INFORMATION TO USERS

This manuscript has been reproduced from the microfilm master. UMI films
the text directly from the original or copy submitted. Thus, some thesis and
dissertation copies are in typewriter face, while others may be from any type of
computer printer.

The quality of this reproduction is dependent upon the quality of the
copy submitted. Broken or indistinct print, colored or poor quality illustrations
and photographs, print bleedthrough, substandard margins, and improper
alignment can adversely affect reproduction.

in the unlikely event that the author did not send UMI a complete manuscript
and there are missing pages, these will be noted. Also, if unauthorized
copyright material had to be removed, a note will indicate the deletion.

Oversize materials (e.g., maps, drawings, charts) are reproduced by
sectioning the original, beginning at the upper left-hand comer and continuing
from left to right in equal sections with small overiaps.

ProQuest Information and Leaming
300 North Zeeb Road, Ann Arbor, MI 48106-1346 USA
800-521-0600

®

UMI

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



DISSERTATION

STATISTICAL ISSUES IN INDIVIDUAL AND POPULATION BIOEQUIVALENCE

Submitted by
Richard J. McNally

Department of Statistics

In partial fulfillment of the requirements
for the Degree of Doctor of Philosophy
Colorado State University
Fort Collins, Colorado
Fall 2002

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



UMI Number: 3075370

®

UMI

UMI Microform 3075370

Copyright 2003 by ProQuest Information and Learning Company.
All rights reserved. This microform edition is protected against
unauthorized copying under Title 17, United States Code.

ProQuest Information and Learning Company
300 North Zeeb Road
P.O. Box 1346
Ann Arbor, Ml 48106-1346

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



COLORADO STATE UNIVERSITY

October 18, 2002

WE HEREBY RECOMMEND THAT THE DISSERTATION STATISTICAL ISSUES IN
INDIVIDUAL AND POPULATION BIOEQUIVALENCE PREPARED UNDER OUR
SUPERVISION BY RICHARD J. MCNALLY BE ACCEPTED AS FULFILLING IN
PART REQUIREMENTS FOR THE DEGREE OF DOCTOR OF PHILOSOPHY.

Committee on Graduate Work

Adviser Y

Department Head

ii

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



ABSTRACT

STATISTICAL ISSUES IN INDIVIDUAL AND POPULATION BIOEQUIVALENCE

The US Food and Drug Adminstration (FDA) has proposed new regulations that
address the ‘prescribability’ and ‘switchability’ of new formulations of already- or necarly-
approved drugs. These new criteria are known, respectively, as population and individual
biocquivalence. The subject of biocquivalence has been fertile ground for statistical re-
scarch over the past 3 decades, and the introduction of these new criteria has created new
statistical problems to be explored. The focus of this investigation is the development of
new tests for individual and population biocquivalence based on the generalized p-value
(GPV) methodology of Tsui and Weerahandi (JASA, 1989). We show that the GPV has
good statistical properties and avoids a major shortcoming of other testing procedurcs
for individual bioequivalence. In particular, the GPV is shown to be more powerful than
any of the known testing procedures for population bioequivalence, including the test rec-
ommended by the FDA, for likely bioequivalence study designs. We also examine the
asymptotic relative cfficiencies of likely candidate designs for both individual and popu-
lation bioequivalence, and compare these large-sample results with empirical calculations
derived from power simulations. We also construct generalized confidence intervals for

biocquivalence parameters and examine their propertics.
Richard J. McNally
Department of Statistics
Colorado State University

Fort Collins, Colorado 80523
Fall 2002
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Chapter 1

INTRODUCTION

1.1 What is Bioequivalence?

Before a pharmacentical product can be marketed in North America and the Euro-
pean Union, it must be studied extensively to demonstrate the cffectiveness and safety of
its intended use. Part of the evaluation process of a new chemical entity (NCE) is called
pharmacokinetics, which is a detailed characterization of how a drug product is absorbed,
distributed, metabolized, and excreted in biological systems. In humans, pharmaccutical
compounds and metabolites of interest are studied in body fluids that can be collected
without the use of overly invasive procedures. Particular attention is paid to the presence
of the therapeutic moicty in the circulatory system. Pharmaceutical rescarchers are inter-
ested in the bioavailability of a compound and/or its active metabolite(s). Bioavailability
characterizes the absorption of an specific dosage form through the intended route of ad-
ministration into the circulation of an organism. In this investigation, we are concerned
with the bioavailability of oral dosage forms, i.e., how well orally administered products
arc absorbed through the gastrointestinal tract into the systemic circulation. Knowing the
pharmacokinctics of a compound is vital in determining the dosing regimen that should
be used. It also has implications for the both cfficacy and safety of a product.

The development of a pharmaceutical product is a long process, which usually cul-
minates in large-scale clinical studies that provide the bulk of the proof that a product is
cffective and safe. Because of the considerable expense that pharmaceutical manufactur-
ers incur in bringing new and bencficial products to market, they are afforded a period of
exclusivity under US patent law. Once a patent expires for a drug product, other manu-

facturers are allowed to market the same product. The products produced by the latter
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group of manufacturcrs are referred to as generic drugs. The current authority to approve
and to regulate gencric drugs in this country was given by the US Congress to the Food
and Drug Administration (FDA) through the Drug Price Competition and Patent Term
Restoration Act of 1984. Similar agencices in the European Union regulate generic drugs
in those jurisdictions. It is the responsibility of these regulatory agencies to determine the
conditions under which generic drugs may be marketed.

The chemical structure and propertics of the NCE are documented in the New Drug
Application (NDA) when it is submitted to the FDA for approval. The NDA also lists
the excipients that arc used to formulate the drug product. However, exactly how the
drug product is formulated is proprictary. Although an innovator must make certain
disclosures concerning the manufacturing process to assure the FDA that this process
is adequately controlled to gain approval, there are many aspects of the manufacturing
process that are not subject to public disclosure. Therefore, it cannot be taken for granted
that any gencric manufacturer can produce a product that exactly, or cven sufficiently,
duplicates the action of the innovator’s product or another gencric product. Thercfore,
before they can market their formulation of a specific product, the generic manufacturer
must provide the FDA with cvidence that the generic product can be expected to be as
safe and cffective as the innovator’s product or any other product on the market. There
arc a few products that may be approved on the basis of in vitro dissolution testing.
For most products, however, addition cvidence of equivalence to the brand name product
that must provided. This evidence is derived through comparative bioavailability studics,
also known as bioecquivalence (BE) studics. Allowing generic products to be approved
based on the cevidence of bioequivalence studies circumvents the need for expensive and
time-consuming clinical studies. This often leads to drugs being available on the market at
lower prices. The chief rationale for approvals based only on comparative pharmacokinetic
data, without the benefit of direct clinical observation, is the fundamental bicequivalence

assumption.

When two drug products are equivalent in the rate and extent to which the

active drug ingredicnt or therapeutic moicty is absorbed and becomes available
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at the site of drug action, it is assumed that they will be therapeutically

cquivalent (Chow and Liu, 2000, pg. 14).

Therefore, evidence that a generic product has equivalent bioavailability to the inno-
vator product is considered evidence that the generic will have the same therapeutic effect
and the same safety profile as the innovator. The evidence of bioequivalence contained in
these studies is submitted to the FDA in an Abbreviated New Drug Application (ANDA).
It should be noted that the fundamental bioequivalence assumption only applies to prod-
ucts regulated by the FDA Center for Drug Evaluation and Rescarch (CDER). There arc
currently no generic biologic products (i.e., those products regulated by the Center for
Biologic Evaluation and Research (CBER)). For example, a company cannot market its
own version of erythropoictin (EPO), a hormone important in the production of red blood
cells, based on the evidence of a bioequivalence study.

There arc other situations in which bioequivalence studies arc important. Before
receiving marketing approval, the drug product used in clinical trials is usnally made in
small batches under conditions quite diffcrent from full commercial production. Therefore,
the NDA must contain evidence that drug product from large-scale production batches
is cquivalent to the much smaller batches used in clinical trials. The FDA may also
requirc a manufacturer to demonstrate bioequivalence after a significant change in the
manufacturing process or a change in the site of manufacture. Therefore, situations in
which a manufacturer, cven an innovator, must show its own products arc bioequivalent

arc not uncommon.

1.2 Bioequivalence Basics: Pharmacokinetics

This section is intended to give the basic concepts of biocquivalence and pharmacoki-
netics necessary for understanding what follows. Pharmacokinetics is the science of how
drugs arc absorbed, distributed, metabolized, and excreted by biological organisms. It is
sometimes characterized as what the body does to the drug, as opposcd to pharmacody-

namics, which is what the drug does to the body. As part of the preclinical development
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of a drug product, its pharmacokinetics are studied in one or more mammalian species
(e.g., rats, dogs), by administering a radioisotope-cnhanced version of the drug to groups
of animals. The absorption, distribution, metabolism, and excretion of the drug are as-
sessed by the assaying the quantity of radio-labelled drug in various target organs and
body fluids at various times. In human pharmacokinetic studics, we are necessarily lim-
ited to assaying the quantity of the drug product in the blood (more properly, cither whole
blood or blood plasma) and excreta. Of particular interest is how well orally administered
products are absorbed from the gastrointestinal tract into the systemic circulation and
how quickly they are climinated. The assumption here is that the pharmacological action
of a therapeutic moicty at a given time is dircctly related to the quantity of it in the blood
or plasma.

The most common instrument for assessing bioequivalence in humans is a crossover
study with a single dose per treatment period. These studics involve healthy voluntcers
administered cither the test (generic) or reference (innovator) product in each treatment
period. They usually enroll 12 to 40 subjects cvaluated over 2 to 4 treatment periods.
Such studics arc generally accepted as the safest and most sensitive method of evaluating
bioequivalence.

During cach trcatment period, the absorption of the drug product is assessed by tak-
ing plasma samples from cach subject at several times, and then assaying the samples to
determine the concentration of the drug or other metabolites of interest in the plasma.
Although the choice of sampling times depends on the absorption characteristics of a
product, gencrally blood sampling is more frequent in the first few hours after adminis-
tration of the drug product, and then less frequent later on. The rate and extent of the

absorption of a drug product into the systemic circulation is assessed using the following

pharmacokinetic metrics:

1. AUC-the arca under the plasma/blood concentration-time curve-the primary mea-
sure of the extent of drug absorption. AUC can be measured from time of ad-

ministration to the time of the last blood sample (AUCy_;), or to when it is, in
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theory, complelely eliminated from the systemic circulation (AUCy—_o). The latter

parameter requires calculating the elimination rate constant of the drug.
2. Cmax-the maximum plasma concentration-the primary measure of the rate of drug

absorption.

3. Tmax-the time at which Cmax occurs. The Tmax, in conjunction with the Cmax,

characterizes the rate of drug absorption.

