides a succinct synopsteaksues and their
implications for the future. This article will not addressisti@al methods or quality in
the conduct of clinical trials. The interested reader shoul€Ckmphas et al. (2006) for
statistical methods in clinical trials and Griffin and O'Grg@006) for a review of

quality in the conduct of clinical trials. Two books that reviewtigias in the



pharmaceutical industry more broadly are by Millard and Krause J20@lLBuncher and
Tsay (2005). A list of key abbreviations and acronyms arengivéhe Appendix at the

end of this article.

History

To understand the forces that have shaped the use of statisptgrimaceutical
development today, it is essential to understand the history of ¢udatien of the
industry. Although bills to regulate food and drugs were introduced id.BeCongress
as early as 1879, the modern history of pharmaceutical regulatiorbendivided into
two distinct eras: (1) the period of largely reactive legmhathat lasted through most of
the 20" century and (2) the period of science-based regulatory initidtietdegan with
the dawn of the Zlcentury and continues today. Though the two periods overlap to
some extent, the new era, with its emphasis on increased puncksstanding, promises
to be markedly different in terms of industrial statisticaufc A table of key regulatory

events is given in Table 1 below.

The 20" Century: Regulation and Reaction

In the United States the precedent for federal regulation of lwalogroducts was
first established in the Biologics Control Act of 1902, which cameesponse to the
deaths of 13 children caused by a contaminated diphtheria vaccine atehthg of nine
children caused by a contaminated smallpox vaccine. The acedréeg Center for
Biologics Evaluation and Research (CBER, which became one otttters of the FDA

in 1972).



In 1906, the United States enacted the Food and Drugs Act, knovine d¢/iley
Act.” Although the law focused largely on adulterated food, it atemist to prevent
false claims on product labels and to force the acknowledgemembddict ingredients
such as alcohol, opium, and morphine. Drugs that deviated from the stawodflards
strength, quality, and purity as defined in tbeited States Pharmacopoeand the
National Formularycould not be sold unless the deviations from the standards were

disclosed on the lahel

In 1927 the precursor to the current agency dropped all research furanidribe
current name, FDA, was applied in 1930.response to 107 deaths from a poisonous
solvent used in the manufacture of a sulfa drug, the 1938 Federal Food,abDdug,
Cosmetic Act (FDCA) required sellers to prove that their prodwet® safe. The Act
also authorized factory inspections and supplemented penalties to inglud#ions as
well as seizures of product and criminal prosecution. The &849s saw the death of
some 300 people from a contaminated sulfa drug, leading to striebeufacturing
standards, which would eventually come to be known as the Good Manufacturing
Practice standards (GMPs). Also during this period, the FIx&ted batch certification
for some products. This required producers to submit a samplergftateh of product

to the FDA for testing.



Table 1. Key Regulatory Events

Year Event Purpose

1906 Pure Food and Drug Act Prevent false claims

1930 FDA takes its current name Agency is purely regulatory — no research functions

1938 Federal Food, Drug, and Require proof of safety before marketing
Cosmetic Act

1949 First publication of FDA Address the appraisal of toxic chemicals in foods
"Guidance to Industry"

1962 Kefauver-Harris Drug Require proof of efficacy and safety before
Amendments marketing

1987 Prescription Drug Marketing Ensure that pharmaceutical products purchased by
Act consumers are safe and effective, and free from

counterfeit, adulterated, misbranded, subpotent, or
expired drugs.
2004 Pharmaceutical cGMPs for Emphasize risk-based approaches to
the 2F Century — A Risk- development and manufacturing
Based Approach
2004 PAT - A Framework for  Achieve greater understanding of drug
Innovative Pharmaceutical development and manufacturing processes
Development,
Manufacturing, and
Quality Assurance
2005 ICH Harmonized Tripartite Foster quality by design and the understanding of
Guideline: Pharmaceutical design space
Development, Q 8
2005 ICH Harmonized Tripartite Encourage the use of quality risk management tools
Guideline: Quality Risk in all phases of a product’s lifecycle
Management, Q9
2007 ICH Harmonized Tripartite Enhance science- and risk-based regulatory
Guideline: Pharmaceutical approaches.
Quality System, Q 10

Subsequent amendments to the 1938 Act included such provisions as thetamdifica
of “prescription-only” drugs (Durham-Humphrey Amendment, 1951) and mandatory
potency testing of specific drugs like insulin and penicillin. Melaile, between 1938

and 1962, the FDA reviewed some 13,000 NDAs, which led to many advandesyin

safety testing by the agency and the industry.



The 1960s witnessed the birth of some 10,000 deformed infants in Europe from a
compound called thalidomide. The compound was not marketed in the U.S.gbut th
incident sparked new legislative zeal. The Kefauver-Harris imgndments of 1962
were passed to ensure drug efficacy and greater drug shtetyhe first time, drug
manufacturers were required to prove to the FDA the effectiseoksheir products
before marketing them. In addition, testing in animals was retjbeéore any human

dosing and the FDA'’s power to inspect manufacturing facilities was expanded.

In the 1980s, in response to patient advocacy groups, consumer groups, andghe nee
of the industry, a wide variety of laws were passed and regylaforms were enacted.
The Prescription Drug Marketing Act (PDMA) of 1987 was desigieelalt the sale of
counterfeit, adulterated, and expired drugs. The FDA moved to expldiapproval of
drugs for life-threatening diseases such as AIDs and easedsato drugs for patients

with limited possibilities for treatment.

Congress passed legislation that expanded patent protection to atmouime
consumed in the drug approval process. The legislation also eriableghproval of
generic drugs. Other laws required the reporting of adveastions to medical devices
and post-market monitoring of medical devices. The FDA was alsa gdoall authority

over medical devices.



This history of pharmaceutical regulation in thé"2@ntury could be viewed as a
succession of quality regulations, with heavy legislative involverderiving from the
potential for pharmaceuticals to cause harm to human life. adallel, the quality of
product and process in non-life-threatening products has evolved asltaofemarket
forces. Before the industrial revolution, quality was derived largeiyn the skill of
individual craftsmen. Under a system of mass production, it becaameasingly
important for parts to be interchangeable and consistency of pi@uustcame a
necessity for proper functioning. World War 1l drove these tendsrtoi the forefront.
Military production relied heavily on sampling techniques to speedtguabnitoring.

The control charting techniques of Walter Shewhart were applied extensively

Following the war, the United States appeared to lose some qligl#y zeal —
perhaps basking in the luxury of strong consumer demand. The Japamesger,
needed to rebuild their economy. Two Americans, Joseph Juran and W. Edwards
Deming, had enormous impact on manufacturing methods and business pratesses
Japan. The two emphasized a concentration on the process of manufatberethan
on inspection of final product. The concept of manufacturing procesextasded to
include all facets of business relating to production, including thalirdesign and
development, raw material supply, manufacture, assembly, and even timstadtive

activities supporting production.

By the 1970s, Japanese products, largely because of their superioy, dpegjan to

make significant headway in US markets, particularly in aotoles and electronics. US



companies were forced to adopt a greater emphasis on quality, andttiaologies of
both Deming and Juran began to make headway in American organizatid:ss.
approaches to quality, which came to be known as total quality nmarag€TQM),
focused heavily on statistical techniques, as well as employ#eigstion programs.
TQM has spread to nearly all sectors of the US economy. UBhmilitary has adopted
its precepts, as have hospitals, service industries, and, of cdwsautbmotive and
electronics industries. It was this quality revolution that would feaweajor impact on
quality in the pharmaceutical industry arena, helping usher in theer@wf the 2%

century.

The 2T Century: The Rise of Science- and Risk-Based Appathes

The regulatory focus of the FDA and regulatory agencies in mdngy parts of the
world is currently expanding to include a greater emphasis onriwgrttal understanding
of manufacturing processes as the basis for a knowledge-drisieiinased approach to
quality. In the early 2000s, the FDA began a program to focus on itwvicatled
manufacturing science. The FDA defined manufacturing sciescenaompassing
knowledge about products and processes, technology used to manufacture aid contr
these processes, and the underlying foundation of a robust qualtgmsy the
manufacturing site. This represented a clear shift away &dong-standing position of

rigid regulation and inspection to achieve quality standards.

In the FDA'’s eyes, pharmaceutical manufacturing should have repbbelpcocesses

and thereby be able to mitigate the risk of an event that coddténr the public safety.
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The industry and the agency would share knowledge instead of engagiag in
adversarial relationship. Regulatory processes would be propottiotied level of risk,

and regulation would be applied in a consistent and predictable manner.

The knowledge base to support these changes begins in researcbvaloghrdent
and continues though technology transfer and commercial manufacturiagnatibn
related to the active pharmaceutical ingredient (API) and drug grddumulation,
manufacturing processes and analytical methods, critical-taygquyahrameters and
attributes, and product specifications are all key elementsedtriowledge base. With
this knowledge, the firm and the FDA can determine the potentiagviemts to affect
fithess for use (i.e., risk). A product’s risk potential can bessesl through a mutually
developed risk classification system. By sharing risk mitgastrategies with FDA, a
manufacturer may have a product reclassified to a lower risk.cléis is one of the key
benefits of a science- and risk-based approach to good manufgqtuaictices GMPs.
These new approaches to regulation, compliance, and quality were ethbodi series

of guidelines issued to the industry by the FDA and the ICH:

“Pharmaceutical cGMPs for the 2£' Century — A Risk-Based Approach,”(FDA
(2004)) represented a systematic reappraisal of the FDA’s approach uctpyodlity
regulation as a result of, among other things, the agency’'s dexyaasources for
pharmaceutical inspections, advances in pharmaceutical science anfachaing,
advances in the science and management of quality, and the gliotaliatthe

industry. This new approach was guided by several important prinaptek-based

11



orientation, science-based policies and standards, and quality sytknntegrated

innovative approaches to manufacturing quality.

“PAT - A Framework for Innovative Pharmaceutical Development,
Manufacturing, and Quality Assurance” (FDA (2004)) called for a greater
understanding of the drug development and manufacturing processesl, on the
principle that “quality cannot be tested into products; it should be ibudit-should
be by design.” “Process Analytical Technology” was defiasd“a system for
designing, analyzing, and controlling manufacturing through timefasurements
(i.e., during processing) of critical quality and performantebates of raw and in-
process materials and processes with the goal of ensurihgratiict quality.” This
included integrated chemical, physical, microbiological, mathealatiand risk
analysis with the goal of designing and developing processesadiiat consistently
ensure a predefined quality at the end of the manufacturing protessldition to
citing analytical chemistry technologies and chemometrichoukst to improve the
speed and accuracy of quality assessment, the guidance also ultiedriate data
acquisition and analysis tools as well as continuous improvement andekigaw!
management tools. Further, many of the PAT technologies require temgibib
statistical tools such as partial least squares regressiasther latent variable
methods, offering an opportunity for well-trained industrial statestis to contribute

to product quality.

12



“ICH Harmonized Tripartite Guideline: Pharmaceutical Development, Q8,”
(2005) introduced the key concepts of quality by design (QbD) and dgsage (DS).
QbD embodies the principle of designing quality into products and precesber
than testing for quality after the fact, as the pharmaceutidabktry has traditionally
done. Q8 defines “design space” as the “multidimensional condmnatnd
interaction of input variables (e.g., material attributes) andegsoparameters that
have been demonstrated to provide assurance of quality." The guidascengtme
recommend the use of tools such as design of experiments (Da#)iadaveloping
the design space. ICH Q8 also says that "working within th@megace is not
considered as a change,” which means that pharmaceutical marefacan adjust
the process within the DS to make continuous improvements without Iforma

regulatory approval.

“ICH Harmonized Tripartite Guideline: Quality Risk Management, Q9” (2005)
provides principles and examples of quality risk management toolscématbe
applied to all aspects of pharmaceutical quality including developme
manufacturing, distribution, and the inspection and submission/review peecess
throughout the lifecycle of drug substances, drug products, and biologidal a

biotechnological products.

“ICH Harmonized Tripartite Guideline: Pharmaceutical Quali ty System, Q 10”
(2007) outlines the goals of a quality system that can be applidt gbases of a

product’s lifecycle. Where a company chooses to apply QbD and yquisht

13



management linked to an appropriate pharmaceutical quality ngystben

opportunities arise to enhance science- and risk-based regulatory approaches.

It should be noted that at the inception of PAT, it was understood @bt
technology, and in many pharmaceutical organizations statistiaiahgechniques like
design of experiments went unappreciated. Today, however, it is cognexmepted
that QbD is the overarching initiative, and PAT and DoE are arttentpols that can be

used to gain process understanding and monitor processes.

While regulatory submissions relating to drug product manufactuhage
traditionally focused on prescriptive validation and testing procedun@sess on process
design, the increased process understanding pointed to by thieseridry guidelines
could lead to reduced regulatory oversight for drug manufacturing. an leffort to
streamline costs and improve product quality, the pharmaceuticatmpdas become
increasingly interested in working with regulators to moderdizegy development and
quality programs. Science- and risk-based regulatory procesbemnsure that FDA
resources are focused on the highest risk areas and firms are enconreggethhovative
technology to mitigate risk. However, it is incumbent upon the fionsnsure that low
and medium risk areas remain in appropriate state of control,thieme risk classes will

receive less regulatory attention.