Figure 1.1: Plot to illustrate the trapczoidal rule.
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Throughout our discussion of bioequivalence, we will be interested primarily in the
paramecters AUC and Cmax. AUC is calculated for each subject during cach treatment
period using the trapezoidal rule for numerical integration. The trapezoidal rule is illus-
trated in Figure 1.1. The dark shaded arca shows the contribution of the time period
from Hour 12 to Hour 16 to the total AUC, which is the sum of all of the trapezoids that

can be construct from the curve in Figure 1.1. The Cmax is estimated by the maximum
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observed plasma concentration for a given subject in a given study period. The increased
sampling frequency in the period immediately following product dosing should ensure that
the observed Cmax is reasonably close to its truc value. The sampling frequency in this
period must also be sufficient to cnsure that the observed Cmax does not occur at the first
sampling time (FDA, 2000). The estimate of the Tmax is then measured on a discrete
scale, 4.e., it must occur at one of the sampling points. Because of this and the large num-
ber of ties in the Tmax data, this parameter is usually evaluated using non-parametric
or catcgorical methods. Although sponsors (i.e., drug manufacturers) are not strictly re-
quired to show that their product is equivalent to the reference product with respect to
Tmax, it is customary to do some assessment of this metric for bioequivalence.

Statistical approaches to bioequivalence have evolved over the past few decades as
genceric drugs have become an important public health issue in the United States and in
other developed nations. The general idea is that we wish to show that the test formulation
T, frequently a gencric product, is cquivalent to a reference formulation R, most usually a
brand name product aircady on the market. Because of the potentially high variability of
the responses between human subjects to the above parameters, bioequivalence of orally
administered drugs is assessed almost exclusively using crossover studics.

Since we are trying to demonstrate equivalence, the proper null hypothesis in the
bioequivalence problem is one of non-equivalence. But in the carly history of biocquiva-
lence. it was not generally recognized that demonstrating equivalence is different from the
usual hypothesis testing sctting, where one sets out to show that two trcatiments are dif-
ferent by first assuming that they are the same. Therefore, some carly approaches to this
problem had to be abandoned when they were subsequently found to have little scientific
or statistical bases. Onc carly bioequivalence approach, the 75/75 rule, concluded that two
formulations were bioequivalent if the individual treatment ratios, Yr/Yg, were between
0.75 and 1.25 for at least 75% of the subjects in a study. This approach was intuitively
appealing, but was dropped when it was shown that it had poor statistical properties (see
Haynes, 1981) and little scientific basis. Subsequently, an ad hoc power approach was

adopted, where two formulations were bioequivalent if the standard hypothesis test of no
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difference in the means of the formulations (i.e.,Hyp : yr — pr = 0 where the p's represent
the means of the respective formulations) was insignificant and if one could show that the
study had at least 80% power to show at least a 20% difference in formulation means at
the & = 0.05 level. Schuirmann (1987) showed that this approach had the undesirable
property that it was casicr it was to show biocquivalence if a product had higher vari-
ability. He introduced the two one-sided tests (TOST) approach, under which it is more
likely that one would conclude bioequivalence if the mean difference of the formulations
has lower variability. The TOST approach, explained in detail below, became the method-
ology preferred by the FDA, and it is rccommended in the guidance document Statistical
Procedures for Bioequivalence Studies Using a Standard Two-Treatment Crossover Design
(1992). Becausc the TOST approach is equivalent to showing that a 100(1 — 2a)% confi-
dence interval is completely contained in the equivalence region, it is a proper test of the
null hypothesis of non-cquivalence (¢f. Hsu et al., 1994).

Three procedures strongly recomnmended in the 1992 FDA guidance document formed
the foundation of the analysis of biocquivalence studies for the decade that followed.
The first was the log-transformation of subject responscs. The sccond was Schuirmann's
two one-sided tests (TOST) approach. The third was the usc of a 2 sequence/2 period
crossover design as the standard study design for bioequivalence studics. With the log-
transformation, the parameter of interest becomes the difference in treatment means (i.e.,
4T — iR, where p is the mean population response to formulation &), instead of the ratio
(#e7/1er). For responscs on the log scale, the bioequivalence interval for which a product
was sct at (—0.2231,0.2231), which corresponds to an interval of (0.80,1.25) on the ratio
scale. The two one-sided tests approach, with cach test at the a = 0.05 level, is equivalent
to constructing a 90% confidence intcrval on ur — pr, and then determining whether
the confidence interval is completely contained in the bioequivalence interval. Since the
parameter that is tested in this approach concerns only the trcatment means, formulations
that pass the two onc-sided tests criterion (or any similar test on uT — ug) are said to
have average biocquivalence. The adoption of the 2 x 2 crossover as the standard study
design for bioequivalence studies made the conduct of these studies relatively easy and

straightforward.
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1.3 Individual and Population Bioequivalence

By the time the FDA issued the 1992 guidance document on statistical procedures
for biocquivalence, the adequacy of average biocquivalence to provide sufficient evidence
of the safety and cffectivencss of gencric drug products was already being questioned. For
example. see Hauck and Anderson (1991). It was argued that average bioequivalence could
not completely ensure that the same drug products formulated by different manufacturers
were interchangeable.  With respect to individual patients, this lead to the concept of
‘switchability’, which is meant to address the question ‘Will a patient whose prescription
is switched from the brand name to the generic version of a drug product derive the same
therapeutic effect from the generic as they would from the innovator product?’ Switching
between generics produces similar concerns. The mechanics of the innovator-to-generic
switch is especially critical for paticnts who have been titrated to a specific dose of the
brand name product and whose control of discase state and toleration of treatment depends
on maintaining the concentration of the active moicty in their systemic circulation within
a certain range. When the therapeutic window, the range within which plasma levels of
a drug or active mectabolitc must be kept in order for a patient to receive therapeutic
benefit without harmful side effects, is relatively small, consistency from one product
to another and from onc dose to another for a particular patient becomes crucial. The
product-to-product variation is called the subject-formulation interaction. The dose-to-
dose variation is addressed by considering the differences in the within-subject variance
for the different formulations. To assess individual bioequivalence, we must consider both
the subject-formulation interaction and the difference in within-subject variability.

The subject-formulation interaction, which will be denoted by op, is used to quantify
the variability of the each individual’s ratio of response to the test formulation versus to
the reference formulation. For example, suppose that the mean difference in individual
responses to two formulations (i.e., § = piT — pijr, where ¢ is the sequence number and
j is the subject within a sequence) is normally distributed with mean 0 and variance O’QD.

When gp = 0.1, less than 3% of individuals will have a true equivalence ratio outside of
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the interval (-0.2231,0.2231). This corresponds, on the original scale, to the ratios being
outside of the interval (0.8,1.25), which has been the standard region for biocquivalence
since the TOST was adopted. When op = 0.15, the proportion of paticnts outside the
biocquivalence interval rises to almost 14%. With the potential for so many patients to
have a mean response to a generic product outside of the interval where it can be deemed
cquivalent to the brand name, regulatory agencies become concerned when the point es-
timatc of op reaches this point. On the other hand, the variability of the point cstimate
of op tends to incrcase as the variability of the formulations under study increases. En-
drenyi, Taback, and Tothfalusi (2000) noted that the variability of the cstimate of op
increases as the within-subject variance for the reference formulation (0%, ) increases.
This makes putting a regulatory upper bound on op problematic. As we will see, ap is
a tunction of the difference in the between-subject variances and of the correlation of the
subject’s response to different formulations. A relatively high value of o can signify ci-
ther a relatively high difference in the between-subject variation for the two formulations,
or relatively low correlation of the responses within a subject from dose-to-dose, or both
of these things.

In individual bioequivalence, we are also interested in how the within-subject variance
differs between the formulations under consideration. It may even be considerced beneficial
if the new formulation has a smaller within-subject variance. There are two issues are

present in the assessment of within-subject variation.

1. We nced replication of formulations within a subject to cstimate within-subject
variance (and the subject-formulation interaction). This leads to bioequivalence

studies with higher order crossover designs, such as 3 and 4-period designs.

2. Confidence intervals on the ratios of variances tend to be wide, even in studies with
large sample sizes. An approach to equivalence that incorporates the clements of

intcrest into a single function may be more desirable.

Biocquivalence studies tend to be much smaller than typical clinical trials. As stated

above the standard study design had been the 2-sequence/2-period crossover design, and
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the number of subjects is typically in the range 12 to 40. Because of the increased cost of
running longer studies with potentially more subjects, the move to 3 and 4-period designs
would be more acceptable if efficient designs arc implemented. Mandating the assessment
of variance ratios within the equivalence paradigm could curtail or effectively eliminate the
development of genceric drugs, or could cause the cost of generic drugs to increasc. Both
of these circumstances could have repercussions throughout the public health system.
Population bioequivalence addresses the issue of whether a patient who is prescribed
a drug product de novo will derive the same therapeutic benefit as they would had the
product that was used in the clinical trials from which the efficacy and safety of the product
was concluded. This may be necessary since the clinical trial material was likely produced
on a much smaller scale than the marketed product. The underlying idea of population
biocquivalence is that differences in the ‘ultimate’ (i.e., steady-state) concentrations of
two drug formulations depend on differences in the total variability of these formulations,
where the total variability is the sum of the between-subject and within-subject variances.
Population biocquivalence docs not require within-subject replication, so the standard

2 x 2 crossover design is sufficient for its assessment.

1.4 The Need for Individual Bioequivalence

Many statisticians in the pharmacecutical industry have questioned the need for man-
dating the assessment of individual bioequivalence. In 1999, Dr. Janc Henney, the com-
missioner of the FDA, stated in the Journal of the American Medical Association that ‘if
the FDA declares [on the basis of average bioequivalence] a generic drug to be therapeu-
tically equivalent to an innovator drug, the two products will provide the same intended
clinical cffect.’ The pharmaceutical industry, through various trade organizations, scems
to have taken a strong stance against individual biocquivalence, at least the fashion in
which the FDA has chosen to implement it. The purpose of this section is to give a short
argument on why individual bioequivalence addresses legitimate public health concerns.

Gould (2000) asserts that documented cases involving the failure of the average bioe-

quivalence criterion are ‘very rare’. We have found examples that suggest otherwise. The
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first is from a report of study conducted by Meyer et al (2000), who examined the indi-
vidual bioequivalence of brand name and generic formulations of methylphenidate after
reports of adverse drug reactions in paticnts were linked to a certain gencric formulation.
Meyer et al found that although the brand name and generic in question were average
biocquivalent (i.e., they were bioequivalent under the guidelines issued by the FDA in
1992) with respect to AUC and Cmax, and the formulations were individual bioequivalent
with respect to AUC, they were not individual bioequivalent with respect to Cmax. It
appcared that the generic had higher dose-to-dose variation and higher maximum plasma
concentrations in most patients. In some patients, the plasma concentrations increased to
the point where they experienced reactions such as vomiting and dizziness.

More disturbing is the testimony of Dr. Stephen Schachter on behalf of the Epilepsy
Foundation to the opening meeting of the FDA’s Pharmaceutical Sciences Advisory Com-
mittee (1999). which was convened to discuss the then proposed FDA guidance document

on individual and population biocquivalence.