Additional historical evidence of the growing importance of statisto the
pharmaceutical industry may be found in the eventual creation abgh&maceutical

Section within the ASA. Initially a subsection of the more gainBrometrics Section,

14



full section status was driven by the need to have a professiayatization to bring
together industry, academia, and regulators to help meet the lgeeciaceds of the
industry. The early leaders in the creation of the subsectiom Jo& Dresner, Charlie

Dunnett, Mike Free, Ron Gauch, Marti Hearron and Joe Meyer.

Below is a short summary of some of the early dbutors to the area of "industrial" statistics e t
pharmaceutical industry. (This is not meant talkefinitive list and we apologize for any inadeait
omissions of names or contribution areas.)

Shein-Chung Chow product stability

Joseph Ciminera control charting, process monigorin

Mike Free product stability

John R. Murphy screening designs, content unifgrmit
product stability, process validation

Earl Nordbrock product stability

Charles B. Pheatt product dissolution

Steven Ruberg product stability

David Salsburg methods comparison

Charles B. Sampson quality control

Jun Shao product stability

Wayne A. Taylor sampling plans

Lynn Torbeck process validation

Early in the life of the Biopharmaceutical Section, the primamg-clinical topics
were those related to toxicology — especially carcinogenicitdies. Process
development and manufacturing issues have only come to the forefrontoetit FDA
initiatives. Professional organizational homes for these topicsuarently spread across
ASA and ASQ. The timeline of the historical development of tloghmrmaceutical

section of the ASA is illustrated by Table 2 below.

15



Table 2. Timeline of the Biopharmaceutical Section of the ASA

Mid 1950s - Statistics groups began to form within pharmaceutical companies.
1967 — The Pharmaceutical Subsection of the Biometrics section of ASA is formed

1970s — Pharmaceutical Subsection works closely with FDA to understand and
implement requirements for “adequate and well controlled clinical invésiga’

1970 — Biopharm Subsection granted full session at the Princeton Conference, late
become the “The Annual Deming Conference on Applied Statistics.”

1976 — Technical sessions of the subsection include guidelines for submissions to
FDA and the consideration of the non-clinical topic of carcinogenicity studies.

1977 — The Midwest Biopharmaceutical Statistics Workshop (the “Muncie meeasng’
established.

1980 — The ASA Board approves the creation of Biopharmaceutical Section.

1985 — The Biopharm Section holds its first symposium on the topic of long-term
carcinogenicity studies — a crucial non-clinical stats topic.

2005 — The Biopharmaceutical Section is the largest of the ASA’s 22 sections, with
2,000 members.

rto

the

over
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Drug Development, Manufacturing Processes,

and Analytical Methods

Following the discovery of an active pharmaceutical ingredient)(ARhrmaceutical
development takes place along four parallel paths (1) API developf{2edtug product
formulation/processing (3) analytical development, and (4) clinr@ds (Figure 1). The
objective of this work is the submission and approval of an NDA: Qricecal

development begins, it usually drives the time lines for the other three developthent pa

Figure 1. Schematic of Pharmaceutical Development and Manufacturing Presses

Clinical Trials: | Phase | >| Phase IIA >| Phase 1IB_>| Phase Il

Pharmacology >

Phase IV >

Drug approved

Pr_e__ Product development phase i for marketing
Clinical: Animal Toxicolog { and manufacture
API- D Small Scale Process Technology Full Scale
- | DIscovery Process Scale-up Transfer | Manufacture
F lation: Small Scale Process Technology Full Scale
ormuiation: Process Scale-up Transfer {| Manufacture
. Assay Assay Method Quality
Analytical: Developmer> Validation” | Transfer,” || Control

Except in the smallest companies, no individual statistician sporesible for

supporting all four paths. Leaving aside activities in the clexcept as they drive the
other activities, this section treats API development, drug producaenent, and

analytical development, including the statistical methods and tbatsare applied, in

17



pharmaceutical development and manufacture and how these activiiie® fa QbD
paradigm. Although API development, drug product development, and analytic
development are presented sequentially here for the sake of, dlaefyoften proceed in
parallel.

Table 3 shows how API, drug product development and manufacturing agticahal
method development interlink with the phases of clinical studies.r@lagonships are

detailed and discussed in this section of the article.

Table 3. Major Activities for Phases of Pharmaceutical Development for API, g
Development and Analytical Methods

API Drug Product Analytical Methods
Definition The active ingredient in the The medicine as administered to Procedures for quantifying the
medicine the patient (e.g. a pill or injection) amounts of active ingredient or

impurities in either the API or
drug product.

Stages:

Pre-clinical Molecule selection, synthetic Animal studies Determine measurement needs,
route development, creation of select analytical methods,
supplies for animal testing. develop standards.

Phase | Start GMP manufacturing Consider formulation, investigate Analytical method optimization.
process for clinical trial supplies, stability requirements.
investigation of physical
properties.

Phase I Scale-up of chemical synthesis Drug proftumulation Analytical method validation.

optimized, shelf-life studies begin.

Phase Il Clinical trial supply Manufacture of clinical trial Product and process
manufacture, identification of  supplies, scale-up of drug product specifications finalized, process
critical process characteristics, process, shelf-life determination, monitoring (e.g. control charts)
process validation. process validation. established.

Phase IV Technology transfer from R&D Technology transfer from R&D to Product and process monitoring
to commercial manufacturing  commercial manufacturing facility. for statistical control and quality
facility. improvement.

18



API Development: R&D, Tech Transfer, and Manufacturing

The API in a medication or vaccine is the substance or orgatmatmfights the
symptom or iliness that is being treated, or induces immunityet@athogen. After the
discovery of a molecule that has pharmaceutical activity, wodome on this candidate
API to further refine the material, create the manufactysnogess, and scale it up to the

desired production levels for full-scale manufacturing.

Small-Scale Process Development

In the case of small-molecule pharmaceuticals, the firptistdhe chemical synthesis
of the API and the testing of candidate synthetic routes to dekeriné most effective
from a manufacturing perspective. The synthesis process bedinsawpreviously-
patented, or otherwise well-defined, molecule (called the Regul&tarting Material).
One or more (typically several) chemical reactions areopedd in order to produce the
API. Each reaction is called a “step” and each step usuallgiosrither stages, such as

crystallization, filtration, separation and distillation.

Next, work is done to verify what was made and how to make #rget scale — a
move from 2-3 gm to 50-gm batches, which are needed to supptyimoal studies in
animals. Work is then done to move to bigger batches (1-5 kg) using-ssrak|
commercial equipment or scalable equipment (not beakers). Thensadehe studies in

non-rodent species approaching animals closer to man.

19



As Phase | clinical studies begin and preparations are madesforgtin humans,
good manufacturing practices (GMPs) become more stringent. Gaoabytical
development begins for the API using high performance liquid chromatog(&PLC)
methods. These are typically methods used routinely to generate atifommequired for

filing the Investigational New Drug Application (INDA) with the FDA

At this point, drug formulators experiment to see how the API beshavEhey
investigate issues such as the effect of moisture and tempeoattine API, how it flows
(e.q., like salt or sugar), and what process should be used totheiitdblet. The API
manufacturing process is refined by the setting of specdditstby the identification of
impurities, and by process improvements to increase purity (>85%hiApoint, it is
possible to manufacture at 1-5kg levels and higher purity levelslombaerm goal is to

achieve 99.99% purity.

To create GMP API material for humans and define it in thedtgational New
Drug Application (INDA), work is initiated once again on ARladytical methods to
ensure that methods are sufficiently reliable to track API Idpugent. At this point,
however, these methods will not be good enough for use in manufacturing. i§Vor
initiated on the preparation of the Chemical, Manufacture, and ContkC)Cection

for API in the INDA.

20



Process Scale-up
Work can then begin on process scale-up with the goal of getting to 50-100 kg and,

perhaps, larger batches. This work includes the following:
The gross physical characteristics of the API are studileel impacts on particle
size and crystalline structure due to scale-up — and any nebdedes are
identified.
Key operating parameters of larger-scale process are identificdod4edre
developed to measure refined API.
API manufacturing increases to 100—200kg batches. Because the eventual goal is
metric ton level, scale-up is a major issue.
Chemical synthesis validation is needed to validate the APl manufacturing

protocol.

At this point, Phase IIB clinical studies begin. API charasties are used to guide
investigation of various dosage forms (liquid, tablet, sustained edleddanufacturing
options are evaluated. Dosage forms are finalized so the FDA can be infolatied te

the API and how it is manufactured.

With Phase Il clinical studies, APl manufacturing eventualigwg to its largest

scale to date — at least 1/10 of commercial batch size (wlohnaust be determined

during Phase Ill). At the end of Phase lll:

The finished product has been validated, including process and analytical methods.

21



Key process parameters have been identified and specs created.
Batch validation has been completed for the API and final dosage form.
Three or more 1/10scale batches have been produced.

The first batch at full scale has been placed on a stability (shelf bte) te

Validation batches (typically three) go on stability (shelf life) tesfor the API
and final dosage form. Typically, the NDA includes the first validation batdh a

perhaps validation batches two and three.

Technology Transfer
The process is now ready for transfer to manufacturing, wimaip be within the
pharma company or at a third-party contract manufacturer’s Bite.key to this transfer
lies in the technology transfer package for the API. This package includes:
Development report, Material Testing Data Sheets (MTDS), Scalepopre
Validation report
Analytical method development and validation

Quality Control testing procedure

In short, it includes the understanding of the API process developedetdfddone
properly, this will enable the process to be initiated and operafezderily and

effectively at the manufacturing site.
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Full-Scale APl Manufacture
In addition to the operating of the APl manufacturing process and shipping of the
product, some key activities at the manufacturing site include:
Development of process control procedures
Process improvement studies to reduce waste and lead times in all parts of the
API process — from raw material to finished API
Stability studies and process deviation investigations, as needed
Statistical methods and problem solving techniques play a key role in all of these

activities.

Use of Statistical Thinking and Methods

Much of the statistical thinking and many of the methods and tool$ ins¢he
development and manufacture of an APl are the same as those usdgtkerfucals
processes. Also, much of process and product development involves expetione—
the key tool, of course, being DoE. Included are screening experjnognisization
studies, regression modeling, process optimization, and robustness. dtudieslytical
method development, to be discussed more fully below, ANOVA, variancporant
studies and method ruggedness studies are used extensively lasiarestatistical
techniques, including graphics. In manufacturing, statistical psocentrol (SPC) is
used extensively to monitor and improve processes. On the improveiment s
approaches using statistical techniques such as Six Sigraa, Manufacturing, PAT,

Design for Six Sigma, and QbD are increasingly being used.
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It should be noted that the preceding discussion of API applies ¢35 developed
from chemicals, the so-called “small molecules.” Biologics amadcines that are
produced in biological systems are referred to as "largecmeledrugs. Large and
small molecule drug production methods have a lot in common, with thepatinc
differences being that large molecules are associatbédwahy raw materials, numerous
upstream and downstream process steps, a variety of operatingors)@nd numerous
types of equipment. Because large molecule drugs are producedivimogmorganisms,
variability is also higher and viral contamination can be an is3ie associated
statistical methods and approaches used are similar to thoseuseathfi molecule drug

production.

Drug Product Development and Commercial Manufacturg(lSmall

Molecules)

Table 4 describes the important formulation and process developmeiitiescthat
must be performed and the milestones that must be achieved iinprat-activities and
in clinical trials to demonstrate acceptable drug productysafed efficacy to regulatory
authorities. The last column of Table 4 lists standard stafistechniques and
methodologies that are routinely applied in support of the corresponaigg st drug
product development. As previously noted, the progress of cliniadd trsually drives

the timelines and activities of the other paths in drug developmehiding formulation,
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drug product development, commercial manufacturing, and the an&lgsitakes place

throughout.

Table 4.Drug Product Development and Statistical Support

Milestones Activities Statistical Support
Nominate an API for Discover the API and perform various Multiple comparison techniques for combinatorial
clinical development pre-clinical studies chemists; analysis of genomic data; design and

analysis of animal safety studies, etc.

Perform Phase | clinical
studies

Determine Phase | dosage type (e.g., Analysis of historical data; statistical thinking

liquid, capsule, tablet [or new (design and analyze experiments)
technology])
Excipient* compatibility studies Design and analyze experiments

(*Excipients are ingredients which help to keep
the tablet intact in storage and then to dissalve a
a particular rate after ingestion by the patient.)

Accelerated stability studies Regression analysis

Perform Phase IIA (dose
ranging) and IIB (proof of
concept) clinical studies

Determine Phase Il dosage type (new Analysis of historical data; statistical thinking
technology) (design and analyze experiments)

Evaluate excipient compatibility (if not Design and analyze experiments
performed previously)

Develop Phase Il dosage formulation Design antlyaedactorial and/or mixture
experiments

Develop Phase Il manufacturing Design and analyze factorial and/or response
process surface experiments
Stability studies Regression analysis
Perform Phase Il clinical (If necessary, determine Phase Il (Design and analyze experiments to investigate
studies dosage type) scalability and/or economic concerns with Phase I
dosage type)
Develop and/or scale Phase Il dosageDesign and analyze factorial and/or mixture
formulation experiments
Develop and/or scale Phase Il Design and analyze factorial, mechanistic, and/or
manufacturing process response surface experiments
Develop PAT applications Multivariate analysis

Transfer technology to commercial ~ Write reports and consult
manufacturing division
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Table 4.Drug Product Development and Statistical Support (continued)

Milestone Activities Statistical Support
Submit New Drug Develop and/or scale commercial Design and analyze factorial, mechanistic,
Application formulation and process mixture, and/or response surface experiments

Define Design and Knowledge SpacesDesign and analyze product and process

for DP formulation and process understanding experiments
Conduct ICH campaign Analyze ICH stability studies (set expiry)
Produce Commercial Establish QA procedures Assess process capability and establish Quality
Product Systems to control the process (SPC, PAT,
establish sampling plans, etc.)
Monitor DP stability Analyze data from annual stability lots
Improve the process Data mining, DoE, Six Signcanéjues, Lean

techniques, JIT manufacturing, etc.