Let’s focus on phenytoin and typical example of this problem [of switching
both to and between generic formulations]. Suppose that a patient nceds a
minimum blood level of 10 to control scizures and cannot have level over 15 in
order to avoid disabling side effects. Let’s say this patient is on DILANTINTM
which is the brand name phenytoin. On three DILANTIN a day, the patient
has a level of 10. Everything is finc. The patient is then switched to a gencric
version and her blood level drops to 8, resulting in seizures. This generic was
approved by the FDA because it fell within the —20% to +25% rule of the
FDA. The doctor checks a blood test, verifies that the level has dropped, and
then increascs the daily dose to bring the level back up to 10. Again, everything
was fine. Two months later, the pharmacy fills the prescription with another
company's generic phenytoin, and now the level goes up to 20. Now the patient
complains of side effects, and another blood test, doctor’s visit, and possibly
an emergency room visit result. This other generic was also approved by the

FDA. An additional change in dose is made and the cycle repeats.
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Dr. Schachter then cites an actual example where a patient who was switched to a
generic phenytoin required hospitalization for their seizures. The hospital bill was nearly
84000, while the cost difference between brand name and generic was $4. Dr. Schachter
also cites a survey of cpilepsy patients, in which 41% of those who were switched from
a brand name to a generic epilepsy medication had worse seizure control on the gencric,
and 32% had side cffects after being switched to the generic.

Both of these examples involve drug products that are used to treat ncurological
conditions. The cpilepsy example might be considered exceptional, because of the well-
documented sensitivity of paticnts to blood levels of the products used to treat their
condition. However, it is an example that may be becoming less exceptional, for the
FDA, in reccent years, has approved products with narrow therapecutic indices (the ratio
of the maximum tolerated dose to the minimum effective dose) for conditions such as
Alzhcimer’s discase and schizophrenia. As these products come off patent, they will be
subject to gencric competition. The potentially serious side effects associated with some of
these breakthrough trcatments may have prompted the FDA to be proactive in enacting
their new bioequivalence regulations, so that the effect on the patient population of generic

products cntering the market for, say, schizophrenia may be minimized.

1.5 Statistics and Bioequivalence

There arc many aspects to the debate on individual and population bioequivalence.
Most involve the medical sciences and public health, but some reach into economic and
even political issues. The common thread is that these are all fields in which statistical
methods have been of great utility. The purpose of the following investigations is to address
some of the statistical issues that have arisen in individual and population bioequivalence.
We will concentrate on how the statistics relate to pharmacology and bioavailability. Our
hope is that the new methods developed here and our investigations of the properties of
study designs for bioequivalence will have an impact, not just on the medical and scientific

end, but also on public health and economic aspects of bioequivalence.
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In the following chapters, we will address the statistical issues of bioequivalence re-
lated to the pharmacology of the problem. Chapter 2 sets the statistical foundations for
our investigation, and details the current state of the statistical cvaluation of individual
and population bioecquivalence. It also introduces the generalized p-value (GPV) within
the context of lincar mixed models, which will become the basic tools in our evaluation
of biocquivalence. Chapter 3 introduces the application of the GPV for assessing individ-
ual and population biocquivalence in studies with 4-period crossover designs. Chapter 4
docs the same for 3-period crossover, and Chapter 5 looks at the evaluation of population
bioequivalence in the standard 2 x 2 crossover design. Chapter 6 compares the cfficiency
of candidate crossover designs for bioequivalence studies in which individual and popula-
tion bioequivalence are cvaluated. Chapter 7 will explore the application of generalized
confidence intervals to individual and population biocquivalence parameters. The major
conclusions and summary of our contributions will be contained in Chapter 8, along with

suggestions for possible future dircctions for resecarch.
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Chapter 2

STATISTICAL BACKGROUND FOR INDIVIDUAL AND POPULATION
BIOEQUIVALENCE

The new FDA guidance document on statistical aspects of bioequivalence testing
(US Food and Drug Administration, 2001) is intended to contain most of the nccessary
information nceded to do the proper statistical assessments for bioequivalence studies. It
details the criteria, basic study designs, methodology, and other issues that arise in the
analysis of bioequivalence. In this chapter, we introduce the FDA’s recommended statisti-
cal model, criteria, and methodology for individual bioequivalence (IBE) and population
bioequivalence (PBE). Then we look at some other testing procedures from the statistical
litcrature for assessing IBE and PBE. Finally, we introduce the generalized p-value (GPV,
Tsui and Wecrahandi, 1989), which we will use in subsequent chapters to construct tests
for the individual and population bioequivalence parameters recommended by the FDA,
and the allicd concept of the generalized confidence interval (GCI, Weerahandi, 1993),

which we will use to construct intervals for these bioequivalence parameters.

2.1 Study Design and Statistical Model

The designs that we will consider for the evaluation of individual and population
biocquivalence are in Table 1. The first design is a 2-sequence 4-period design (254P [we
will use this notation, where the first number is the number of sequences and the second
is the number of period, throughout]). This is the design preferred by the FDA for the
assessment of individual bicequivalence (FDA, 2001). In this design, each subject receives
cach formulation twice. Variants of this design with 4 and 6 sequences are also used. The

sccond design is a 2-sequence, 3-period design (2S3P) that is cited in the current FDA
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statistical guidance document for bioequivalence. We will sometimes call this design the 3-
period dual design. A dual design is one where each sequence has a counter-sequence with
the opposing treatment (formulation) in cach period. The 4-period designs that we will
study arc also dual designs. Under certain conditions, the optimal design for assessment of
mecan cffects is a dual design (Kenward and Jones, 1989), but our experimental situation
dictates that we cannot make any of the assumptions that lead to this type of optimality,
nor are such assumptions particularly relevant. A property that is apparently relevant to
our cxperimental situation is uniform within sequence or sequence-halanced (Chinchilli and
Esinhart, 1996), which dictates that cach sequence have each treatment the same number
of times, so that the same information is extracted from cach sequence. The third design
in Table 1 is a 3-period design that is sequence-balanced, the 3-sequence, 3-period design
(3S3P). We will also refer to this design the extra-reference design, since the reference
formulation appears twice in cach sequence.

The assessment of individual bioequivalence requires study designs with some degree
of within subject replication of treatments. All 3 designs discussed in the previous para-
graph can be used to assess IBE. The fourth design in Table 1, the 2-sequence, 2-period
design (2S2P) cannot be used to assess IBE, since the primary IBE criteria are not cs-
timable in this design. We will still consider this design, however, for the assessment of

population bioequivalence.
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Table 1. Designs for Individual and Population Bioequivalence

2-sequence/4-period (2S4P)
Sequencel T R T R
Sequence2 R T R T

2-sequence/3-period (2S3P)
Sequencel T R T
Sequence2 R T R

3-sequence/3-period (3S3P)
Sequencel T R R
Sequencc2 R T R
Sequenced R R T

2-sequence/2-period (2S2P)
Sequencel T R
Sequence2 R T

In all of the designs that we will consider, cach subject receives cach formulation at
lcast once. This removes from consideration the 4-sequence, 2-period design (4S2P) fre-
quently known as Balaam’s design. Balaam’s design is a standard 2 x 2 (2S2P) crossover
with uniform sequences of the test (TT) and reference (RR) treatments appended to it.
This makes all of the necessary IBE parameters estimable. However, since bioequivalence
studies usually have a small number of subjects, there is a possibility of bias due to the
presence of variant subgroups in one of the sequences (Chen et al., 2000). Thercfore, the
FDA strongly advises against the used of Balaam's design for the evaluation of bioequiv-
alence.

The observational model from Chinchilli and Esinhart (1996) is given below.
Yijkt = ik + Yikt + i + € 1=1,...,5; j=1l...,n;; k=T,R; =12

Here Y4 is the response from subject j in sequence 4 to the I** application of treatment
k, and s is the number of sequences. The parameters uT and pg are the population mean
responscs to treatments T and R and ;i is the (unknown) fixed effect corresponding to
the [t application of treatment k in sequence i. The following estimability conditions are

imposed on the vix.

2
iz'ymzo fOl‘k=T,R
i=1 =1
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Furthermore, 7ijx is a random effect of subject j in sequence i when receiving treatment
k, and € arc within-subject random errors. The random variables €;;;; are jointly
independent and distributed normally with mean 0 and variance oy (k = R, T), and the
vectors 1, = [mij7.nijr)’ are mutually indcpendent bivariate normal with zero means and
a variance matrix given by

V= ( okr  POBTIBR )
POBTOBR 0233

Finally, {n;;} and {e;n} are mutually independent. For convenience, we also define

d= KT — R, 0%3 = 0287’ +U2BR - 2PUBTUBR’ ‘7’%‘7' = 02BT + D'fVT, and U?ZR = U%R + U%VR'

2.2 Criteria for Individual and Population Bioequivalence

The criteria for individual and population biocquivalence arc based on distance met-

rics proposed by Sheiner (1992) and by Schall and Luus (1993). Consider the following

squared distances

d(Yr,Yr)? = E(Yr — Yg)?
d(Yr,YL)? = E(Yg — Y1)2.

The first cxpression is the distance between the test formulation T and the reference
formulation R. Becausc of the inherent variability of the process, this distance is compared
to the distance between any 2 applications of the reference formulation. Sheiner (1992)
proposed comparing a function of the ratio of 2 very similar distance functions-the Sheiner
criterion is bascd on the distance from a constant target value T'. He referred to as a relative

risk ratio
_ E(Yr — T)?
T E(Yg-T)*

When we take the target value to be T = ug, then Sheiner’s criterion can also be expressed

©,

as

_ 2
o, = E(Yr —Yg)

T 05E(YR - YR)? L

This proposed criterion suffered from a lack of statistical power for IBE: even for a 4-period

study with a total of 40 subjects, the test of relative individual risk (RIR) he proposed
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had only 16% power for concluding bioequivalence when the regulatory upper bound for

the RIR was set at 1.44.

Schall and Luus (1993) proposed examining the difference of the distances, that is
©: = E(Yr — Yr)? — E(Y}, — Yr)%.

The Schall and Luus criterion appeared to be better with respect to statistical power,
since it apparently requires much fewer subjects to be reasonably assured of concluding
biocquivalence.

The evaluation of these metrics is based on whether one is interested in individual
or population biocquivalence. We will demonstrate by evaluating the Schall and Luus
criterion for both IBE and PBE. For IBE, the evaluation of the expectations is conditioned

on the individual subjects, yielding

Orn E(Yr — Yr)* - E(Y}, - Yr)?

2, 2 2 2
= (8 + o} +adyr +ojyr) - (20%r)

2., 2, 2 2
8 +0p + ovr — Tive,

where § = pur — ug is substituted for the mean difference between the formulations, and
o’% = O‘?é'r + O’%R — 2popropgr is the subject-formulation interaction. This form is the
manner in which the Schall and Luus IBE criterion is usually presented. For PBE, the

distance cxpression is cvaluated by conditioning on the subject population, yielding

Op2 = E(Yr —Yg)*-E(Yh—Yg)?

(8% + o%r + okhg) — (20hR)

2 2 2
0% + o T — Orps

where o3 = o} + ofyr and ok = 0%, + 0¥ g are called the total variances of the
respective formulations, since they the sum of the between-subject and within-subject
variances. Again, the latter expression is the most common form of expressing the Schall

and Luus PBE criterion.
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Evaluating the Sheiner criteria in the same manner yields the following expression for

IBE and PBE, respectively. ‘ )
o = 62 + 02,3 + Oy
. FWR
d° + arp
ThR

The distance interpretation of these criteria make them intuitively appealing. Schall and

Op, =

Luus were able to show, by using actual biocquivalence studics as examples, that one
could conclude IBE and PBE with a relatively small number of subjects. But it appears
that variability of this metric is directly proportional to the components themselves, which
makes it problematic to mandate a single upper bound that is widely-applicable over a
range of likely valucs. The FDA has addressed this problem by dividing the Schall and

Luus criteria by an appropriate scale factor, so that they become

2, 2 2 2
0° +op +ojyT — Tiyr

OrBe = p
WR

for IBE, and
OppE = 8% + a%;r - U?m
9RRr

for PBE. Since the scale factor is based on the variability of the reference product, these
criteria are called reference-scaled. Thus the FDA criterion is a hybrid of ©; with its
scaling propertics, and ©,, which is based on an absolute difference. But now there
is the potential that these criteria put an unfair burden on test formulations that are
compared to reference products with relatively low variation. We illustrate this problem
with the following example: suppose that Manufacturer A is comparing their gencric
to the product of Innovator A, and that the biocquivalence parameters have the values
§ = 0.05,0% = 0.01,0% = 0.03, and o p = 0.02. We then have O;pp = 1.125.
These parameters are all well within the allowances (discussed below) set by the FDA to
determine the regulatory upper bound. Now consider Manufacturer B, who is comparing
their generic with Innovator B, and that the bioequivalence parameters have the values § =

0.05,0% = 0.01,0% = 0.25, and o}, 5 = 0.2. The value of O;5¢ = 0.5625 is much lower

than for the Generic A comparison, despite that the difference in within subject variances
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is much higher than 0.02, the allowance for the difference in these parameters given by
the FDA. Therefore, Manufacturer A may have a more difficult time than Manufacturer B
showing that their generic is equivalent to its respective innovator product, despite having
a formulation that is ‘more equivalent’. The solution of the FDA was to put a lower bound
on the denominator of the criterion. This results in the FDA mixed-scaled criteria for IBE

2, 2 2 2
0° + 0p + oiyr — Tiyr
2
maz(afy g, Iiyg)

OrBE =

1

and for PBE

8% + oy — kg
OPBE = ——F5—— -
maz(ohp, TFg)

The FDA derived the value for o3, by solving the expression

[log(}).25)]2 195

Tivo

for af-g. which gives od,; = 0.0398344, which they rounded to 0.04. A very similar

cxpression for 03, also yiclds a value of 0.04. Since the constant scale factor is the same
for IBE and PBE, we will often refer to the constant-scale factor merely as o3.

To derive the regulatory upper bounds for ©;p¢ and Oppgg, the agency plugged-in

various allowances for cach set of parameters into the appropriate criterion. For IBE, the

allowances arc § = log(1.25), o%, € (0.02,0.03}, and 03, — 0%, g = 0.02. Setting 0% = 0.03

and the denominator equal to owg = 0.04, this process yiclds

_ (log(1.25))® +0.03 +0.02 _
6 = o0l = 2.4948.

Similarly, for PBE we have the same allowance for §, a?n-—a%z r» and the same denominator

(since 0}4 = g}y, to yield

9, — (09(1.25))% +0.02
P= 0.04

= 1.7448.

The above criteria are referred to as aggregate criteria, since the parameter of interest
is an aggregation of individual model parameters. Some rescarchers (e.g., Gould, 2000,
Chow and Liu, 2000), have proposed assessing the individual model parameters, such as

§ and 02, separately. This is known as the disaggregate criteria approach. Some of the
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problems with disaggregate criteria are that the statistical properties of the estimates of
some paramcters arc not well understood, as for 020, and that using certain parameters,
e.g., afy7/0% g, to assess bioequivalence may lead to dramatic increase in samples sizes,
which would have a drastic effect on how bioequivalence studies are conducted. Critics
of the aggregate approach, in particular the FDA criteria (e.g., Hsuan, 2000), arguc that
tradeoffs between parameters in the FDA criteria may lead to, for example, concluding
individual bioequivalence for two formulations that are not cven close to being average
biocquivalent. The FDA has specifically addressed this last criticism by requiring some
form of average bioequivalence as a prerequisite to IBE and PBE. The FDA also defends

tradcoffs between parameters as, in part, consequences of the estimation process.

2.3 The Statistical Methodology of the FDA Guidance Document

The original draft of the current FDA guidance document on statistical methods for
bioequivalence recommended using the non-parametric bootstrap (Efron and Tibshirani,
1992) for asscssing ©;pg and Oppg. The statistical methodology of the final FDA guid-
ance document js based on the work of Hyslop, Hsuan, and Holder (2000), which in turn is
based on the work of Howe (1974), who was interested in constructing a confidence interval
for between-subjects variance component (frequently denoted as ¢2) in the one-way ran-
dom cffects model. Howe's ideca was that one could construct an approximate 100(1 — a)%
interval on o2 by constructing exact intervals on the constituents no2 + o2 and o2, and
then combining the lengths of the respective intervals to get the length of the interval for
a2. Howe showed that his interval had many desirable propertics, making it superior to
those of Moriguti (1954) and Bulmer (1957). Apparently Howe was not familiar with the
work of Tukey (1951) and Williams (1962) on this problem. Howe's approach, however,
was morc general, and he speculated that his work could be extended to general linear
combinations, as was done by Hyslop et al. (2000) for the FDA individual bicequivalence
criterion Orgg. To do so, these authors had to linearize the criterion by multiplying both
sides by the appropriate scale factor, either o, or o%,,. They also reparameterized in

terms of 0} = 0% +0.50%, 1 + 0.50%, 5 (n.b., 02 = Var(§)), and then put all the non-zero
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terms in the IBE cxpression on the same side of the inequality, so that the IBE criterion

becomes

6% + 0% +0.50% 1 — 1.50% p — Ormaz(afy g, otyg) <0

The lincarized criterion is used to construct a 100(1 — @)% lower confidence interval.
This is done by constructing exact 100(1 — a)% intervals for cach of the components,
lower confidence intervals (upper bounds) for components with a positive sign, and upper
confidence intervals (lower bounds) for components with negative signs. The half-lengths
(i.e., the distance between the point estimate and the bound) of cach interval are squared,
summed, and the square root of the resulting variance estimate added to the point estimate
4 to get an approximate 100(1 — a)% interval. This results in the following upper bound

for the lower 100(1 — @)% intervals:

YR + (HY + H} + HYyp + HYy )3
for the reference-scaled criterion, and

jc + (HY + H} + HEyp + Heyppe)™®

for the constant-scaled criterion, where

¥r = 8% + s} + 0.5sfyr ~ (1.5 + 0r)s}y

2
= (Vr—-F ML S e
Hp={ (YT —YR)+tayp P (Yr—Yr)

174 174
H,=52< - —1) Hyr =0.582 ( —1)
"\x2. WTAXE,
. 2 v . 2 v
Hyrr=-(1.5+ HI)SWR 3 -1 Hwrec = —1.5siyp 5 -1
l—-aw l-aw

The decision rule is to conclude IBE if the upper bound of this interval is less than 0. A
similar formulation can be used to assess PBE, but adapting the procedure in this way
will, as we shall see, be problematic. We refer to this procedure for IBE as the Howe-type

small sample confidence interval (HSCI) test, since the methodology is based on the work
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of Howe. Alternatively, we will also at times refer to this and similar testing procedures
as the FDA test, particularly in the context of PBE.

By all accounts, the HSCI test for IBE appears to perform very well. Hyslop et al
showed that, in most cascs, it holds its size at or below the nominal, and that it has better
power and smaller sample size requirements than bootstrap procedures for the 4-period
design that they studied. HSCI tests have also been independently developed for 3-period
crossover designs by Hyslop and Iglewicz (2001), and by Chow, Shao, and Wang (2002).
The HSCI test is also relatively straightforward to implement. It does, however, have one
drawback: the upper bound that is used as the test criterion is discontinuous when one
switches from constant to reference-scaled criterion (FDA, 2001). Of the various solutions
proposed for this problem, the FDA guidance document allows the so-called ‘play-the-
winner’ rule, in which one computes upper bounds for both reference and constant-scaled
criteria, then chooses the more favorable (to the conclusion of IBE) result. This has
the cffect of slightly inflating the Type I crror of the test. A test procedure that is not
discontinuous at the changeover point from constant to reference-scale criterion may be
considered a marked improvement.

As well as the HSCI test performs for IBE, it may be surprising that the adaptation
of this procedure in the FDA guidance document to PBE is suspect. The title of Howe's
paper specifies that he was interested in confidence intervals for lincar combinations of
independent random variables. But the random variables that arc formulated in the
assessment of © pg e are not all independent. This is why we refer to the testing procedure
as the FDA test in this context. We will sce that ignoring the dependence structure of
the random variable has a detrimental effect on the power of the FDA test, compared to

other procedurcs, such as the bootstrap, which do not ignore this dependence.

2.4 Modified Large Sample Tests for IBE and PBE

Graybill and Wang (1980) developed methods for constructing confidence intervals
on linear combinations of variance components with non-negative coefficients which they

dubbed as modified large sample (MLS) intervals. Over the following decade and a half,
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Graybill, Wang, Burdirk, and their associates extended the MLS methodology to a variety
of functions of variance components and to a variety of experimental designs. Most of these
methods are cataloged in the book by Burdirk and Graybill (1992).

One problem in adapting MLS intervals to bioequivalence is that ©;3 and Oppg
are not functions of variance components alone: the mean difference § = ur — ur appears
as a squared term in both of these parameters. The fact that 62 has a non-central x2
distribution further complicates the matter. Quiroz et al. (2002) address this situation by
following Patnaik (1949) in cquating the non-central x? with a central x? whose degrees
of freedom are cstimated by setting the first 2 moments of the non-central x2 to the first
2 moments of a central x? distribution. They then use Satterthwaite’s method (1946) to
combine terms with like signs, and then compute an upper 100(1 — a)% bound using the
appropriate MLS method. For reference-scaling, this is the method that Lu, Graybill, and

Burdirk (1989) developed for rational functions of variance components. The resulting

(1 — @)% upper bounds are

U _ﬁ[2+k5/(klk2)+vVA\n] —15
IBER =T 2(1 — ka/K2) .5,
where
Vars = (2 + ks/(kik2))? ~ 4(1 — ka/k3)(1 — ks/kD),
k; = S§%/(sn) + [1 — 1/(sn)]S? + S%/2,
=55,
k3 = (Fawons — 1)*[SH/(sn)]? + (Fawom, — 1)*[(1 — 1/(sn))SF]?
+(Fasoonr — 1)2(57/2)%,
k4 = [(1 - Fl-a:co.nn)5?2]21
ks = S4[keS%/(sn) + k2(1 - 1/(sn))5? + kgs%/2],
L _ (1- F[..Q;n-,nn)z - (Fa:oo,n‘ - 1)2Fiz—a:n‘,ng —(1- Fl.—a:oo,ng)2
) - )
2 Fl—a:n'z',n. 2
ks - (1 - Fl—cr:n,,ng) - (Fa:cc,m - 1) Fl—a:n,,ng - (1 - Fl—a:oo,nn)
2 Fl_a:n’f"‘& 2’
ks — (1 - FL—a:n-p,nR) - (Fa:co,nr - 1) Fl-—a:n'r.ng - (1 - Fl—moo,ng) )

F, l—ammrng
For constant-scaling, they use the lower interval (i.e. upper bound) of Ting et al.
(1990) for lincar combinations of variance components with cocfficients unrestricted in

sign. The resulting (1 — @)% upper bounds are
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ki — 1.5k2 + vVass
o ’

Uiec =

where

Vars = k3 + 1.5216:4 + 1.5ks.