Pre-Clinical Activities

Statistical support during the pre-clinical phase might bestdbscribed as
“biological” statistics. The analysis of genomic and biomarkéa da/olves statistical
genetics and the myriad statistical techniques that have deatoped for microarray
studies. Special statistical models are often applied to datadnimal safety studies,
including dose/response and Pharmacology, Distribution, and Metabolisv g2dies.
In addition, industrial statistical techniques like factorial expental design are
sometimes used in animal studies, while multiple comparison andvamidte modeling
techniques are routinely applied to combinatorial chemistry probledree a newly-
discovered drug — a New Molecular Entity (NME) or New Chemigality (NCE) —
enters Phase | clinical trials, the statistical support providgzharmaceutical scientists
involved in product and process development can best be described

“industrial/engineering” or non-clinical statistics.
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Phase | Formulation and Processing Activities

Most Phase | drug products fail. For this reason, the product amokssr
development work performed during Phase | (where human safety datah@&althy
volunteers is first gathered) varies from company to company\ardfeom product to
product within a company. As with all development work in the pharmaceuticalnmpdust
activities are performed “at risk” (i.e. "at risk of the diugduct not being approved by
regulatory authorities due to adverse side effects or lackfich&f observed in the
clinical trials) while clinical data are being gathematt statistically analyzed. Simple
drug products (for example, API dissolved in a liquid or APl powder capsule) are
often used for Phase | clinical trials. However, depending upon byludond other
properties of the API, sometimes more sophisticated (or even lreagh) technologies
need to be employed during Phase | in order to enhance dose deliS&atistical
experimental design is often not needed for process developmens antesv delivery
technology is being developed. Product development during Phase llyypadresses
stability issues. Excipient compatibility studies (often usstgtistically designed
experiments) are performed on various drug product formulations in traemnimize
formation of new impurities, while accelerated stability stadiemploy regression

analysis to estimate the shelf life of the API and various drug product fdromsla

Phase Il Formulation and Processing Activities
Even though many Phase Il drug products fail (due to safetyica®ffissues when
administered to the patient population), a significant product and groeslopment

effort occurs during this period. Depending upon the length of theePheclinical
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program, a company may wish to use drug product many monthstafteamufacture.
Formal stability studies are conducted at room temperature gnelsseon analysis is

used to assign expiry dates to clinical lots.

For purposes of this discussion, it will be assumed that the drug preduizblet. In
the simplest case, the API is blended with excipients (inactyedients like binders,
disintegrants, and lubricants) and then compressed into a tablet ¢dinggression). In
the most complex case, blends are milled and milled blends arailgred (roller
compacted and milled) before compression. Figure 2 shows a schemattableting
process. The active ingredient (API) and excipients come w@gethder specified
conditions (process variable levels) to produce the final tabletythatake to treat a
symptom or disease. The quality and characteristics of the @ialealso affected by
environmental variables. The goal of course is to find the riglafsgierating conditions,
API levels, excipient levels that will produce a tablet whicth meet specs and be robust
to variations in the environmental variables.

Figure 2. Tableting Process and Its Variables

Process Variables

Blending Time and Temperature
Compression Speed and Force
Coating Air Temperature and Moisture
Water Addition

b

—» Dissolution
API —» —» Content
Blend —» Compress —»Coat —P»Package Uniformity
Excipients —»| — Yield

T T T Waste

Environmental Variables

* Ambient Temperature and Humidity

« Blending and Compression Rooms

* Raw Material Lot
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Combinations of factorial, mixture, and response surface desigidtemeneeded to
develop a drug product that processes well, usually at severaf) diesats. (Examples of
good processing include: blends and granulations do not stick to equigheeriinal
product has acceptable content uniformity; the blend or granulatiobecanmpressed
into a tablet with a force that is well within the toleranoéshe tablet press). Different
manufacturing processes (for example, dry versus wet granglatioaven different
technologies (for example, direct compression versus granulation/essigr) may need
to be compared. The beginning of the QbD process occur in Phase I, if not sooner, when

product and process understanding are documented and risk assessments are undertaken.

Phase Il Formulation and Processing Activities

The likelihood of a successful New Drug Applicatior.( approval from regulatory
authorities) increases substantially, once Phase IlIb clinitals thave concluded
successfully. The pharmaceutical company must now risk hundreddiohsdf dollars
to gather and analyze all of the clinical and Chemical, Manufaauae Control (CMC)
data required for the regulatory submission — the Common Technical Bot(@TD) —
with the hope that the results from the Phase Il clinicalstreand the information
contained in the CMC section of the CTD convince both the companyhanddulatory
authorities that the new medicine provides value to society (here tis sufficient

differentiation from existing therapies and the risk/reward profile apgemeficial).

Depending on dosing requirements, dose-delivery efficiency, drug prethixlity,

and manufacturing issues, the Phase Il drug product will need nonamajor
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reformulation and/or reprocessing (including processing by a new fberedit
technology). At a minimum, mechanistic or empirical statisttoadels are used to
increase the scale of production (i.e., the batch size). At walisthe tools in the
industrial statistician’s toolbox will be needed to help develop a temhnology or
technological application quickly, since NMEs are patent-protectecrily 20 years
after discovery and drug product development (including clinical xnwately takes less
than 8 years and frequently takes 12 or more years. Once agaibjnations of
factorial, mixture, and response surface designs are often neededetop a Phase Il
drug product that processes well at a larger scale (appr@yniQ0 kg) at all dosing
levels determined in Phase Il clinical trials. In addition, ves@acomponent analysis is
used to evaluate blend uniformity and final product uniformity (“eotuniformity”),
and to resolve any differences found in these measures of uniformpkgparation for
development of a commercial dosage formulation. Control chartshmagt up at key
unit operations, not only to improve process control, but also to provide ohttialfor
commercial manufacture. Also, PAT work may begin, if the compasires and if the
drug product is amenable to state-of-the art PAT technology. stitiains often work
with chemometricians on PAT projects, which typically involve naatiate modeling of
highly correlated predictor variables and responses (so partstisigaares regression
and other relevant techniques are employed). Also at this stagi&glso subject to the
risk that the drug will not be eventually approved, commercial naatwing colleagues
become involved. The statistician consults with the manufactandgR&D colleagues,

as part of the Quality by Design paradigm, and writes statisteports that add to
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product/process understanding and will also provide tables, figureshfanaation for

the CMC section of the CTD.

Commercial Formulation and Processing Activities

As in Phase lll, combinations of factorial, mixture, and responsacgudesigns, as
well as mechanistic modeling, may be needed, to some degree, rincodéeelop a drug
product that processes well and robustly at commercial scatsh (biaes well over 100
kg and very fast processing speeds). Experimentation on the caalrfe@raulation has
two major objectives: assuring a successful validation (where kdgelof Chemistry,
Manufacturing, and Control is demonstrated to regulatory authgmtnescompleting the
QbD documentation for the NDA submission. The shelf life of the draduct (at least
for its first few years on the market) is established usggession analysis of data from
the lots that represent the commercial product and process. Aljdirese activities are

undertaken “at risk,” since the results from the Phase lll clinicas taiad still not known.

If the results from the Phase llI clinical trials app@asupport a successful NDA, the
CTD is written and submitted. During the approval processic@lly, one or more
years), the commercial manufacturing division produces enough drugcptodueet the
expected world-wide demand for several months (subject to thethakthe NDA
submission is not approved). During this time period, important data oresgroc

robustness and predicted process capability are generated.
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If the NDA submission is approved, then the company is allowedItidsssptoduct in
the United States, subject to FDA regulation and (unannounced) imspecdieparate
submissions are needed for the EU, Japan, and other markets prbDdugt stability is
monitored in real time throughout the lifecycle of the medicine ahd“out of
specification (OOS)” events are investigated. The manufactptangs are allowed to
manufacture within the design space and even to modify the desgmthpaugh further
gains in product/process understanding. At this point, industrialtisiatis can assess
process capability and establish quality systems to control ticegs. Also, data mining,
DoE, Six Sigma techniques, Lean techniques, just-in-time manufagtiuolutionary
Operations (EVOP), and other approaches can be used to reduce igriafgrove

efficiency, and otherwise improve the process.

Drug Product Development and Commercial Manufacture (Large Moécules and

Vaccines)

The primary difference in drug product development between large ulec
biologics and vaccines relates to the route of administratidheoproduct, and to its
stability. Most biologics and vaccines are injectables, and musiipelated to cause a
minimum amount of discomfort to the patient. Some formulation composeants as
salts produce stinging. These are necessary, however, to akilzstthe molecule
throughout product shelf-life. Some vaccines such as live attenuaisdsaiccines must
be stored refrigerated or frozen, and many undergo a formulationspraadled

lyophilization, which is freeze drying under carefully controlledperature and pressure
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conditions. Similar to development of small molecule formulation, langkecule and
vaccine formulation is expedited through the use of multifactor nesfigexperiments.
Another key area of statistical support is stability studyighesand manufacturing
modeling. For some of the less stable vaccines, releasécqers and manufacturing
targets must be supported by strategic, sometimes innovativetygtatd manufacturing
studies, in order to obtain reliable data to establish a releasecgowhich guarantees
safe and effective product through expiry, and to establish a reobastfacturing

process.

Another feature unique to large molecule pharmaceuticals and gadsimelated to
the complexity of their structure. These products can not usbaligomprehensively
characterized, and therefore process or facility changes rnesuarefully designed
comparability studies. The industrial statistician may work thie engineers to design

an efficient and effective study.

Analytical Methods

Analytical methodsare used by pharmaceutical manufacturers and regulatory
authorities to help guide development and to characterize and control pyodaict!
distribution of drugs, biologics, and vaccines to the public. Most methredssad to
help demonstrate the quality of product, its potency, and purity. Swtieods serve as
surrogates for clinical outcomes, while others help guararwesistency. Methods
evolve over the course of development in correspondence to need and regulatory

requirements.
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Types of Methods

Methods range from measurement of physical characteristiasdadig, to chemical
composition, to biological activitin vivo. Primary among these are chemical methods,
which are used to ascertain the identity and quantity of tinedogredient of the drug,
along with impurities that have been introduced through the manufacfuoogss, and
degradants which form as a result of the transformation of thetdrother chemical
species. The standard in the industry for measuring the amount oindeugablet,
capsule, or liquid is high performance/pressure liquid chromatogi&fLC). HPLC is
used to separate components of a mixture by using the interacttoreebdhe substance
being analyzed (the analyte) and the composition of a chromatog@agumn through
which the mixture is transferred. Components of the mixture, whatbde the drug, its
degradants, and other chemical species that make up the tabigtichréxit the column
at well defined times, depending upon the nature of the component/caltensaction.
The identity and amount of the drug in a test sample can be ascertained thrauwsghdhe
a standard preparation or several standards, which act as a roédiboator for the test

sample.

A special case of the use of HPLC in the pharmaceutical iiydisstdissolution
testing of a solid oral dosage form or tablet. Dissolution tessngerformed as a
surrogate for uptake of the drug within the patient. A tabléigsolved in a dissolution
bath, which is subject to stirring, and the quantity of dissolved drugeasured over

time, yielding a dissolution profile. The dissolution profile for stf@&lease drug will
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show a rapid increase in the amount of drug in the bath, whilprtige for a slow-

release drug will be shallower. A criterion for the amount o§dit a fixed point in time
is established to demonstrate that the formulation (the compositigoreressing of the
tablet, including the active ingredient and excipients, as welleagableting) is behaving

similarly during manufacturing, batch to batch.

Other characteristics of a solid oral dosage form such asturgidardness, and
friability (susceptibility to crumbling) are tested using plkgsimethods, such as heat to
drive off moisture, and pressure to measure hardness and friakiléyid formulations

are subject to physical tests such as pH and osmolality.

Large molecule therapeutics such as biologics or biotechnology products (omahoc
antibodies and therapeutic proteins) and immunogens such as gaamntested using
similar methods to those used for small molecule therapeutitger @ethods are used,
however, due to their unique manufacture and complex structure. B®kgil vaccines
are customarily manufactured in cell culture and other biologid@unSome methods
detect the residuals from these processes, such as host catispaoi DNA, endotoxin
(a byproduct of bacterial growth which causes fever), and adventifi@usextrinsic)
agents such as viruses and bacteria. Other methods measure dgedli@lctivity in
cells or in whole animals. These bioassays are necessaydeeof the complex nature
of biologics and vaccines, which are not amenable to simple chewnicphysical
characterization. They may also serve as a surrogate fmtiegness in the patient

population.
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Methods using more complex technologies are entering the arsénahe
pharmaceutical industry. Spectroscopic methods, which utilize teeaation of light
and matter, are highly specific tools for identifying chemispécies and are being
developed as high throughput tests of drug content. Equally speafs; such as a
polymerase chain reaction (PCR), are used to measure biolsp®aks such as RNA

and DNA as drugs or byproducts of biotechnology processes.