Quiroz et al. compared test procedures for IBE and PBE based on their MLS intervals
to the HSCI test. They found that HSCI test had slightly better power for IBE, while
the MLS intervals produced slightly more powerful tests for PBE. The MLS intervals are
also on the same scale as the paramcters ©;gg and @ppg, not the lincarized scale of the
HSCI intervals. Quiroz et al. claim that this as an advantage of the MLS, although it is
not clear, given the novelty of the biocquivalence criteria in question, how uscful intervals

on this scale are, except for comparison to a pre-specified regulatory bound.

2.5 Wang’s Unbiased Test for IBE

The other method in the extant statistical literature for assessing IBE is an unbiased
test developed by Wang (1999). His approach closely followed that of Brown, Hwang,
and Munk (1997), who developed an unbiased test for average bioequivalence. Wang's
approach requires special calculation of tolerance limits for cach case. He also developed
his test for a certain class of 3-period designs, cven though the data example he uses
is derived from a 4-period study, not addressing the fact that some of the secondary
IBE paramcters arc non-identifiable in the design that he chooses, and he ignores the
use of mixed-scaling, choosing to consider only the reference-scaled criterion. Both of
the latter choices appeared to have been made not for scientific reasons, but purely for
mathematical convenience. This is probably why his methodology has not gained wide
accceptance. Thercfore, we do not compare the tests we have derived to this test. It should
be noted that the unbiased test of Brown et al. had also failed to replace the two one-sided
tests approach of Schuirmann (1987) for average bioequivalence, and that the Wang test
for IBE has not even been mentioned as an alternative in the FDA guidance document
(2001). This appears to be due to the mathmatical complexity of both the Brown et al.
and the Wang approaches.
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2.6 Generalized p-Values

The remainder of this chapter is devoted to the methods that will be the primary
tools in our approach to asscssing IBE and PBE: gencralized p-values and generalized
confidence intervals.

Suppose we wish to test Hg : 8 < 6y versus H, : 8 > 6. For an observable random
vector X, Tsui and Weerahandi (1989) defined a generalized test variable (GTV) to be a
function T(X; z, §), where z is the observed value of the random vector X, and € = (6, (),
with € being a scalar paramecter of interest, and ¢ a vector of one or more nuisance

parameters. Tsui and Weerahandi imposed on T(X'; z, §) the following three requirements:
1. T(z;z,€) =t is free of €.
2. For fixed £ and &, the distribution of T(X; z, £) is free of the nuisance parameter ¢.
3. For fixed z and ¢, Pr(T(X;x,€) > t | 8) is non-decreasing in 6.

Using the function T(X; z,€), the generalized p-value for the test of Hy against H, is

defined as

= Su PriT(X;z, > t|@
p=Sup r[T(X;z, &) > t]6]

From property (3) above, it follows that
p= oSélg PriT(X;=,€) > t0] = Pr(T(X;e,§) > t|6o].
=Vo

By properties (1) and (2), the generalized p-value is not dependent on nuisance parameters,
and hence can be computed based on data alone. For a nominal a level test of Hp against
H, one rcjects Hg whenever p < a.
The above definitions of generalized test variable and generalized p-value are, respec-
tively, analogous to those of test statistic and p-value in classical hypothesis testing.
Weerahandi (1995) refers to the tests derived using the GPV as exact tests in the

following sensc:
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With respect to a specified probability measure, a sample space, and the pa-
rameter of interest fixed at the value specified by the null hypothesis, p-value is
the ezact probability of a well-defined eztreme region (a well-defined subset of
the sample with the observed sample on its boundary)[.] (Weerahandi, 1995,
pg. 112).

It should be noted that for many of the well-known exact tests of classical statistics,
i.e., cases where we have a test statistic with a sampling distribution that is both free of
nuisance parameters and tabled, we can derive a GPV test that coincides with the classical
test. An example of this is the test of Hy : 02 = 0, where o2 is the between block variance
component. in the one-way random cffect model. Under the null hypothesis, a natural GTV
is F = MSA/MSE, which is the same as the classical test statistic, where the numerator
and denominator are the block and crror mean squares, respectively. Therefore, the GPV
test corresponding to this GTV and and the classical test are the same. This lends credence
to the notion that GPV methods lcad to sensible testing procedures. The advantage of
the GPV is that we can derive a test for the more general hypothesis Hy : 62 < 4, for

which classical testing procedures do not exist when § > 0.
2.7 Generalized Confidence Intervals

Closcly related to the GPV is the generalized confidence interval (GCI, Weerahandi,
1993). The GCI is based on the gencralized pivotal quantity (GPQ), which is the closely

relate to the GTV. Thus the GCI is the interval estimation counterpart of the GPV.

Wecerahandi (1993) defined R = r(X; z, §) as a generalized pivotal quantity (GPQ) if

it satisfies the following two conditions

Property A: R has a probability distribution free of unknown parameters.
Property B: The observed pivotal, defined as ry = r(@; ¢, &), does not depend on

the nuisance parameter (.

Now, we dcfine a set C., such that

PrlReC,]=1.
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In direct analogy to the pivotal quantity method, we obtain a subset C(X) of the sample

space such that

PriX €C(z)] = 1.

We further define a subset @, of the parameter space © of 8 such that
Oc(r) = {6 € Olr(z; . §) € Cy}.

The interval estimate O,(r) derived from the generalized pivotal quantity R is a gencralized
confidence interval of 9. If we are, for example, interested in finding a 95% GCI on R, we

would find L and U such that
PrL< R<U|R=r(z;z, &) =0.95.

If we take L and U such that Fr{(L) = 0.025 and Fg(U) = 0.975, where Fg(.) is the
cumulative distribution function (CDF) of R, we get the cqual-tails GCI of . We can
also attempt to find L and U such that the length of the interval is minimized. When
cvaluating individual and population bioequivalence, we often have L = —oo, so that, by
finding U such that Fr(U) = 0.95, we get a 95% lower generalized confidence interval on
. Since Propertics A and B of a GPQ correspond to Properties 1 and 2 of a GTV, cach
GTYV has an associated GPQ.

2.8 Comparison of Generalized p-Value and Bayesian Methods

The similarity between the generalized p-value and Bayesian methods has been ob-
served by several authors, including Tsui and Weerahandi (1989) themselves. They noted
that, in certain cases, the GPV solution is identical to the Bayesian solution derived using
a non-informative prior such as Jeffreys’ prior. An important casc where this occurs is in
the Behrens-Fisher problem, where Tsui and Weerahandi note that GPV solution is the
same as the Jeffreys’ Bayesian solution (Jeffreys, 1967), and the fiducial solution known to
Fisher and his contemporaries. This section examines, in general, some of the connections

and differences between the GPV and Bayesian methods.
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We start with the definition of the generalized p-value. For testing the null hypothesis
Hp : 8 < 6 versus the alternative H, : 8 > 6p, if T = T(X, x,€) is the generalized test
variable which is stochastically increasing in 8 (the parameter of interest), then the GPV
is

P = Pr(T = toss|0 = o)
where tops = T(x.x,€;) and € = (6p,{). This probability is taken over the joint dis-
tribution of X given Hy regarding = as a known fixed constant vector. To facilitate the
comparison to Bayesian methods, we need to provide some justification for making ‘fre-
quency’ type statements within a Bayesian framework. This justification was argued for
within the context of applied statistics by Rubin (1984), whosc ideas were formalized by
Meng (1994) into what the latter called the posterior predictive p-value (PPV).

The posterior predictive p-value is defined as follows: suppose that we have a test
variable T(X) that we will use to test the same null hypothesis that is in the previous
paragraph. To compute a classical p-value, T'(X) nceds to be a pivotal quantity, i.e., free
of unknown nuisancc parameters. To compute a Bayesian p-value, we consider a ‘future
obscrvation’ "¢, which is called a replication of the fixed observed value z of the random
variable X. We then define a discrepancy variable D(z,) that is a function of the data
and the parameters, the latter feature distinguishing it from a classical test statistic T'(z).

The posterior predictive p-value is then defined as
pB = Pr{D(z"?,y) = D(z, )|z, Ho},

with this probability taken over the joint posterior distribution of " and ¢ given Hy
and z.

Although the interpretations are different, the similarities between the GPV and PPV
arc now apparcnt. Both arc based on a test variable that is a function of both the data
and the parameters. They differ in that, for the GPV, the probability calculation does not
depend on the nuisance parameters, whereas the PPV calculation handles the nuisance
parameters through the specification of the prior distribution. In both approaches, the

selection of a test variable is critical. Because removing the dependence on nuisance
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paramecters is nccessary in order to compute a GPV, Weerahandi (1993,1995) often appeals
to invariance arguments to justify the choice of a generalized test variable. On the other
hand, Meng (1994) scems to favor basing his discrepancy variables on likelihood ratios.
The respective derivations of T(X, =, §) and D(z,v%) may not always be straightforward.
Although Meng does not discuss desirable propertics for a discrepancy variable, it appears
that choosing D(x,1) so that it has some sort of monotonicity properties like the GTV
would be advantagcous.

It is noteworthy that Meng derived a slightly different solution to the Behren-Fisher
problem from that of Jeffreys’ (1967) and Tsui and Weerahandi (1989), but Meng then
notes that the Jeffreys’/GPV solution can be obtained using the PPV if one ignores the
information p; = o in the null hypothesis.

In general, the GPV will not always correspond to the Bayesian solution derived using
Jeffreys’ prior. This was shown by Chiang (2001) for the related problem of constructing
confidence intervals for general functions of variance components (Chiang’s method of sur-
rogate variables (SV) is the same as Weerahandi’s generalized confidence interval method-
ology). Chiang obscrved that the fiducial distribution associated with the SV/GCI differs
from the posterior distribution derived using Jeffrey’s prior in that the use of Jeffreys’
prior restricts the parameter space of the variance components to positive values. Chiang
notes that this restriction of the parameter space can lead to some peculiar results. For
example, Chiang’s results scem to indicate that in the one-way random effects model,
Baycsian intervals computed using the methodology of Wolfinger and Kass (2000) had
poor coverage for the within-block variance component o2, compared to SV/GCI inter-
vals, when o2 was close to zero. However, these results, as mentioned above, are based on
a particular prior distribution. There scems to be no reason why one cannot choose a prior
distribution so that the resulting posterior distribution matches the fiducial distribution
given by Chiang. We could specify a prior distribution which allows the circumstance
a2 = 0 to have a probability p > 0, making the Bayesian interval more general. Therefore,
the question becomes not whether the sampling distribution associated with the GPV for

a particular problem matches the posterior distribution derived using Jeffreys’ prior for
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that problem, but whether (and when) it is possible to find a prior distribution so that
the Bayesian and GPYV solutions will match each other.