Use of Methods
These and other methods are used throughout drug development and intocgalmmer

manufacture and release. Analytical methods are used duringddugjopment as
metrics of product quality and/or consistency. Methods that akedi to clinical
outcome, such as those that measure dose, potency, and purity, aretasetbts that
are studied in clinical trials. This helps assure the safety effectiveness of these
clinical materials and serves as a link to the manufactae @ntrol of future
commercial materials. Other methods, which measure consistehaynaterials
throughout the manufacturing process, or of final product, are used tm alk

development of the manufacturing process.

As development proceeds, methods are added, deleted, refined, or dieplace
depending upon the needs throughout development. A method might be added in lat
development when it has been determined that it would help improvesprdow or

product quality and consistency. A method might be deleted if it has determined
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that the need is diminished or if the process is robust and doeguiter analytical
control. Methods are refined and updated throughout development, in correspdodence
the importance of their use and regulatory expectations. Ifiaalalytical technologies

are evolving, providing faster, more reliable tools that bettert imeginess and patient

needs.

In addition to being used in process development and release ofatsai@riclinical
use, analytical methods are used to establish the stabilitpoégs intermediates such as
API for drugs and bulk product for biologics and vaccines, as wdihakformulated
and packaged product. Methods are used to study the impact of fagtdr as light,
moisture, and heat that may cause the drug to degrade or a bmiegiccine to become
inactive. Such studies guide formulation development and the need d¢@l gaekaging.
Other studies measure product over time at normal and acceleasigithg and storage
conditions. These studies ultimately serve as the foundation fomiletey shelf-life of

a drug, biologic, or vaccine.

At the end of the development and prior to licensure, the accumulatechation
from nonclinical and clinical studies is used to develop speciigstiand a control
strategy for the product. Specifications as defined by the ICH guidaticleslés a list of
tests, references to analytical procedures, and appropriatptauoe criteria with
numerical limits, ranges, or other criteria to describe #seilt of the test. These are
legally binding and are the foundation for releasing product to thkemaimhese may

also be developed in accord with stability data to guaranteeygtraiughout the shelf-
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life of the product. In addition to tests and limits for releasprotiuct, these may be
used to monitor the process and product for shifts and trends over tee oblong-term
manufacture. Thus control or alert limits might be establishedhforesults from an
analytical method, which trigger an investigation of the manufactynoegess when
these are breached. Finally, PAT — a key component of Qualitdsygn — uses
advanced technologies such a near infrared (NIR) spectroscopysomaelose in tablets,
providing opportunities to adjust the process in real time, as welended sources of

information and evaluation.

Method Development

Methods are developed and modified throughout the lifecycle of theigrod here
are many opportunities for statistical input during the method denednt process.
These will be highlighted together with the scientific and operat aspects of method

development.

Method development entails the identification of a property that needsurement
(such as dose, purity, activity, etc.), an instrument for undertéfk@measurement (such
as HPLC, Karl-Fisher, bioassay, etc.), and the design of thethe The latter typically
involves determination of a method for translating the output of theument into a
meaningful measurement of the desired characteristic, and compahehts method
(replicates and preparation of test samples, standards, and contiss will be
illustrated using aim vitro binding assay to establish the potency of a vaccine. Vaccines

induce protection through stimulation of the immune system to produd®dies. The
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antibodies then bind to the immunogen (an antigen) and subsequently thee disea
pathogen, thus neutralizing it and preventing disease. This sam@lericen be utilized
in vitro, by measuring the capacity of a test sample of a vaazibhmd to the associated
antibody. One version of an antigen-antibody binding assay is & blinging assay. A
sample (antigen) is incubated together with the antibody, whigbuiglly attached to the
surface of the well of a plastic plate. After a suitableogeof incubation, the excess
sample is washed away and replaced with a solution containingnieeasdibody with a
"tag" (usually a chemical which upon chemical reaction develops ¢ola with a
specific wavelength). A second incubation occurs with the tag;hwiki also washed
away; then the chemical which induces color is added, and the iptehsite color is
recorded by an instrument. The degree of intensity is proportiontilet amount of

antigen in the test sample.

Now the sample can be tested alongside a standard in a concentration series,
generating simultaneous concentration response curves for the serties @ig

Figure 3. Concentration Response Curves
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The data from the curves is analyzed to determine the horizdnftabstween the
similarly shaped curves. This shift is called the relativeruyt€RP) of the test sample

(curve to the left) to the standard (curve to the right).

There are several mathematical and statistical elenoéntss bioassay method: (1)
what function should be used to fit the test sample and standard;c(#yavhat if the
variability is different across the response range; and (3) howodoagsure that the
curves are similar in shape? A function, which is customarilyzed to fit the
concentration response curve, is called a 4- or 5-parameteridofd&tL or 5PL)

regression function:

a—d

(zya,be,d g)=d —.
f(z;a,b,c,d, ) ¢ {1—!— (219 — l:le—b{:r—c] ;|9I

The 5-parameters of the 5PL function are the upper asymptdie sigmoid curve
(a), the lower asymptote of the curve (d), the slope of thetiodgransformed linear
model (b), the concentration at the midpoint (50% point) of the curve (c), and a parameter
describing asymmetry of the curvg).( The function reverts to 4PL fg=1. Standard
nonlinear curve fitting can be applied to the data; however, there lmuat suitable
design to support the number of parameters of the model and tveddnvergence.
(Note that caution must be used with the S5PL as it has avedathigh intrinsic

nonlinearity. See Ratowsky (1989) for details.)
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Frequently, the response variable (Y) has variability, which isegewith increase in
level. Under these circumstances a suitable transformatioweigated analysis should
be employed. A power of the mean (POM) variance function has beensiely
utilized in correspondence with 4PL (O’Connell, Belanger, and Haaland {1992jng
the formula described above, the varianc¥ at a givenx concentration is described by

the following formula:

Var(Y| ¥=s?xf(xahcd §7.
It is then used in the usual fashion to weight the points alongetiression. The
approaches of variance stabilizing transformation and weightdgsanasing the POM
variance function correspond #te square root transformation amd %2 (Poisson error)

andthe log transformation argl= 1 (exponential error).

Once a design and a suitably stable function have been establisheshna to
compare the shapes of the test sample and standard curvesbenussolved.
Traditionally, this has been achieved using a reduction in sums ofesqapproach,
where the residual sums of squares from an unconstrained modebh(@epens in the
case of 4PL) and a constrained model with common asymptotes and §fepes

parameters) are compared by F-test.

- ) -
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This has the problem, however, that the test of similarity fail if the data are
highly precise or if there are many points supporting the ditthé curves. Thus the
analyst is penalized for doing good work. Alternatively, it hasnbgroposed that an
equivalence approach be applied to establish similarity in shapesdnethe test sample

and standard curves (Hauck et al. (2005)).

Once a technology and a processing strategy have been selected, methroguhdntel
proceeds to optimization. Many operational and uncontrolled factors influencethsg res
of a method. Standard Design for Six Sigma (DFSS) strategrebe utilized to identify
factors that may affect the method and which may be adjustethi@ve optimal
performance. The analytical scientist and the statistmiark together using tools such
as cause and effect diagrams to map the steps in the angybicass. The statistician
may assist the analytical scientist in harvesting histoiicrmation from similar
methods, which can reveal factors that are subject to optimizatiethod optimization
proceeds as an iterative process of identifying factors they mmpact method
performance. The process uses factorial and fractional fdctiesagns, followed with
response surface designs to establish settings of parartteierield acceptable method

performance.

Newer concepts (newer to the pharmaceutical industry) such as orbperameter
design may be used to develop a method that can withstand the clabémhgeg-term
use and transfer among laboratories. Robust design, which is not mesustry, has

been called Taguchi design in other industrial sectors (Nair (199Rpbust design
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combines factors that can be controlled (e.g., time, temperptdy@nd factors that may
be uncontrolled or vary over time (e.g., laboratories, technicians, coltsinréagent
lots), to identify levels of the controllable factors that ameblst" to changes in the

factors that are likely to vary over time.

In addition to providing processing methods and tools for optimizing assay
performance, industrial statisticians assist testing latwoest in the establishment of
quality control on their methods. Standard statistical process cd&trdl) schemes
(Montgomery (1991)) are used to monitor for trends and excess vayiabilmnethod
performance. Trends or excess variability result in reducedeps capability of the
pharmaceutical manufacturing process and thereby decreased sufiptyapies to the
market. Statisticians work together with the analyticatrggsts to identify parameters
that might earmark poor performance in an assay run. Vigilabmut assay
performance is akin to vigilance about product performance aps8 gaharantee supply
of safe and effective product to the market. An assay pagathet is out-of-trend helps
the manufacturer and regulators distinguish between a producthibaid be withheld

from the market and a measurement that might be suspect due to inadequate control.

The statistician assists the analytical scientist in iy@mg assay parameters that are
sensitive to assay conditions that impact test sample resutsngght thus detect an
influence due to poor method performance. Having identified key perfoaman
parameters, the statistician can provide guidance on strategieslert the analytical

scientist to poor method performance, yet do not set off false alarms.
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Method Validation

Methods used to control pharmaceutical products are required to undeacgdival
in order to demonstrate that they are reliable measures of prqdaildly. Validation
standards are outlined in thinited States Pharmacope{alSP) and the ICH guidelines.
These guidelines specify the parameters requiring validationyedls as validation

methodology.

Method validation parameters include accuracy, precision, spsgifiemit of
detection, limits of quantitation, linearity, and range. Accuracy of an tacalynethod is
the closeness of agreement between the true value of a sardpleeavalue reported by
the method. Precision is the degree of scatter obtained fronplewamplings of the
same homogeneous sample and can be decomposed into short-term yariabilit
(repeatability), long-term variability (intermediate preairg, and inter-laboratory
variability (reproducibility).  Specificity is the ability ofhé method to assess
unequivocally the analyte among other components that may be preskeatsample.
The limit of detection is the lowest level of analyte that bardetected by the method,
while the limits of quantitation are the upper and lower levelsddvatoe quantitated with
acceptable precision. Linearity is the ability to obtain tesults that are directly
proportional to the concentration of analyte in a sample, while risntjpe interval for
which it has been determined that the method has suitable precistoma@dg and

linearity.
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Some measures associated with method validation parametersnamearszed in
Table 5. (See ICH Q2 (R1Yalidation of Analytical Procedures: Text and Methodology
for details. In addition, note that the "geometric relative stahdaviation" is from USP

Chapter 1033 Bioassay validation.)

Table 5. Some Measures of Method Validation

Parameter Measure

Accurac
Y %Recovery = 100-MeasuredAmount

Known Amoun
Precision* : i
(* It is standard % Relative Standard Deviation (%RSD}?OX? %, where s andk
> > X
practice In

pharmaceutical are the sample standard deviation and the sample mean, respectively.
validation to refer ~ OF

.t.(;roe/(’cl?ssi(?nf? Geometric %RSD :100(es - ]) %, wheres is the standard deviation

of log transformed data (for log-normally distributed data).
Specificity No apparent signal in a blank sample or no interference from other
constituents in the sample matrix.
Limit of _ S , I .
detection (LOD) LOD —3.3><6 , Whereb is the slope of the calibration curve aid

the sample standard deviation.

Limit of _anS : I .
quantitation LOQ—leB , Whereb is the slope of the calibration curve and
(LOQ) the sample standard deviation.

Linearity Graphical analysis or the correlation coefficient, root MBtercept

or slope of the regression of signal on concentration.

A validation study protocol should include a detailed description ofvéiidation
study design, together with a listing of validation parametads associated acceptance
criteria. Acceptance criteria on validation parametershinggther represent the usual

performance capability of a parameter (e.g., the precision &fRAC is usuallyE2%
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RSD) or may be determined to support specifications on the methibaitatt Method

attributes should be such as to supply acceptable process caitahtgomery (1991)).

_ UpperSpecificaion Limit - Lower Specificaion Limit
P - )
6 XS Iiroduct +Ss issay + BIaSZ

C

wheres®assay = method intermediate precision, and Bias = %Recover/100-1. Using
this (or Gyi), the laboratory might hold the intermediate precision and bigstactions
which support ¢ 3 1.3, which is associated with *4-sigma process capability, or a
probability of falling outside of specifications equal to 0.01% (11@000). This
formulation requires some understanding of product variab#ityids.). This might be
obtained from development information or from a similar product witsu@able

production history.

The validation study design consists of a selection of samplesamleslevels and a
strategic replication plan. Validation study samples shouldgregentative of materials
that will be tested in the procedure, while sample levels shouldtspaange of analyte
content from production and product stability. For a method supportiagurement of
the amount of active ingredient in a drug, five levels are typicalected in either an
arithmetic series (e.g., 50%, 75%, 100%, 125%, and 150% of target) or a geomesic ser
(e.g., 50%, 71%, 100%, 141%, 200%). If the assay is to measure a residagradant
in the product, a series spanning the limit of detection anddingjtiantitation is selected.

A parsimonious design using strategic replication of factors rttet have long-term
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impact on method performance allows the analyst to estimhtef ahe validation
parameters in a single study. Factors such as analgsipneent, and reagent lots may
be incorporated into the design using a factorial layout, in ordetitoats their effect or
include them in the assessment of variability. An assessmérg pbwer of the study to
establish conformance of validation parameters to acceptanceacntay be used to

support the design.