The advantage of equating the GPV with established statistical methodologics is that
we can then adopt the properties of these methodologics as properties of the GPV. The
apparent relationship between the GPV and fiducial inference is useful in some circum-
stances, particularly with respect to the Behren-Fisher problem, but the lack of general
results concerning fiducial distributions severcly limits the applicability of this relation-
ship. Establishing a strong link between the GPV and Bayesian methods, especially the
posterior predictive p-value, would imbue the GPV with strong general propertics such as
average risk optimality. Weerahandi (1995) himscif has attempted to exploit such links
to claim that the results of Meng (1994) concerning the PPV also apply to the GPV.
Unfortunately. at present this link between Bayesian methods and GPV only exists for
those problems, such as the Behren-Fisher problem, where it has been shown that the
numerical calculation of the GPV can be duplicated by some Baycsian computation. To
make the desired link, we would nced a general result concerning the existence of prior
and posterior distributions that always generate ‘p-values’ numerically equivalent to the
GPV. But a general proof is likely to be very difficult, especially for multi-parameter prob-
lems. Even a weaker result, such as one where additional properties are imposed upon
the gencralized test variable or the discrepancy variable (or, most likely both) would be

extremely valuable.

2.9 Chapter Summary

This chapter was intended to lay the statistical foundation for developing methods
to assess individual and population bioequivalence. We have examined the bioequivalence
criteria and the statistical model recommended by the FDA. We have also presented a short
survey of methodological approaches to this problem in the extant statistical literature.
With this information and the scientific background given by the previous chapter, it

is hoped that the reader will be sufficiently prepared to understand the content of the

chapters that follow.
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Chapter 3

TESTS FOR INDIVIDUAL AND POPULATION BIOEQUIVALENCE
BASED ON GENERALIZED P-VALUES FOR 4-PERIOD STUDIES

SUMMARY

The US Food and Drug Administration (FDA) has proposed new regulations that
address the ‘prescribability’ and ‘switchability’ of new formulations of already-approved
drugs. Thesc new criteria are known, respectively, as population and individual bioequiv-
alence. Two methods have been proposed in the bioequivalence literature for assessing
population and individual bioequivalence that calculate an upper 95% confidence bound
for the bioequivalence criterion in question, and then test bioequivalence by comparing this
bound to the limit established by the FDA. In this paper we propose applying the general-
ized test variable (GTV) methodology of Tsui and Weerahandi (JASA. 1989, pp 602-607)
to this problemn to produce tests based on a gencralized p-value (GPV). This methodology
allows us to construct hypothesis tests in the presence of nuisance paramecters. Using
simulation we show that these tests perform well in comparison to the confidence interval

methods, and have superior power for assessing population bioequivalence.
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3.1 Introduction

In this chapter we examine the generalized p-valuc approach for making inferences
concerning the FDA-reccommended PBE and IBE criteria. The underlying statistical
model is described in Section 3.2. The Generalized p-value approach is described, along
with the notation we use, in Section 3.3. Sections 3.4 and 3.5 present the gencralized test
variables for IBE and PBE, respectively. Examples are also given for illustrating the appli-
cation of the proposed methods, with direct comparisons to the HSCI and MLS methods.
Scction 3.6 discusses the results of a simulation study we conducted for evaluating the
performances of the GPV mcthods. Comparisons to the HSCI and the MLS methods are
included. Section 3.7 discusses some of the advantages of the GPV approach over the
cxisting methods.

Hyslop, Hsuan, and Holder (HHH, 2000) only applicd the Howe (1974) methodology
to [BE. The cxtension of this method to PBE is given in the FDA guidance document
(2001), using, for the most part, the notation of HHH. Quiroz et al. (QTWB, 2002) have
addressed both IBE and PBE, using their own notation. It is assumed that the reader
is familiar with or can refer to the methods in the FDA guidance document (which are
largely the methods of HHH), and that the reader is also familiar with MLS mecthods for
constructing confidence intervals for variance components. For information on the latter,
onc can refer to the book by Burdick and Graybill (1992). It is further assumed that

the reader is familar with the concepts relating to the evaluation of pharmacokinetics and

biocquivalence.

3.2 Study Design and Statistical Model

Biocquivalence studics almost always have some type of crossover design, where cach
subject is administered each formulation of the study drug at lcast once. The crossover

designs that we will consider in this chapter are the 4-period designs given in Table 1.
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Table la

FDA-recommended 2-sequence 4-period design

Sequencel T R T R
Sequencc2 R T R T
Table 1b

FDA-recommended 4-sequence 4-period design

Sequence 1 T
Sequence 2 R
Sequence 3 T
Sequence 4 R

w8
Hoa3R
HoEH

The obscrvational model for 4-period crossover designs is given below.
Yijrt = pe + ikt + i e i=1,...,8; j=1,...,ny5 k=T,R; [I=12

where Y is the response from subject j in sequence ¢ to the [** application of trcatment
k, and s is the number of sequences. The parameters ur and g are the population mean
responses to trcatments T and R and v is the (unknown) fixed effect corresponding to
the [ application of trcatment k in sequence i. The following estimability conditions are
imposed on the «ig (sce Chinchilli and Esinhart, 1996).
s 2

> S viu=0 fork=T,R

i=l I=1
Furthermore, 755 is a random effect of subject j in sequence i when receiving treatment
k, and € are within-subject random crrors. The random variables €;;x; are jointly
independent and distributed normally with mean 0 and variance o3, (k = R, T), and the
vectors 1);; = [7:;7. 7i;R]’ are mutually independent bivariate normal with zero means and

a variance matrix given by

V= ( o%kr  POBTOBR )
POBTOBR  OBR

Finally, {n;;} and {€;u} are mutually independent. For convenience, we also define

b 2
§ = pr — pR, 0 = Ogr + kg — 2p0BTIBR, O = Ok + Ojyr, and ok = 0hg + ofyp-
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The methods under consideration by the FDA arc based on the following parameters,
one for PBE and onc for IBE. The parameters of interest, @ pgg and ©;gg, arc given in

Chapter 2. For PBE, we usc the following reparameterization of the ©pgg

2 2
og +0.504, 5

when 0% + 0.50% 5 > 0%,

(reference-scaled criterion)

OpBE = - -
PBE 62 + 02 + 0.50%,+ — 0% — 0.50%, 5

= when 0% + 0.50% g < 0%
(constant-scaled criterion)
where a% = a'fgk + 0.50wi, k = T, R. The reference-scaled criterion is to be applied when
the total variance 0% + 0.502, 5 of the reference formulation is greater than or equal to
a FDA spccified threshold value 0%,. Othcrwise, the constant-scaled criterion is to be
used. At present, the FDA recommended value for % is 0.04. Population bioequivalence
is concluded if it can be demonstrated that ©pge < ©®p where the FDA recommended
value for Op is 1.7448.
Likewise, for IBE, the reparameterization we will use is

( (,-2 + 0'% +0-50%VT - 1.505‘/’2

2 2
0 when GiwvR > Jivo
9ivr L
(reference-scaled criterion)
Orpe =
02 + 0} +0.50%,1 — 1.50%,

2 2
) when Cwnr S awo
Tivo I
L (constant-scaled criterion)

where 0} = 0% +0.50%,1 +0.50%, 5. The reference-scaled criterion for IBE is to be applied
when oy, is greater than or equal to a FDA specified threshold value o,,. Otherwise, the
constant-scaled criterion is to be used. At present, the FDA recommended value for o3,
is 0.04. Individual bioequivalence is concluded if it can be demonstrated that O < ©O;.
Currcntly, the FDA recommends a value of 2.4948 for ©;.

The quantity 0%, defined by Ekbohm and Meclander (1989) to assess the subject-

formulation interaction, is key to determining IBE. If we examine the identity
op = (08T — 08r)* +2(1 — p)osrosR

we sce that o7 is small when (1) opr is close to ggr, and (2) p is close to 1. Thus the

role of the correlation coefficient p in determining IBE is apparent. Although its role is
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less apparent in determining PBE, we will sec later that p is very important in this case

as well.

3.3 The Generalized p-Value

The genceralized test variable is the key to computing a gencralized p-value which
provides a measurc of discrepancy between data and the null hypothesis. Suppose we
wish to test Hy : 6 > 0 versus H, : 6 < 8. For an observable random vector X, Tsui and
Weerahandi (1989) defined a generalized test variable (GTV) to be a function T(X; z, ),
where & is the observed value of the random vector X, and § = (6, ¢), with 8 being a
scalar parameter of interest, and ¢ a vector of one or more nuisance parameters. Tsui and

Weerahandi imposed on T(X; @, €) the following three requirements:
1. T(z;z,€) =t is frec of &.
2. For fixed @ and &, the distribution of T(X; z, §) is free of the nuisance parameter .
3. For fixed ¢ and {, Pr(T(X;x,€) >t | ) is non-decreasing in 8.

Using the function T(X; z,£), the generalized p-value for the test of Hy against H,

is defined as

= Sup Pr{T(X;=z,§) < t{6].
oup PriT(X;z,8) < tif)]
Note that Tsui and Weerahandi (1989) define the generalized p-value as
= Sup Pr[T(X;z, &) > t|0
p=Sup r(T(X;z,§) > t|0]

which is slightly different from the definition given above. This is because their null
hypothesis and alternative hypothesis are Hy : 8 < 6y and H, : 0 > 6, respectively, rather
than Hy : 8 > 6y and H, : 0 < 6y, as in our case.

From property (3) above, it follows that

p= Sup PriT(X;z,§) < t6] = Pr{T(X:,£) < tlfo].
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By propertics (1) and (2), the generalized p-value is not dependent on nuisance parameters,
and hence can be computed based on data alone. For a nominal « level test of Hy against
H, onc rcjects Hy whenever p < a.

The above definitions of generalized test variable and generalized p-value are, respec-

tively, analogous to those of test statistic and p-value in classical hypothesis testing.

3.3.1 Summary Statistics

Consider a bioequivalence study with a 4-period, s-sequence, crossover design, where
subjects arc treated with both the test and reference formulation twice. As before, let
Yijki denote the response of subject j in sequence i to the I** application of treatment
k (k = T, R). In the statistical model of Section 2.1, the parameters that are needed to

compute the IBE and the PBE criteria are pr, ug, 0hy, 03, otyr: 0ty g, and p. We now
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define the following quantities.

- 1 1
Yijr= §(Yijkl + Yijka) Eijy = W(Yijkl — Yijk2)
— — —_ 1
Dij =Yir -Yijr Di= — > D;
] .
2
1 — ) —
D=23_D: S51 = Ty S, Dy ~ Do)?
1 1 &
Bie = — > By Vi = — D Vi
' =1 _ t =t =
SSwr = Yo ZiLi(Bijr — Eur)? SSwr =321 2751 (Eijr — Ewr)?
SSr =3 i X (Yijr — Yir)? SSr=Yi_1 Lii1(Yijr — Yier)?

SSrr =2 el Yiur = Yiur)(Yijr — Yier)

S5 SSrr
SSpir = SSp - ==I& B =
RIT SSr SSr
d=pur—up 0% =0y + ohy — 2p08T0BR
2 _ 2 L, 2 _ 2 1 5
"T—"BT+2"sV'r "R—UBR+§UWR
OTR
OTR = POBTOUBR B= -2
or
2
2 _OTp _J1 1
Thir = ok~ 52" c=\w X
; . 1
2 . . 2 2 }
0f = 0% + 0 ~20TR = 0] + §(UWT + Oivr) v=(8_ni)—s.

It is casily scen that the statistics D, SSr, SSwr, SSwr, SSt,SSgr, and B arc as-

sociated with the following pivotal quantitics with known distributions as indicated.

D-4 S5, 2 SSwr 2
=——° < N(0, =220 L = 2owT

Zp ca; (0 1) U 0’% Xv Uwr U%VT Xv

SSWR SST SSRT
Uvr=""F—~X2 Ur==-~x Urr = zl ~ X231

Oiwr or IRiT

S
Za = (B-8),| 22 ~ N, 1)
9RiT

The collection of random variables Zp, Ur, Uwr, Uwr are mutually independent. Also,

the collection of random variables Zp, Uy, Uwr, Ur, U, riT» Zp are mutually independent.
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Note that, the quantitics B and SSgr are, respectively, the lincar regression coefficient

and the residual sum of squares from the regression of Yi;jr on Y7.

3.4 Generalized p-Value for the Test of Individual Bioequivalence

The model parameters that appear in the definition of individual bioequivalence are
|8, 0%, o7, and o}, . Equivalently, we can use the parameters § = (758,07, 037,03 g)
as there is clearly a one to onc correspondence between the two parameterizations. Using
the latter paramcterization we have 8 = ©;pg as the paramcter of interest and { =
(03,0%1,0% ) as the vector of nuisance parameters. A gencralized test variable for IBE
is given by

¢ R -
©1pg mazx ("%Vo’ -—U'EVR) + 1.5

Sw SSWR 2
SSwr

OWR
SSwr

3
(D-146) SS1 SS; o . SSWT 2
d— c20? 4+ —0% +0.5——0
[252 'ss; SS; 1T U SSwr T
T
SS SS1v
wn) L 1.535WR
Uwr Uwr

d=Zp, [t ) + 2L 4 0.5
( P Ur U; DUWT

Here d, ss;, sswr. and ssyr are the observed values that correspond to D, SS;, SSwr,

T[(X;mvf) =

O max (d’f‘,o,

and SS\vr. respectively. and are regarded as known constants. Now, the distribution of
T/ (X;z,€) is free of all nuisance parameters. As a result of the way that the GTV is
defined, Ty(x; 2,€) = 1 when D, SSwr, SSr, and SSiw T are set cqual to their respective
observed values. Lastly, the GTV increases as ©7gg increases. Thercfore, the test function
T (X; z,£) we have defined has the required properties set forth by Tsui and Weerahandi
(1989).

Once the GTV is defined, the testing procedure requires computing the generalized
p-value p = Pr(Ti(X;x,6) < 1| ©;gg =0y). In some cases, e.g., the Behrens-Fisher
setup for testing the equality of two means with different variances, the GPV can be
cvaluated using numerical integration (Tsui and Weerahandi, 1989). In more complex
problems, the required probability may be cstimated using Monte Carlo methods (Zhou

and Mathew, 1994). In this case therc is error associated with the point estimate of the
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GPV, but this can be minimized by using a large number of simulations. For instance,
it is quite fcasible to estimate the generalized p-value using 100,000 or even 1,000,000
simulations. Fortunately, doing so is relatively straightforward. We have written code
in SAS® that cstimates the GPV using the Monte Carlo method with the number of
Monte Carlo cvaluations equal to a user specified number. Such a procedure estimates
the GPV with a standard crror less than or cqual to 0.2% when the number of Monte
Carlo evaluations is 50000 and with a standard crror less than or equal to 0.05% when

the number of Monte Carlo evaluations is 1000000.

3.4.1 Example 1: Verapamil

Hyslop et al. (2000) applied their method to a four sequence/four-period study to
assess the biocquivalence of two formulations of Verapamil in 23 healthy male subjects
(Chinchilli and Esinhart, 1994) . Using SAS, we computed the following cstimates for the

arca under the plasma concentration/time curve (AUC) for the log-transformed data:

= 56556 & =d=—0.01961
=0.1271 6% = 0.05924

These estimates match those given by Chinchilli and Esinhart (1996). It follows that,
sswr = 14155 sswrT = 2.4156 ss; = 1.1256.

Using HSCI. we obtain a 95% upper bound of —0.04006 for the lincarized IBE criterion,
from which we conclude IBE of the two formulations since the bound is less than 0.
The MLS method gives an 95% upper bound of 1.5903, less than ©; = 2.4948, which also
indicates IBE. The gencralized p-value, estimated using 50,000 simulated random variates,

is .0181 (with 95% confidence interval (0.0169,0.0193)). Here we also conclude IBE, since
the GPV is less than 0.05.

3.4.2 Example 2: Methylphenidate

Meyer et al. (2000) conducted a study to characterize the intrasubject variability

of methylphenidate. In this study 20 healthy male subjects were randomized to one of
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four 4-period sequences. Using SAS we computed the following estimates for AUC for the

log-transformed data

3.4252 5 =d =0.07796
0.03404 &2 = 0.02636.

jir = 3.5032
&3 = 0.05187

Q™

it
I e

VR

It follows that,
sswr =0.54461 sswr = 0.82991 ss; = 0.42181.

Using the HSCI mcthod we computed a 95% upper confidence bound of —0.0478, match-
ing the value given by Meyer for the constant-scaled criterion. The MLS method gives
a 95% upper bound of 1.338. The GPV is p = 0.0031 (with 95% confidence interval
(0.0026,0.0036)). Bascd on any of these methods one would conclude IBE for this param-
cter.

We also computed cstimates for maximum plasma concentration (Cmax)

fr = 1.9564 ir = 1.8652 § =d =0.09115
6% r =0.03057 &3, =0.06702 &7 = 0.06922
ssuwr = 048907 sswr =1.07237 ss; =1.10746.

Now the HSCI 95% upper confidence bound is 0.0502, again matching the value given by
Meyer for the constant-scaled criterion. The MLS upper bound is 5.7381. The GPV is
p = 0.2441 (with 95% confidence interval (0.2403,0.2479)). Hence, IBE of the formulations

is not demonstrated with respect to Cmax.

3.5 Generalized Test Variable for PBE

The model parameters that appear in the definition of population bioequivalence
are lJ[,a%,a'fﬂT, B, oiyr and of,5. Equivalently, we can use the parameters £ =
(®PBE. 0%, Oy B Ffyr, Tty ) as there is clearly a one to one correspondence between
the two parameterizations. Using the latter parameterization we have 8 = Opgg as the
parameter of intercst and ¢ = (02, a?z[’r’ B,0¥ 0% ) as the vector of nuisance parame-

ters. We first define the following quantities which will be used in the definition of a GTV
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for population biocquivalence.

2

02 B -— 02 SS S$S 02
T, cp £) = S$STOT ( B) R|IT"° R|T RITO9R|T
l(XY 1*,) - (——SS ) b—l— 2| s l +_.._.__l

SSr

2
ssT SSRIT SSpir
TYlo-1-2 ‘/——— +

(Ul ) ( o sstUpr ) Upr

D-§

d - VTi(X;2,§) (——)

= d—-cZpVTi(X;2,§)

”RlTURrr (B-58) ﬁ ”RiT‘“RlT SSTG%  SSWROM R
cp. &) =
T3(Xy33.g) SSRIT b- b.STSSer SS’I‘ + 2SSLVR
SST
SSRIT SSRIT SsT SSWR
= +(b-2 ‘/—— + SR
Urmr ( 5 -9STUR|T> Ur ' 2Uwr

Here d, sst, $spyr, sswr, sswr, b are the observed values of D, SSr, SSpT,

T2(X;xv f)

SSwr,SSwhr, B, respectively, and arc regarded as fixed constants. Note that cach
Ti(X;2,8) is distributed free of nuisance paramecters, and that T(z;z,§) = a%(ﬁ -

1)? + oxr = ot To(x; T, ) = §, and Ta(x;2,§) = 0.5, A generalized test variable for

PBE is then given by

Oppemaz {07, Ts(X;x,€)} + T3(X;z,€)

2 2
] 2, SSTOT | SSWTOWT
(X552, 812 + SSr + 25Swr
Oppemaz {03, Ta(X;z,€)} + Ta(X;,€)

> 381' SSWT
(X2, 6)]2 + + T

It follows that Tp(z:x, £) = 1. Now, the distribution of Tp(X; z, £) is free of all nuisance

Tp(X;z,8) =

parameters. Also. the GTV increases as ©pgge increases. Therefore, the test function
Tp(X; x, &) we have defined has the required properties set forth by Tsui and Wecrahandi
(1989). The generalized p-value for testing

Hy:Oppg >0Op versus H,:Opgg <Op
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is given by Pr(Tp(X;z,£) <1 |Opgre = ©p). This probability can be casily estimated
using a Monte Carlo approach.
The two datascts discussed in Scction 4 are used again to illustrate and compare the

three methods for PBE.

3.5.1 Example 1: Verapamil

For verapamil, using 03 = o} + 0.50%, and 0% = o}, + 0.50%,, to denote the

variances of ?,-j'r and 7;,- R, respectively, we have the following additional estimatcs.

5’% =0.27140 47 = 0.31633 B =b=0.97363
ssT = 5.1566 ssgpr = 1.1220.

Using HSCI, we obtain a 95% upper bound of —0.22959 for © pgg, from which we conclude
PBE of the two formulations since the bound is less than 0. The MLS upper 95% bound
is 0.80933, also indicating PBE since it is less than © p = 1.7448. The generalized p-value,
estimated using 100,000 simulated random variates, is 0.00001. Here we also conclude

PBE. since the GPV is less than 0.05.
3.5.2 Example 2: Methylphenidate

The additional estimates for the methylphenidate AUC data are

~

% = 0.12991 6 = 0.09305 8 = b=10.75669
ss =2.07850 sspr = 0.29876.

Using the HSCI method we computed a 95% upper confidence bound of 0.02836; the MLS
upper bound is 1.93625. Both methods lead to a decision of nonequivalence with respect
to PBE for the two formulations. However, the GPV is p = 0.0038 (with 95% confidence
intcrval (0.0021,0.0055)). Based on the GPV one would conclude PBE for this parameter.

A similar situation occurs for maximum plasma concentration (Cmax). The addi-

tional estimates arc

2 =0.11220 &% = 0.08850 B =b=0.58594
T R
sst = 17951 ssgT = 0.79969.

Now the HSCI 95% upper confidence bound is 0.0245, and for QTWB it is 1.8635, both

outside of their respective ranges for equivalence. But the GPV is p = 0.0250 (with 95%
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confidence interval (0.0207,0.0293)). This is sufficient to conciude equivalence for PBE
with respect to Cmax.

The disparity between the GPV method and the other two methods can be explained
based on the simulation results which suggest that the GPV method appears to have
substantially greater power for a range of paramecter value combinations. Morcover, this
increased power is attained without significantly exceeding the nominal type-I error rate.
When it comes to establishing population bioequivalence, the conservative nature of HSCI
and MLS mecthods results in a loss of power, thus increasing the burden on the manufac-
turer of a generic drug product.