Analysis of the validation study data proceeds along linesideddn several articles
and review papergSchofield (2003)). A key tool for describing the intermediate
precision of the method is variance component analysis (Burdi¢tk(20@7)). Variance
component analysis can be utilized to identify significant sources of vasgabibrder to
modify the method or implement strategies that screen for fagthrch significantly
contribute to the method variability or provide guidance for a testirajegy using
strategic replication to reduce variability to an acceptabtell This is illustrated with

an example from bioassay, which produces log-normally distributed respohisze a
a2
variance component analysis established estimates of inter-rtabil'ra/ri(s'mer) and

a2
intra-run variability (S'ntra) equal to 0.00272 and 0.00217 respectively. Using these, the
predicted variability (Table 6) for a range of numbers of assay k) and numbers of

replicates within runsnj is given by:

2 _ |e2 ~2
slog potency™ \/5 Inter/ k +5 Intrd nk

Geometric Relative Standard Deviatiori60 (ex;(sk)g potency)- ) ¥

47



Table 6. Predicted Variability for Range of Assay Runs

Number of Runs (k)
Reps (n) 1 2 3 6
1 7.2% 5.1% 4.1% 2.9%
2 6.4% 4.5% 3.6% 2.6%
3 6.0% 4.2% 3.4% 2.4%
6 5.7% 4.0% 3.3% 2.3%

The laboratory can use this assessment to effigitarinat their assay to achieve an

acceptable level of intermediate precision.

Additional considerations in validation study arsidy are the use of confidence
intervals to represent validation parameters, andta error approach to representing
validation results. Confidence intervals are usegdrovide satisfactory assurance that a
parameter such as recovery or intermediate precdaforms to its acceptance criteria.
While calculation of a confidence interval on awgrarecovery is straightforward,
confidence intervals on variance components agevietl known. Methods are available,
however, to establish confidence intervals on il components, or more
appropriately on the composition representativethef assay format. Total error or
measurement error has been proposed (Mee (1984)) a#iernative to the practice of
holding individual validation parameters to accept criteria. A -expectation

tolerance interval is generated from the validasardy results, which is compared to the

48



acceptable range of analytical measurements. démsonstrates that no more than a

select proportion () of future measurements will fall outside thiseival.

Specification Development and Control Charts

Pharmaceutical substances and pharmaceutical gsoateccontrolled and monitored
through specifications and process capability BmitSpecifications are defined in ICH
(1999) as "a list of tests, references to analypcacedures, and appropriate acceptance
criteria, which are numerical limits, ranges, dunetcriteria for the tests described.”" The
limits may either be compendial, that is specifiadregional compendia such as the
United States Pharmacopeiand the British Pharmacopeia or developed by the
manufacturer. Once defined, these are used taatdhe quality of products or their

intermediates.

The ideal quality system is composed of specificatimits, release limits, and

process capability limits.

FIGURE 4. Assay quality control limits

Target
’ ! i | | | |
LSL LRL LCL UCL URL USL
Protect for ! ! Process ' :
assay variability ! [ Capability , Protect for
plus degradation i ie Limits 95 i assay variability
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The specification limits (LSL, USL) reflect restiimns within which product it for
use and must conform throughout shelf-life. The askelimits (LRL, URL) assure these
limits are met at release and throughout produetf4ifie, while the control or process
capability limits (LCL, UCL) describe both proceasd assay variability. Under this
paradigm, final product would be out-of specifioatiOOS) at release if it falls outside
of the release limits. On the other hand a lot ldkdae out-of-trend (OOT) if it falls

outside of the process capability limits.

The fundamental concept behind the strategy ofseldimits is represented by the
formulae that follow:

URL = USL-1.64s ...,

LRL=LSL+ b +164x] s ?+s2,
where
URL,LRL = Upper/lowe releasdimits,
USL, LSL = Upper/lowe specificaion limits,
164 = Statisticafactorassociateavith 95%confidence
S assay = R€leasassay vaability,

b, = Lossrateassociateavith i storage/hadling condition,
t, = Timeati" storage/hadling condition,and
s, = Variability of lossrateassociateavith i"™ storage/hadling condition.

Process capability limits (Shewhart control chamtjay be calculated from
measurements made on routine manufactured matef@ase should be taken to include
measurements from a mature, stable, and repro@upibkcess, after it has experienced
changes in key process factors such as differantes of input raw materials, cycles of

equipment maintenance, and different operatorslerdioce intervals may be utilized
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when limited data are available to establish precempability limits; however, such
intervals are excessively wide when there is licthdata. It is customary to avoid setting
process capability limits until 30 or more batchase been measured. Additional tools
such as cumulative sum (CUSUM) and exponentiallyigited moving average

(EWMA) charts are used to detect small sustaindtssh a process.

Method Transfer

Methods that have been developed and validateldeimesearch laboratories must be
transferred for implementation in the manufacturopgality control (QC) laboratory.
Various approaches are utilized to help assurettieamethod is performing properly. A
simple quality control approach may be taken inchiseveral batches from the process
are tested in the QC lab and compared to contmatdi Another approach may be to
perform multiple runs of several batches in bottsland hold the average difference in
results to some acceptance criterion. Both ofeleggproaches suffer from failing to
control the risk of falsely concluding that the hua is performing properly in the

manufacturing laboratory.

Alternatively a hypothesis testing approach may thken where the average

difference between laboratories is compared to.zero

This suffers from addressing the wrong hypothes&smore appropriate statistical
approach is to determine an acceptable margin fiérdhce D) and perform an

equivalence test. The hypotheses associated wiggaivalence test are:

51



m -m|>D
Im -m|£D
Using this approach, if the 90% confidence intergal the difference of means
between the two labs falls within theD4interval, we conclude that the QC lab is
performing properly. This is the same as perfograntwo 1-sided t-test, which is used
in bioequivalence studies (Schuirmafi®87)). While the equivalence approach
correctly addresses the hypotheses of intereggesn't account for a possible change in
the variability in the QC laboratory. An approaging a -expectation tolerance interval,
similar to its use in method validation, has beaitvoaated to demonstrate that
measurements made in the QC laboratory conformntaaeceptable shift from the

distribution in the development lab (Dewé (2007)).

Shelf-Life Determination

A key element of the quality assessment of prodlging development is the
determination of product shelf-life. ICH Q1E prdes a formulation for the design and
analysis of development stability data (ICH (2003g5tudies are usually performed for
each product image, which includes different dosa®l container/closure profiles. A
fixed effects analysis is performed on stabilityasierements, which are designed over
time to capture changes in important propertiesthef drug such as potency and
degradants. Rules for pooling the slopes andadeps of the batches use hypothesis
testing at an increased significance level such a9.25, in order to improve the power

of the test to detect meaningful differences amlotgy After pooling has been achieved,
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shelf-life is estimated as the intersection of dhe-sided 95% confidence interval on the

mean and the product specification.

Statisticians have contributed to development btalstudies, by offering design
strategies such as bracketing across images andimgiof stability time points, which
greatly improves the efficiency of the study witllé impact on the effectiveness of the
study (Nordbrock (1992)). Bracketing is a strategdperein extremes of a product image
are tested rather than all images. Thus if protkitd be sold as 20, 50, and 100 mg
doses, a bracketing study might study only ther®#0 0 mg doses. Matrixing involves
testing only a subset of the batches at select®é points. The combination of

bracketing and matrixing leads to a parsimoniowduation of product stability.

Quality Control

Quality control testing of manufactured productasried out to help assure safe and
effective product and to monitor the process foftslor trends. Statisticians work with
the QC labs to establish test strategies and teldpvetest and resample plans when an
out-of-specification (OOS) result has occurred. stTgtrategies are designed to obtain
reliable estimates of product quality attributetatexd to dose, potency, and purity.
Replication may be utilized to increase the precsf the reportable value, and thereby
reduce the risk of an OOS result. Some laboraoeimploy sequential test plans in
which product is tested using a variable numbeassfly measurements. The statistician
works with the quality laboratory to develop cngethat meet acceptable quality criteria

with minimum risk to the manufacturer and customadéee. Such plans have the property

53



that they require fewer numbers of runs to testlpeq on average, than plans with a

fixed number of runs, thus achieving greater latwoyeefficiency.

Regulatory guidelines prescribe a rigorous invesitigp of the QC laboratory and the
manufacturing process when an OOS result is olutgiiRBA (2006)). Statisticians may
contribute to the process by providing the labasatath retest and resampling strategies.
Retests are performed on the original materialrdeoto confirm a system error such as
equipment malfunction or sample mishandling. Reqdmg from the original batch
involves obtaining a new sample for testing. Tikislone if there is suspicion that the
original sample was not prepared properly. Eithetesting or resampling can be
performed in a statistically sound manner, in oitdeachieve unambiguous information

regarding product quality.

Over time, methods may change or a new method reagebeloped to measure a
particular quality attribute of a product. Whenstis done the laboratory performs a
concordance analysis. Samples are tested acrasg@ of response, and a concordance
correlation coefficient is determined as a measiirdne agreement of the two methods
(Lin (1989)). The concordance correlation coedinti(r ) is related to Pearson's product
moment correlation coefficientr; however,r. measures the degree of association
between the two assays relative to the line witpeslequal to 1 and intercept equal to 0.
The form of the coefficient is given by the follavg equation:

s s

"o vs +m-m)
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A related measure is the concordance slope (Sdtigd603)). This can be obtained
from an eigenanalysis of the two assays, and meadie slope of the relationship
between the two methods. It can be used to deterriie degree of disagreement
between the data and the line with unit slope &edeby the bias that may be incurred in

employing the new method.

Part of the continued quality assessment of a mtothcludes ongoing stability
studies on commercial batches of product. Thisents several challenges, which
warrant careful attention to statistical design aath analysis. Traditionally, stability
measurements from commercial batches have beenssagseagainst product
specifications. This carries an enhanced riskitioing an OOS result due to method
variability and statistical multiplicity. Holdingtability measurements to specifications is
also inconsistent with the method for determinihglslife of the product. Shelf-life
estimation is premised on assuring that the batédanmfalls within specifications
throughout product shelf-life, and uses a configemterval on the regression model.
Individual measurements from the batch are, howewiere variable than is predicted by
the confidence interval on the mean, and subjectrisk of falling outside of
specifications when the confidence interval is witBpecification. Approaches have
been proposed that use the power of all data fotsndn stability and regression analysis
to monitor the quality of commercial material thghout shelf-life (Fairweather et al.

(2003)). Designs of ongoing stability studiestlofs sort promote the acquisition of
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stability measurements to obtain a reliable esemaft product quality, versus the

disincentive created by holding individual stailheasurements to specifications.

Ongoing stability studies can be combined with tlgwaent study data, to re-
evaluate product shelf-life. When sufficient batsthave been accrued a mixed effects
model can be utilized to model both the regresa®well as obtain variance components
for the inter-batch slopes and intercepts (Cheal.€tL997). The regression model with a
single residual error term is replaced with a regien model that has, in addition to the

residual error, a random batch effect.

Emerging Statistical Methods

The FDA’'s encouragement of the pharmaceutical itmguso achieve better
understanding of their manufacturing processestarmpiantify the risks associated with
out-of-specification product requires a wider sesmatistical tools than that commonly
used in pharmaceutical manufacturing. This neednidarge part driven by new
technologies supported by the PAT initiative and the need for more efficient

technology transfer from development to manufaotuglant.

PAT is a regulatory framework to encourage voluntadtevelopment and
implementation of innovative drug development, nfaotwring, and quality assurance.
Part of the purpose is to alleviate concern amorapufacturers that innovation in

manufacturing and quality assurance will resutieigulatory impasse.
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Conventional pharmaceutical manufacturing is gdlyeeccomplished using batch
processing with laboratory testing conducted otectéd samples to evaluate quality. A
key component of PAT is the desire to implementiooious, real-time quality assurance.
As previously noted, the FDA considers PAT to bsystem for designing, analyzing,
and controlling manufacturing through timely measoents (i.e., during processing) of
critical quality and performance attributes of ramd in-process materials and processes,
with the goal of ensuring final product quality. PAT is expected to produce gains in
quality, safety and efficiency by (1) reducing puwot cycle times by using on-, in-,
and/or at-line measurements and controls, (2) emplbkal-time release, (3) increasing

automation, and (4) facilitating continuous proaass

Many PAT tools tend to be multivariate in nature foth the independent and
dependent variable sense). Pharmaceutical produndtsprocesses involve complex,
multi-factorial systems. The understanding of ¢hegstems is achieved through the use
of multivariate mathematical approaches, such asisgtal design of experiments,
response surface methodologies, process simuladioth, pattern recognition tools, in

conjunction with knowledge management systems.

Such data is often collected by way of processyaeas. Such analyzers include
those that take univariate process measurements [fél, temp, pressure) and those that
non-destructively measure biological, chemical apHdysical attributes.  These
measurements may be taken at-line, in-line, orirem-I Process analyzers typically

generate large volumes of data. Multivariate stiahl methods are often needed to
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extract critical process knowledge for real-timentcol and quality assurance (e.g.,
principal components analysis, projection to latesttuctures, time series, batch

modeling). Sensor-based measurements may providefal process signature.

PAT promises greater process understanding and ledge that will lead to
improved processes and batch-to-batch control. [ie®ious regulatory practice of
accepting only three validation batches is insidfit to gain process knowledge and to
ensure control. Consequently, there are many bé&dhres during commercial
manufacture. PAT encompasses many technologegieering, multivariate analysis,
off-line, and at-line monitoring — in order to gaafficient understanding for control. An
ultimate goal is real-time control of processedt@&@econtrol should lead to fewer failures,
resulting in less re-work, cost savings, time sgsjnand greater assurance of patient

safety.

One of the chief technologies associated with tAg hitiative is near-infrared
(NIR) spectroscopy (Skibsted (2006)). This tecbggl is a spectroscopic method
utilizing the near infra-red region of the electiagnetic spectrum (from about 800 nm to
2500 nm). NIR spectroscopy produces a spectraktthat may characterize subtle
physical and chemical properties of a substanag, (ehemical intermediate or tablet

excipient) [see Figure 5].
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Figure 5. An NIR Trace
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Such a trace is a high-dimensional vector respordsethe number of experimental
units () will be much smaller than the dimension of thetoe (p), we have a “large
p/smalln” statistical inference situation. Such situati@me typically dealt with by latent
variable methods. Such methods are popular infitld of chemometrics, which
typically uses partial least squares (PLS) to a®lgnd reduce the dimensionality of

such data.

Spectroscopy, or other technologies that prodwmes of output across space or time,
produce what is known as functional data, thatais,observation viewed from the
perspective of a 'profile’ rather than a point iore- or low-dimensional space. (See
Ramsey and Silverman (2002) for examples of funelialata and associated statistical
analysis techniques.) Because of the increasenictibnal data due to new technologies,

the field of quality and industrial statistics djasting by starting to create new methods
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for statistical process control based on such {&ang et al. (2006)) and for process
optimization (Nair, Taam, and Ye (2002)) involvifignctional data. See also Nair,

Hansen, and Shi (2002, pp264-271).

Spectroscopy generates large bodies of high-dimeakidata. This makes more
difficult the search for special cause variatiosaesated with process failure. However,
the careful use of data mining techniques to ddiggtt-dimensional special causes may

help here (Pamias (2005)).

The use of data mining statistical methods may laédp provide a better fundamental
understanding of processes measured by functioagponse traces. However,
practitioners need to understand that data mirsngpt magic and that the acquisition of
new knowledge (or law-like relationships) amongdas affecting a process requires the
purposeful variation of factors according to wedk@jned experiments. The search for an
outlier associated with a special cause variatioan otherwise tight production process
may not provide useful new knowledge (or law-likdationships) about the factors

associated with the process.

Another technology being considered by some phagnotamal companies is quasi-
(or semi-) continuous manufacturing (Leuenberg@01)). The idea here is to produce
many small batches, similar in size to those preduor clinical trial supplies. This
obviates the need for scale-up and also produck$atch-to-batch variation information

needed to deeply understand how a process mayrpedieer time. Such knowledge of
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batch-to-batch variation is considered importantthy FDA. The existence of rich
batch-to-batch information enhances statisticalcgge control information and also
invites the use of Bayes and empirical Bayes tepglas. A recent overview of Bayesian
approaches to process monitoring, control, andropétion can be found in Colosimo

and del Castillo (2007).

Currently, continuous manufacturing processes ateised much due to a variety of
reasons: (1) many products don't make it to mari®t, batch reactors offer more
flexibility, (3) required product volumes may vagyickly over time, and (4) the batch
environment is perceived as easier to validatel'@relo (2003)). However, a case can
be made for utilization of continuous manufactuyiagleast for some situations (Kossik
(2002)). As such technology becomes integrated evimereded in the pharmaceutical
industry, it will generate a corresponding needstatistical feedback control procedures
(Box and Lucefio (1997)) and for more sophisticastéatistical process monitoring

methodologies (e.g., Alt (2006)).

In the various QbD regulatory documents, the wasek' turns up often, usually in
reference to the fact that regulatory authoritiee snew quality initiatives for
pharmaceutical manufacturing from a 'risk-basedsyective, with an eye to low risk to
the patient. From a quality and industrial stat&tviewpoint, this brings up two primary
statistical methodologies, more directly those tesla to risk assessment and
guantification (see ICH Q9 (2005)) and more indisechose related to variation

determination.
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ICH Q9 stresses identification and assessment tf the sources of risk, associated
risk likelihoods, and consequences of risk eventSlassical quality risk analysis
identification procedures such as failure modes effelcts analysis (FMEA) and fault
tree analysis (FTA) are recommended. Probabilissic assessment is only mentioned
briefly as associated with "supporting statistit@bls.”" However, it does appear that
some regulators recognize the important role obabdity models for risk assessment.
See, for example, Claycamp (2008). While soplastid risk assessment methodologies
may be new to the pharmaceutical industry, the gingnregulatory atmosphere appears
to welcome any sound procedure for improving risisegsment. Probabilistic risk
assessment and systems reliability are areas wingabty professionals with good
technical skills in probability and statistical @ménce can make important contributions

to pharmaceutical manufacturing.

Clearly, the determination of risk depends uponiat@n. For example, a
probabilistic reliability computation involving aormally distributed endpoint requires
knowledge of variation as well as knowledge ofitiean. Therefore, a careful reliability
guantification may require a careful variance congras quantification. Unfortunately,
quality engineers may not have access to softwatareethodologies that may be needed
to make such calculations. Gauge R&R softwarev@lable but it may not handle data
from some experimental designs involving crossed mamsted factors. This is partly
because statistical inference for second-order mesrie more difficult than for means.

However, a more insidious issue is that both guadihgineers and statisticians may
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simply follow statistical methods designed primafdr statistical inference on the means
as a way to address assurance of quality. Onemgamthe use of “overlapping mean
response surfaces” as a way to find the "sweet' gpotd et al. (1960), Anderson and
Whitcombe (1998)) of a multiple response procesth wegard to meeting process-
response specifications. Peterson (2004) showshbassociated reliability of meeting
specifications when operating well within the swexggot can be associated with

disappointingly small reliabilities.

Design space, a key concept associated with rig€kh Q8, actually is not directly
related to experimental design. Rather, it istegldo a region of process capability. As
previously noted, the ICH Q8 guidance defines Dghasmultidimensional combination
and interaction of input variables (e.g., mateatitibutes) and process parameters that
have been demonstrated to provide assurance afyqualrhe issue of risk is embodied
in the phrase "assurance of quality.” Of courge begs the question: "How much
assurance?” Further, the ability to modify the maitn recipe without regulatory
approval (if one stays within the design space)medhat manufacturers could pursue

continuous improvement with their manufacturinggasses.

Currently, however, pharmaceutical manufacturerg have little business incentive
for continuous improvement in their manufacturinggesses after regulatory approval —
for two reasons. First, typical manufacturing pssss require regulatory approval for

any change in the specified manufacturing condstioBecond, there is the perceived risk
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of product batch failure due to changing the martufégng conditions (i.e., process

parameters and input variables).

However, a valid design space, approved by regdatovould provide
pharmaceutical manufacturers with the ability tdkenamall-to-moderate changes in their
manufacturing conditions (within the design spasghout the time-consuming process
of regulatory approval. This would also allow mEauiurers to safely experiment within
the design space and thereby gain important infbomaabout their manufacturing

processafter approval by regulators.

The ICH Q8 Annex (2007) appears to suggest thesiciasapproach of “overlapping
mean response surfaces” as a way to constructigndgsace. But, as previously noted,
such an approach does not quantify "how much asseftaf acceptable product, and the
resulting "sweet spot" may possess factor comlmnatiassociated with poor process

reliability.

A Bayesian approach to the ICH Q8 definition ofigaesspace has been given by
Peterson (2008), although a "design space" forRbGHassay had been suggested earlier
by Peterson (2004, Fig 6). Two case studies aililistrated in Stockdale and Cheng

(2008). Here, design space is defined as
{x:Pr(YT A|x,datgd R, )
wherePr(YT A|x,dat3 is the posterior predictive probability that a neector of

relevant production responses, will fall within the specification (i.e., acceptee)
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region, A, given the experimental data and a vector of coatot# process factors.
Here,R would be some pre-chosen level of reliability. r e design space in (1) the

input variables (e.g., raw material attributes)lddue treated as noise variables.

On the other hand, a design space could be dedised

{(x,z):Pr(YT A|x,z,datd R} , (2)

wherez is a vector of input material measurements. Tdwgh space in (2) would be
useful for feed-forward control procedures wherevement within the design space
would be motivated primarily by input material megsnents (MacGregor and Bruwer

(2008)).

Currently, regulatory authorities provide no sugeeéslevel for "how much
assurance" (i.e., a value f&}). However, Peterson (2008) does provide a thought
experiment that suggests a lower bound of 0.8 baped the historical de facto use of
three acceptable validation batches (Schneider@ind (2006)) in the manufacturing
plant. Peterson (2008) also argues that, to bedgprecedent, larger values Rf(e.g.,

0.95) should imply the use of strongly informatpreor information.

It is worth noting that multiple response processlés(YT Al x,datz) provide a nice,

easy-to-interpret metric for process optimizatiseg Peterson (2004, 2006, 2008) and

Miro-quesada et al. (2004). In particular, Peter&004) shows that the typical methods
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of “overlapping mean response surfaces” and dakiyabunctions fall short by not
considering the model parameter uncertainty andctimeelation among the regression-

model residuals (associated with different respayises).

For the design space problem, the Bayesian apprpemhides a method that is
adaptable to many types of industrial experimerfer example, this Bayesian design
space is straightforward, in theory, to develop fgplit-plot designs, multi-batch
experiments, or experiments with noise variablestheory, it should also be possible to
extend this methodology to functional data usingd&s&an methods for latent variables

(e.g., Chen, Bakshi, and Goel (2007)).

Some regulators have also suggested (Chen and M20@&), Moore (2007)) that
mechanistic models can be used to construct a rdespgce and that a realistic,
scientifically established mechanistic model isaider such purposes. Here as well, the
Bayesian paradigm could be brought to bear to cactsa design space as in (1) that

takes into account the uncertainty due to unknowdehparameters.

About a decade ago, it was suggested by Bendedhdyi and McCollin (1999) that
Bayesian methods have a key role to play in theréudf quality and industrial statistics.
In addition, the pharmaceutical industry and theAFBave developed an increased
interest in Bayesian methods (Lindborg (2006)). doe&r, the Bayesian paradigm is still
not well known to many industrial engineers or sieally trained industrial statisticians

(Colosimo and del Castillo (2007)). Bendell, Dignend McCollin (1999) point out that
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Bayesian methods have promising application in fielel of reliability assessment.
However, it is also clear from Hamada and Wu (199%} Bayesian methods can not
only improve reliability estimation but can alsopraove the reliability of a process
through Bayesian analysis of experimental desigmayesian methods for factorial
designs have been published (Box and Meyer (198#)ile and Green (2000), Baba and

Gilmour (2006), among others) and appear to havtecpkar promise for small designs.

Bayesian method also holds promise for processtoramy and control. This is due
to the flexibility of Bayesian procedures from aggential analysis standpoint. An
overview of Bayesian process monitoring and contabbng with Bayesian process

optimization, can be found in Colosimo and del Mlag006).

The Impact of Statistical Software and

Information Technology

For drug discovery research, the pharmaceuticalsing has already witnessed the
rapid increase in software for number crunching srfidrmation storage and retrieval.
Part of this has been due to the genomic revolutmal the associated ‘omic’
technological platforms for generating such dadtlwever, with the advent of the PAT
initiative, technology will again be driving the etk for more sophisticated software and
information technology to store data, retrieveatd manage it. Further, emerging
statistical methods, as outlined in the previoudise, will also require, to some degree,

additional computing support or application devetepmt. Meanwhile, increased
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computing speed, storage, and interactive capahbdlie also affecting quality and
industrial statistics in the pharmaceutical indpston one hand, need will in some cases
drive software creation. On the other hand, saftwavailability will guide what

statisticians and quality engineers are willingltowith statistics and graphics.

The increased availability of easy-to-use stat$ticommercial software allows
scientists, engineers, and various technician®ttheir own analyses. Such software is
useful not only for statisticians but for teachiagd the enablement of (non-statistical)

engineers and scientists. It can also help to emmpawvrained statistical "champion.”

Commercial Off The Shelf (COTS) software gives digidly to the data analysis.
However, this is a two-edged sword. The algoritioas usually be thought of as being
numerically reliable, but for poorly trained useérsnay give credibility to statistically
incorrect analyses. In addition, users may be fatesdt when the software does not do
exactly what they may need it to do (e.g., to feli@gulatory guidance). This shows the
importance of easy-to-use point and click applarsithat can be modified easily by a
statistician to add functionality needed by a drs¢ror engineer. Statistical packages,
such as Statistica and S-plus, have basic pointlgidcapability but they also allow one
to develop add-on macros that can be executegoird and click fashion. Use of such
software is very valuable for simple, special asa$yneeded on a regular basis by non-
statisticians. Such analyses may be simple butandéature of a non-specialized
statistical package. Of course, there is stilllibedle of proper macro validation for data

analysis that is regulatory in nature.
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The pharmaceutical industry is inundated with ssiptated assay equipment and
measuring devices (e.g., for image or spectroscapatyses). Some of this equipment
has built-in proprietary algorithms that are statéd in nature. It can be difficult to
ascertain how well these algorithms perform or whfate print" assumptions are
required for reliable statistical analyses. Somaéistical packages have their algorithms

well documented, while others do not.

As previously noted, the increasing availabilitysofftware for data mining may help
scientists and engineers find patterns and speease variations in large data sets
generated by PAT. As long as users understandiitatmining is more for exploratory
analysis rather than for confirmatory analysiss lesersight for statistical correctness
may be needed. But even here, good statistigakitig remains important. For example,
manufacturing professionals who fail to find anyrispbme trends in PAT data should
not automatically assume that problems do not ex¥sttterns of concern may still exist
but have not been detected, or worse, subtle gondithat could harm product quality

may simply have a signal-to-noise ratio that islta to detect.

Along with data mining, opportunities in the fietd high-dimensional information
visualization arise with PAT as well. Shop floechnicians and chemical/biochemical
engineers will have a strong desire to view infdiorain their data whether or not it may

be high dimensional. The visual package Spdtfif@potfire Inc.) can help here, but
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much more is possible in theory. (See, for exampkeyyad, Grinstein, and Wierse

(2002)).

In a highly technical and regulated industry sueh pdarmaceuticals, databases
should also include sufficient metadata, which &adfurther describing the precise
nature of the primary data collected. Such megadaight include collection dates,
associated lab technicians, lot numbers of redgatches, etc., which allow one to trace

back with accuracy the environment from which a hanwas collected.

Further opportunities for information technology ¢ontribute lie in the field of
database and knowledge management. A pharmadentoatry survey (Morris (2005))
has indicated that only 10% of database informatias been leveraged to improve
overall competitiveness and compliance. So goqubdpnities exist for database and
knowledge management professionals to impact tlaenpdceutical industry from both
competitiveness and regulatory perspectives. Astioreed above, the PAT initiative

will only increase these needs due to data contylexid volume.

In addition to communication among repositoriesafected data, there is a need for
related databases of information that allows f@yesiorage and retrieval of data analyses
(graphs, point estimates, confidence intervals,) etlong with the language-code and
software that generated such entities from the. dagain, all of this is more pressing for

the highly regulated pharmaceutical industry.

70



For all of the foregoing reasons, the pharmacautr@ustry has become interested
in "enterprise" statistical and information systen®ich systems allow users to store and
track information across various groups within agamization. Examples of such
systems are th8tatistica Enterprise wide SPC systehg SAS® Enterprise Guide® 4.1
for Statistical Analysisand theMinitab Quality Companion Such systems provide good
electronic venues for developing add-on modules &malyses peculiar to the
pharmaceutical industry. But such systems alBdaregreater due diligence in software

validation across a large group of company subtihésare in a regulated environment.

Despite the need for reliable software validationgreasing sophistication in
technology is driving the need for increasing septation in statistical analyses and
algorithms. Many younger statisticians (particiylarecent graduates) in both the
pharmaceutical industry and associated regulatgeynaes (e.g., the FDA) have learned
their applied statistics using the R (open souampputing environment (Bell et al.
(2006)). Consequently, these statisticians wants® R because it is familiar and often
has relatively recent statistical methods thatnateyet available in commercial packages.
In fact, the Drug Information Association and thBA=co-sponsor an "Open Toolbox
Initiative Forum" to support vendor-neutral softeaproducts in an integrated

environment.

Interestingly, there are no federal regulationshfimting the use of open source

statistical software (Bell et al. (2006)). Instette FDA rightly supports good software

validation that produces a "level of confidence"tle results. Further, the choice of
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statistical software should not alter the resuisli(et al. (2006)). Given the growing
complexity of statistical software, this appeargnply that identical (or possibly similar)
analyses using two or more different software ajapilbons may be needed to help provide
such a level of confidence. Of course, such "lei/eValidation exercises may not be

considered sufficient for many statistical analysasject to regulatory oversight.

Here, we list some under-met and unmet statissoftlivare needs, although these
needs are not unique to the pharmaceutical indus&ithough many pharmaceutical
companies have made good use of experimental desiffjware (e.g., SAS/IMP,
Statistica, Minitab, Design Expert, etc.) for factecreening and basic process
optimization, software applications for responsefazie experiments are still rather
primitive compared to recent developments in gtesisinference for response surface
methodology (Lin and Peterson (2006), Chapter Hor example, no commercial
software packages compute a confidence region foopimal response even for the
Box-Hunter (1954) method, never mind the more re€eablein et al. (1983) or Peterson
et al. (2002) multivariate methods. For multiplesponse surface experiments, the
combined uncertainty of response surface attribigesot taken into consideration.
Commonly used approaches of overlapping means mespsurfaces and desirability
functions (found in packages such as SAS JMP,s8taj Minitab, and Design Expert)
do not take into account the correlation structfréhe data (conditional on the factor
levels). The desirability function approach (afsond in these packages) suffers, in
addition, from the fact that the desirability fuloct can have great sampling variability

(Hunter (1999)). Such unassessed variation is imoline with risk-based quality
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assessments demanded by recent FDA and ICH guslanc®oftware for robust
parameter design optimization is also needed. d&espsurface methods, which are
important for process optimization and design spealération, offer some excellent

opportunities for developing more up-to-date stiatié computing applications.

Bayesian methods also hold much promise, but comuatitination in practice will
require software that is easier to use. Speciekages, such as WinBUGS (Lunn et al.
(2000)), are helpful for statisticians who wantdim some basic Bayesian analyses, but
non-statisticians may find them too tedious to usEortunately, SA% v9.2 (SAS
Institute (2008)) has some new procedures (e.gQ®KENMOD), which should help
make easier the utilization of Bayesian analysig (fnivariate, fixed-effects models).
However, for applications involving design spackbcation or functional data analysis,
the development of easy-to-use software for muitta Bayesian methods is still very

much needed.

Another need, in line with the pharmaceutical indus risk-based approach to
guality, iseasy-to-usesimulation and graphical software that will all@tatisticians and
scientists to "see" the variation in statisticalireates, stepwise procedures, and the
uncertainty present in various experimental desigtiswould be very helpful to have
statistical packages that can easily "bootstrapStraay statistical procedure available in
that package. S-plfiscan bootstrap statistical functions, but it cutiemequires from

the user some S-plus programming capability.
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The Changing Role of Statisticians

As the foregoing discussion makes clear, the bevaddeep use of statistical thinking
and methods has made significant contributionsh# duccess of the pharmaceutical
industry. Undeniably, statistical methods now pdayintegral part in the industry — in
discovery by chemists and biologists, in drug depeient and manufacturing by
chemists, engineers, and pharmaceutical scien@sid;in regulatory compliance and

quality control.

But what of statisticians themselves? Certairigythave played a major role in
providing the infrastructure as well as in solvingportant problems and expanding the
use of statistics in pharma. However, as stagistitinking and methods become even
more critical for success in the industry, statiais will need to acquire new skills,
particularly leadership skills, to move from th&aditional role as passive advisor to a
more dynamic role as creator of value. Statistian the pharmaceutical industry can
provide leadership in three basic, and synergistieas: (i) within their own company,
(i) within the pharmaceutical industry (e.g. PhRMAand (iii) in collaboration with

statisticians at the FDA (e.g. the annual FDA/InduStatistical Workshop).

From Consultant to Collaborator to Leader

As statistics originally evolved with scientific magement, statisticians became
highly specialized functionaries in large organmas. They analyzed data that other
people had created and passed along their anébysiggineers and business leaders who

used the analysis in making decisions. In phaasan other industries, statisticians first
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served in that consultative role, typically workioge-on-one with internal “clients,”

designing studies, analyzing data, providing tregni They provided methods for data
collection, strategies for design of experimentsg g@rovided guidance on the most
effective use of the concepts, methods and tookstaifstics. When statistical software

emerged they added that expertise to their pootoli

A confluence of several powerful trends in recesdrg is requiring new roles for the
statistician. First, the internet now makes manta d&ts accessible to anyone instantly,
undermining the statistician’s “ownership” of dat&econd, the ubiquitous commercial
statistical software described above enables ratisstians to perform many of the
statistical operations that were formerly the pnoe of specialists. Third, statistics
classes are now commonplace in academia, includmgousiness, engineering,
economics, and social science curricula; and treespread use of statistics-intensive
methodologies like Six Sigma has provided masssstal training for non-statisticians

in many organizations.

But more positively, and perhaps most importargglyarma scientists and engineers
began to recognize the value that statisticianddcpuovide. As statisticians were
assigned to more and more project teams, their cblenged from consultant to
collaborator. They made unique contributions ireithcapacity as the primary
interpreters of data, guiding interpretation antedrining the most effective use of tools
and methods. Today, in many industries statist&iserve as team leaders, providing

guidance and oversight of programs from beginniomgend. While this role is less
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common in the pharmaceutical industry, it is a nhdtlat can work effectively and

should be considered by pharma.

New Skills Needed
One index of the increasing value that the indugltages on statistical methods may
be found in the number of industry organizationgotied to addressing statistical issues.
Those organizations include:
PhRMA CMC Statistics Expert Team comprised of ~@isticians from ~20
PhRMA member companies
Informal Nonclinical Statistics Forum, a colloquiwhnonclinical statisticians
who meet yearly to share experiences
Midwest Biopharmaceutical Statistics Workshop drelRDA/Industry Statistics
Workshop, which has been including an increasinglmer of CMC-related

statistics topics on their program list

The role of statistics and statisticians will grewen more central as regulators move
toward the risk-based approach to compliance engdadi PAT and QbD. With the door
thus open for even broader and deeper use oftgtaltithinking and methods, industry
statisticians and their employers will need notyaid rethink their technical skills but
also to learn to deploy PAT and QbD. As statiatisi take on their expanded roles, they

will need to expand their skills dramatically (Ta).
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Table 7. Expanded Role of Statisticians

Consultant (Old) Leader (New Expanded)
Analyze data and design experiments Determineppeogariate strategy and approach
Teach statistical tools Design training systemagchpmentor, and train
Work with technical people Work with managers agchhical personnel
Consult on other people’s projects Lead cross-fanat projects
Narrow expertise and accountability Broad expeidiseé accountability
Following simple regulatory Collaborating with regulatory agencies to
guidelines influence new guidance
Reactive Proactive

Many of these leadership skills are new to statestis, and they will have to work to
acquire them (Snee and Hoerl (2004)). Other nelisskay play into some of the
traditional strengths of statisticians. Among thest important leadership skills are the
following:

Effective leaders not only know how to lead, thisp &ave substantial business
and regulatory knowledgén their new role, statisticians will need to urstand
how business works in general, how it works ingharmaceutical industry, and
how it works specifically for their companies. Theyill therefore need to
understand strategic planning (the process foviagiat change objectives) and
strategic deployment (the process of implementirageqy).

Leaders are comfortable with process and systemekitiy. In many ways, this is
the easiest aspect of leadership for statisticiaAfter all, improving the way

work gets done inevitably entails improving pro@sssStatisticians, steeped in
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analytic rigor, are uniquely positioned in that asty Because leaders are also
familiar with the proven, structured improvementthoels such as Six Sigma or
Lean that provide the practical means for improypngcesses, statisticians have a
head start in these statistics-intensive methodatisticians are also most
strongly positioned to develop sound statisticalprapches and cogent
guantifications relative to ideas put forth in nguidance documents, such as the
"design space” concept.

But it should be remembered that those methodsiatdode such management
and leadership skills as project selection, projeetnagement, and results-
tracking with clear metrics and milestones.

Leaders possess the so-called soft skills in aburelgSnee (1998)). To be real
leaders of critical projects, statisticians musbwrhow to create stakeholders in a
project, including those executive stakeholders @rampions who are necessary
for success. They must become adept at reviewoagheng, and communicating.
They must understand group dynamics, know howdd teams, and know how
to design and facilitate meetings. Projects, 83 fdlhan grand strategy, require
vision and direction for success. Statisticianstmas$ only know how to set such
direction but also communicate it concisely andwdieto their teams. In addition,
they should be adept at removing barriers like firgant resources, lack of
training, and inadequate time that impede succéssd they should remember
some of those batrriers lie in people’s psychespeaally in their fear of change
— and that the best way to overcome them is thr@ogleching and counseling, not

criticism.
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With these leadership skills, coupled with techhegpertise, statisticians should be
ideally positioned to help deploy new risk-basednpbance initiatives, to show their
organizations where statistical methods can creatae, and to create and sustain
statistically-driven continuous improvement witte thim of cutting costs, speeding time
to market, and lightening regulatory burdens. Thallenge is convincing others that
statisticians are capable of being in these leagemositions. In a sense current leaders

are being asked to allow some newcomers into threegal his is not easy.

Pharmaceutical Case Studies

The five case studies discussed below provide # saraple of the types of

problems encountered in the development and matowiiag of pharmaceuticals.

Case 1. Improving Yield for a Pharmaceutical Synthesis
As described in Aggarwal et al. (2006), the yietdni the synthesis of a small

molecule pharmaceutical (active pharmaceuticaledgnt, API) was lower than desired
(~40%). Attempts to improve yield by increasing firocess constituents were fruitless.
Since many factors can impact the success of thetiom, the laboratory decided to
optimize the process using DoE. In a sequentipeamental design, the initial design

was used to screen for significant factors, whies wefined by a response surface study.
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The factors studied in the screening experimentilaustrated in the following half

normal plot of experimental results.

FIGURE 6. Half-Normal Plot of Effects from Pharmaceutical Synthesis

Experiment
Half Normal plot
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Solvent volume, the catalyst loading, and readionperature were clearly identified

as having an impact on yield. Interaction plotseesded some of the nature of the effects.
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FIGURE 7. Plots for Volume-Temperature and Catalyst-Temperature

Interactions

The labs used this information to generate a respsarface design (a face centered
central composite design, to avoid setting levelsexcess of the capability of the
reaction), using the factors identified in the soiag design. The labs also hoped to
discover how to manage catalyst load using sontleeobther factors, since the catalyst is
expensive. The resulting response surface reveh#dyield could be optimized with
increases in temperature and solvent volume, withige amount of catalyst could be
decreased due to the synergistic impact of theedduators. Final yield were confirmed
to be in excess of 90% compared to the yields @bsgeprior to employing DoE. Thus

the lab doubled their capacity, while saving intdnsusing less catalyst.
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Case 2. Leadership for Design Space issue.

As stated previously, the new regulatory concepdesign space" involves creating
a multidimensional process capability region thas tbbeen demonstrated to provide
"assurance of quality”. In a large, multinationdiarmaceutical company, various
scientists (process chemists, pharmaceutical ssigntchemometricians, etc.) were
struggling to formulate ideas about how to devekop approach to design space
construction within their company. Seeing thisaas opportunity, some statisticians
within the company decided to develop a probakmlissk-based approach to design
space construction to address, in particular, taednto demonstrate "assurance of

quality".

The statisticians involved (in both the US and [pe)oworked together as an
informal team, and separately as individual corsust and members of matrix teams, to
formulate and build example Bayesian design spasedefined in (1) in the Emerging
Statistical Methods section. This approach wasliegppo problems in both (small
molecule) pharmaceutical and biopharmaceuticaleptsj Some prototype programs
were written in R and SAS/IML, and then data frorpe&iments were analyzed and
presented to scientists and their management. ®omeenal papers and a poster were
generated. Eventually many in-roads were madedemance by the company scientists
of this creative formulation of a design space. skmplified example of one of their
reliability-based design spaces is shown is shawthe probability surface plot in Figure

8.
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FIGURE 8. Reliability contour plot (see level scale on right). The elliptical region
in white is a prototype design space. This region has higher relative probability
of simultaneously meeting all product release specifications as a function of the
temperature and catalyst factor levels. (Plot obtained from Stockdale and Cheng
(2009). Used with permission from the Association for Quantitative
Management.)
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Further progress toward company-wide acceptancgilisongoing. Some future
hurdles remain (e.g. addressing functional dafadefinitive measure of success would
be for such a design space to be submitted by dhgpany, approved by regulatory

authorities, and implemented in the manufacturilagp
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Case 3: Improving Batch Record Release

Snee and Hoerl (2005) describe the case of a mdj&. biopharmaceutical
manufacturer who expected approval for its new Kidaster drug within nine months.
However, the company’s manufacturing and qualigsuesnce processes were not ready
to manufacture the product and reliably generatuh@ntation, especially the “batch
records.” These critical records, which track imaot steps in the manufacturing
process, are required by corporate standards &n8DA. Inaccurate batch records can
result in high inventory costs, a potential plahttslown, and delays in shipments of

lifesaving drugs.

A cross-functional team of ten people drawn froneragions, quality assurance, and
documentation set a goal of reducing by 50 peragthin six months the time consumed
in reviewing the batch records. Using the staily-driven techniques of Six Sigma

throughout the project, the team wanted to stre@nthe process and reduce cycle time.

They mapped the batch record process and idenkigdmeasurement points that
allowed them to track record-review cycle timesotlgh a complicated network of
participants (the lab, operators, supervisors, Hamtwring, quality assurance, and
investigators reporting out-of-spec incidents).e Tdam tracked and analyzed each of the
subprocess cycle times and overall cycle time.dditeon, the analysis uncovered the
root causes of errors in the records, anothercahito-quality (CTQ) criterion. The team

then worked with management to develop target dyeles for each step in the process,
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set up a system to report progress on the taigétate training, create backup reviewers,
and restructure the review process to focus morexaeption resolution than routine
data gathering.

Figure 9. Review Time (days) by Lot
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These improvements reduced cycle time by 35-55 epérdor the 2 product
formulations involved, freed up $5.2 million in entory, increased customer satisfaction,
saved $200,000 in cost of capital, achieved aduiticavings through reduced floor
space and handling costs, and enabled the compameét customer demand for the

product.

Case 4: Validation of a Complex Tedious Biological Assay

Validation of biological assays, particularly assaging large numbers of animals, is

a tedious and expensive prospect. It's partigularportant as well, to make sure that a
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minimum number of animals are utilized for theseppses. An animal potency assay
was developed for a vaccine product which usesal@als per run, and takes 6-weeks
to perform. The challenge was to obtain the marmamount of information with
minimum use of mice and time. The laboratory chimsenclude an assessment of the
product distribution together with the assay vdlata and thereby gain valuable
information about both assay and product variahilitTen (10) lots of product were
strategically identified, which were manufacturedoss a range of processing conditions,
in order to best simulate the product distributioBach lot was assayed twice in the
bioassay, in a manner which would allow for indefemt estimates of inter-run

variability throughout the experiment.

FIGURE 10. Design for Biological Assay Validation.

Run
1 2 3 4 5 6 7 8 9 10
Ref | Ref | Ref | Ref | Ref | Ref | Ref | Ref | Ref | Ref
Lotl|Lot1l|Lot2|Lot4]|Lot4 |Lot5|Lot7|Lot7|Lot8]|Lot9
Lot 2 |Lot 3| Lot 3|Lot5|Lot 6 |Lot6|Lot 8 |Lot9|Lot 10|Lot 10
Clin | Ref | Clin | Ref | Clin | Ref | Clin | Ref | Clin | Ref

A reference (Ref) is included in each run to calibrbioassay results, while a
clinically relevant lot (Clin) was included in ond® set a specification for commercial
materials tested in the bioassay. The referensetegted in duplicate in order to derive a

criterion for "parallelism" in the bioassay accoglio Hauck (2006).

The validation results are illustrated in the faliog plot:
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FIGURE 11. Results for Biological assay Validation Study. (Note: run 4 of the
design was repeated due to a performance issue related to the duplicate of the

reference; thus three replicates of lots 4 and 5 appear in the figure.)
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Excellent precision was observed between replinate of the bioassay for all lots,
while commercial materials performed as well abeiter than lots tested in clinical trials
(POC Lots 1-3). The precision estimated from thdata was used together with a
minimum threshold, to derive a release potencytlior lots of commercial material

according to Apostol (2008).

Case 5: Process Reliability

A pharmaceutical manufacturer was experiencing mauose process interruptions,
resulting in product losses due to production del@n initial fishbone analysis helped
identify and prioritize causes of delays. Data wabected on process delays. Pareto
analysis and process mapping identified severakesys that were the root causes of

delays. Symptoms of trouble were plentiful: lacksténdard procedures, lack of spare
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parts, unavailable batch record forms, and regairsquipment made by cannibalizing

other equipment thus rendering it inoperable.

To address these problems, the company, institalimed a delay tracking and
resolution process, improved the spare parts mamagfeprocess, and developed and
upgraded SOPs for key operations. As a resultrrugggons were reduced from 18 to 6,
product losses were reduced by $1.7 million per,ya&ad batch delays were reduced by
55 percent. Further, these improvements in reltgtstimulated additional improvement
work in equipment planning and scheduling, idlegtiamd cleaning and set-up times, thus

greatly shortening the batch cycle time.

Regulatory Action and Use of Statistical Methods -A Case Study

A brief conceptualized version of a recent incidéostrates the leverage wielded by
regulatory authority. A prominent pharmaceuticaimpany manufactures a tablet with
two active ingredients. One of the ingredientprissent in a very small absolute amount
by weight. Small absolute deviations in the actgilght of this ingredient produce large
relative (percent) deviations from the targetedades As with most drug products, the
specifications for this active ingredient are espesl as an allowable range of percent of
target dose. These ranges are typically 90 todetfent of target dose. Every lot of
product must be monitored against these specificatiand manufacturers are required to

have procedures in place to investigate the cauget®f specification (OOS) results.
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More importantly for this discussion, the manufaetus required to report all OOS
events to the FDA. These events are monitoredtamdgency has a series of escalating
remedies to enact. Early among these is the tigbénd inspectors to the manufacturing
facility at any time, announced or unannounced.e Titspectors must have a stated
purpose, but once an inspection begins, their augit may lead in many directions,
particularly if irregularities are encountered adhe way. In the example here, a series
of OOS lots of product occurred over the coursa oumber of months — not every lot
failed, but there were enough failures to causécaot The facility was inspected; the
OOS reports were audited, and the conclusion washezl by the FDA that the
manufacturer did not understand the root causehef failures and was therefore
presenting an unmitigated risk to the public. Ndttat this is not a case of direct
contamination or of an immediately harmful levelastive ingredient. The regulator was
principally concerned about the lack of apparendeustanding demonstrated by the

manufacturer.

The manufacturer’s responses to the regulatoryarosovere deemed unsatisfactory
and the FDA determined to use its ultimate stretur seizure of product at the
manufacturing site. Federal marshals entered #reufacturing site and seized all lots of
the particular product. Manufacturing of the prodwas halted. The FDA appointed a
third party “monitor” to oversee the investigatiohroot cause, the implementation of
process changes, and the assessment of new mamefpost-improvement. The third-

party monitor was hired at the expense of the mbduanufacturer. Additionally, the
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manufacturer was required to post a substantiadl leat would be forfeited in the event

of insufficient cooperation and progress.

This case also illustrates a further characterstithe regulated environment. The
FDA lacks sufficient resources to closely moniteery manufacturer and every event.
Thus, the severity of the actions in this exampe the purpose of underscoring the
FDA'’s shift in emphasis toward a rationale basederan process-understanding-based

and away from the traditional inspection-based nsazperandi.

Where were the statisticians? The ultimate questio this incident regarded patient
safety. Clearly, one slightly under-dosed taldetar from harmful. However, when a
medicine is taken daily to treat a chronic ailm@ng., asthma or diabetes) the potential
long-term effects are of chief concern. Thereftie,statisticians were asked to calculate
probabilities such as, “how many defective tabletse likely to occur in a monthly
supply of 30,” or “how many defective tablets mighpatient obtain in a year's supply.”
These probabilities depend on the failure rate ha manufacturing process. The
underlying statistical questions then become “tbst lestimate of the tablet failure rate”
and “the upper bound on the failure rate.” Thesgestjons are not trivial statistically.
The data suggest that the tablet failure rateyaries from batch to batch. Binomial
mixed models are suggested wheresfa random effect associated with variationgn t

set-up, inputs, and conditions of each manufacagunim.
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In terms of uncovering root causes for the failugegrimary question is “when did
the problem begin.” This means extensive exanonaif time series manufacturing data.
An element of statistical interest is that the batizes vary, but range from hundreds of
thousands to millions of tablets, and the numbetabfets sampled from batches also
varies — ranging from 20 to a few hundred. Contiohrt techniques were heavily
utilized. In addition, a variety of graphical teshues, including boxplots and cusums,
were helpful in explaining statistical conclusidnsboth regulators and company senior
managers. Identification of a starting point akkmirthe manufacturer to identify process
changes or incidents that occurred in the speciiied frame. This generated hypotheses
regarding ultimate causes. The statisticians vegy@n involved in helping to design
experiments that would test those hypotheses. |&Reso and prevention were largely
engineering considerations. However, an extensirelised monitoring system was put
in place — again with heavy emphasis on the usewiol charting techniques, including
appropriate training and interpretation. Ultimgtdle manufacturer was successful in re-

instating their product in the marketplace.

Summary
Throughout most of the twentieth century, pharmtcaluregulation was largely a
matter of reactive legislation, but this centurys hseen the rise of science-based
regulatory initiatives, including ICH guidelines opharmaceutical development,
pharmaceutical quality, and the pharmaceuticaliyjusystems and the FDA’s guidance
on Good Manufacturing Practice (GMP), Process Aray Technology (PAT), and

Quality by Design (QbD). These initiatives haveught a new emphasis on process
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understanding and quality and the use of statlstnegihods for both. These regulatory
trends, as well as the inherent complexity of pleratical manufacturing, economic
pressures, and the increased need for technolaggfér will continue to accelerate the
industry’s need for sophisticated, statistics-dnivapproaches to quality and process

understanding as well as the statisticians to afbyagn.

Today, pharmaceutical development, following thescdvery of an active
pharmaceutical ingredient (API), typically proceetleng several parallel paths, each
requiring particular statistical techniques. Thésels and statistical methods include
Design of Experiments (DoE), screening experimeopdimization studies, regression
modeling, process optimization, and robustnessedudnalytical method development
employs such tools as ANOVA, variance componerndisfy method ruggedness studies
and basic statistical techniques, including graphit manufacturing, statistical process
control (SPC) is used extensively to monitor angrione processes. Such statistical
techniques such as Six Sigma, Lean Manufacturiig,, ®Design for Six Sigma, and

QbD are also increasingly being used to improvegsses.

The FDA'’'s encouragement of the pharmaceutical itmguso achieve better
understanding of manufacturing processes and totdyahe risks associated with out-
of-specification product has widened the set ofistteal tools to include the use of
multivariate mathematical approaches, such as nsgpsurface methodologies, process
simulation, and pattern recognition tools, in cawmjiion with knowledge management

systems. These emerging statistical methods acedalving the development of more
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powerful commercial statistical software, whicheisabling non-statisticians to do their
own statistical analyses. Information technologyalso making contributions to data
mining, database management, and knowledge managemereasing the industry’s

interest in “enterprise” statistical software tbah be used across an organization.

As statistical thinking and methods become evenenwaitical for success in the
industry, statisticians have begun to move fronir hhaditional role as passive advisor to
a more dynamic role as creator of value. Their ik grow even more central as
regulators move toward the risk-based approachotoptiance embodied in PAT and
QbD, requiring industry statisticians to rethinlkeithtechnical skills, learn to deploy PAT
and QbD, and acquire new leadership skills comnratswith the increased importance
of their discipline within the industry. With tee new skills and methods, they can
become catalysts for both process development staeling and product quality

improvement.
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