[t is worth noting that, the GPV procedure for PBE takes into account the statistical
dependence that exists between SSt and 5SSz whereas the HSCI and the MLS methods
appear to have been derived assuming independence between these statisiics. This may
explain, at least partly, why they have decreased power for testing PBE. In an attempt
to further investigate this, we also analyzed the methylphenidate data using a bootstrap
approach since it properly accounts for the dependence between SSt and SSg. More
spccifically, we used the nonparametric bias-corrected accelerated bootstrap (Efron and
Tibshirani, 1992) to compute 95% upper bounds for both AUC and Cmax. We chose this
method over the unadjusted nonparametric bootstrap because of the assertion by Efron
and Tibshirani that intervals from the former have higher coverage then those from the
latter (pg. 174ff). The upper bounds we computed were 1.0965 for AUC and 1.5937
for Cmax, both well below ©p = 1.7448. For completeness, we also computed the upper
bounds using the ordinary bootstrap percentile method. The bounds were 1.0404 for AUC
and 1.4967 for Cmax. Thus, the bootstrap results lead to the same conclusion of PBE
that we drew from the GPV analysis. This result is consistent with our thinking that the
reduction in power of the HSCI and the MLS methods may be due to not accounting for

the dependence structure among the sufficient statistics.

3.6 Simulation Study

A simulation study was conducted to compare the three methods — HSCI, MLS,

and GPV - for population biocquivalence as well as for individual bioequivalence. The
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methods were examined for their ability to maintain the nominal type-I error rate (false
rejection rate) and for their power to reject the null hypothesis of bioinequivalence
when the alternative hypothesis of bioequivalence is actually true. Each simulation
assumed a two-sequence four-period study design with n subjects in each sequence.
Simulation parameters were chosen based on the power tables given in the appendix of
the FDA guidance document (2001). For IBE, we used op = 0.01,0.1,0.15, and, for
assessing the sizes of the three test methods, chose the other parameter values so that
©; = 2.4948 (the boundary of the null hypothesis). Five thousand simulated data scts
were generated for cach parameter combination. GPVs were cstimated based on 10,000
Monte Carlo runs. All tests were done at the nominal @ = 0.05 level. All simulations
were done using SAS® Version 8.1 for Windows. Because the test is conducted using
an cstimate of the generalized p-value based on 10,000 Monte Carlo cvaluations rather
than an cxact calculation, strictly spcaking, the simulation results are applicable only
when the generalized p-value is estimated using 10,000 Monte Carlo runs. In any real
application the number of Monte Carlo evaluations is likely to be much larger than 10000.
We conducted a limited number of additional simulations the results of which indicate
that our gencral conclusions regarding relative performances of the three methods do
not change when more than 10000 Monte Carlo cvaluations are used to estimate the
generalized p-value. Our simulation results are summarized below, first for IBE, then
for PBE. Since the empirical size estimates are based on 5000 simulated data scts, the
standard crrors of the estimates are all approximately cqual to 0.34% (corresponding to
an approximately 5% falsec rcjection rate). For empirical power cstimates, the maximum
standard error, which would correspond to an empirical power of 50%, is calculated to be
0.8%. These estimation errors should be kept in mind when making comparisons between

the reported empirical power estimates of the different methods.

3.6.1 Individual Bioequivalence

The cxamination of the size of the three procedures for IBE was done at a number of

points on the boundary surface of the null hypothesis, i.e., where ©; = 2.4948 (the value
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proposed by the FDA). We also used the FDA-specified value 03,, = 0.04 for constant-

scaling. The estimated sizes of the procedures are summarized in Tables 2a-c.
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Table 2a. Estimated sizes of the test procedures HSCI, MLS, and GPV

for testing IBE using 2 sequence/4 period designs

op =0.01
4§ = 0.3157 6 =0.3631
owr = own = 0.15 owrt = owr = 0.2 owr = owr = 0.23
n | HSCI MLS GPV HSCI MLS GPV HSCI MLS GPV
6 | 0.0412 0.0378 0.0426 | 0.0502 0.0486 0.0570 | 0.0422 0.0426 0.0374
12 | 0.0432 0.0376 0.0444 | 0.0522 0.0490 0.0660 | 0.0446 0.0430 0.0414
18 | 0.0300 0.0420 0.0480 | 0.0562 0.0516 0.0692 [ 0.0500 0.0438 0.0446
241 0.0302 0.0438 0.0438 | 0.0354 0.0318 0.0692 | 0.0482 0.0454 0.0442
d = 0.4737 6 =0.7834
owr =awnp =03 owT =0wnr = 0.5
n | HSCI MLS GPV HSCI MLS GPV
6 | 0.0414 0.0424 0.0336 | 0.0426 0.0436 0.0344
12 1 0.0490 0.0466 0.0430 | 0.0468 0.0448 0.0398
18 | 0.0450 0.0422 0.0394 | 0.0480 0.0460 0.0422
24 | 0.0482 0.0466 0.0448 | 0.0498 0.0462 0.0446
op =0.10
4 = 0.2997 4 = 0.3493
owr = ownr = 0.15 owr =ownr = 0.2 owr = ownr = 0.23
n | HSCI MLS GPV HSCI MLS GPV HSCI MLS GPV
6 | 0.0390 0.0318 0.0374 | 0.0510 0.0488 0.0570 | 0.0438 0.0448 0.0388
12 | 0.0478 0.0374 0.04356 | 0.0578 0.0330 0.0686 | 0.0480 0.0454 0.0436
18 | 0.0524 0.0412 0.0486 | 0.0570 0.0512 0.0718 { 0.0574 0.0544 0.0536
24 | 0.0568 0.0450 0.0526 | 0.0596 0.0538 0.0724 | 0.0444 0.0408 0.0406
§ = 0.4737 4 =0.7834
owr =dwr =03 owt =owr = 0.5
n HSCI MLS GPV HSCI MLS GPV
6 | 0.0496 0.0504 0.0402 | 0.0434 0.0432 0.0356
12 | 0.0480 0.0462 0.0414 | 0.0486 0.0448 0.0406
18 | 0.0492 0.0474 0.0448 | 0.0492 0.0462 0.0432
24 | 0.05334 0.0502 0.0484 | 0.0488 0.0432 0.0428
op =0.15
J = 0.2780 4 = 0.3309
owr =0owpr =0.15 owr =dwr = 0.2 owr = ownr = 0.23
n | HSCI MLS GPV HSCI MLS GPV HSCI MLS GPV
6 | 0.0458 0.0366 0.0468 | 0.0494 0.0452 0.0534 | 0.0424 0.0414 0.0370
12 | 0.0498 0.0346 0.0464 | 0.0504 0.0436 0.0586 | 0.0514 0.0472 0.0468
18 | 0.05344 0.0386 0.0498 | 0.0552 0.0478 0.0676 | 0.0512 0.0470 0.0492
24 | 0.0520 0.0400 0.0472 | 0.0504 0.0440 0.0662 | 0.0494 0.0448 0.0438
4 = 0.4495 6 =0.7754
owr =own =03 owr =owr =0.5
n | HSCI MLS GPV HSCI MLS GPV
6 | 0.0404 0.0416 0.0340 | 0.0398 0.0406 0.0316
12 | 0.0486 0.0460 0.0430 | 0.0450 0.0418 0.0400
18 | 0.0546 0.0510 0.0500 | 0.0516 0.0486 0.0460
24 | 0.0464 0.0434 0.0420 | 0.0476 0.0448 0.0436
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Table 2b. Estimated sizes of the test procedures HSCI, MLS, and GPV
for testing IBE using 2 sequence/4 period designs

d =0.05
op =0.01
owT = 0.3460 ocwr = 0.3704 owT = 0.4269
own = 0.15 own =02 own = 0.23
n | HSCI MLS GPV | HSCI MLS GPV HSCI1 MLS GPV
6 | 0.0150 0.0150 0.0130 | 0.0292 0.0386 0.0290 | 0.0218 0.0308 0.0178
12 | 0.0286 0.0248 0.0268 | 0.0434 0.0448 0.0432 | 0.0326 0.0366 0.0270
18 { 0.0276 0.0250 0.0244 | 0.0432 0.0430 0.0466 | 0.0328 0.0328 0.0268
24 | 0.0318 0.0254 0.0276 | 0.0468 0.0450 0.0506 | 0.0410 0.0422 0.0358
owt = 0.5383 owr = 0.9333
ocwnr =03 own =0.3
n | HSCI MLS GPV | HSCI MLS GPV
6 | 0.0304 0.0382 0.0234 | 0.0226 0.0298 0.0160
12 1 0.0372 0.0424 0.0292 | 0.0328 0.0370 0.0268
18 | 0.0368 0.0394 0.0300 { 0.0406 0.0424 0.0326
24 | 0.0398 0.0404 0.0352 | 0.0368 0.0394 0.0296
op =0.10
owT = 0.3313 owTt = 0.3568 owr = 0.4152
ownr =0.13 own =02 owr = 0.23
n | HSCI MLS GPV | HSCI MLS GPV HSCI MLS GPV
6 | 0.0158 0.0180 0.0136 | 0.0248 0.0338 0.0248 | 0.0262 0.0364 0.0210
12 1 0.0246 0.0228 0.0230 | 0.0346 0.0384 0.0372 | 0.0312 0.0356 0.0266
18 ; 0.0324 0.0278 0.0294 | 0.0366 0.0354 0.0426 | 0.0374 0.0374 0.0320
24 1 0.0348 0.0290 0.0316 | 0.0468 0.0466 0.0538 | 0.0342 0.0350 0.0296
owr = 0.53496 owT = 0.9280
own = 0.3 own =00
n | HSCI MLS GPV | HSCI MLS GPV
6 | 0.0260 0.0334 0.0186 | 0.0246 0.0344 0.0172
12 1 0.0294 0.0358 0.0230 | 0.0340 0.0368 0.0252
18 1 0.0362 0.0382 0.0302 | 0.0316 0.0338 0.0238
24 | 0.0344 0.0356 0.0280 | 0.0378 0.0406 0.0318
op =0.15
owr = 0.3119 ocwr = 0.3388 owT = 0.3999
ownr = 0.15 ownr =02 ownr = 0.23
n | HSCI MLS GPV | HSCI MLS GPV | HSCI MLS GPV
6 | 0.0166 0.0190 0.0144 | 0.0264 0.0350 0.0256 | 0.0258 0.0332 0.0228
12 | 0.0270 0.0232 0.0226 | 0.0408 0.0426 0.0448 | 0.0302 0.0330 0.0240
18 | 0.0298 0.0226 0.0262 | 0.0432 0.0438 0.0496 | 0.0392 0.0392 0.0326
24 | 0.0316 0.0276 0.0278 | 0.0412 0.0416 0.0470 | 0.0366 0.0364 0.0320
owT = 0.3381 owr = 0.9213
own =0.3 ownr =0.3
n | HSCI MLS GPV | HSCI MLS GPV
6 | 0.0250 0.0336 0.0202 | 0.0262 0.0362 0.0210
12 | 0.0342 0.0372 0.0268 { 0.0342 0.0388 0.0276
18 | 0.0310 0.0344 0.0248 { 0.0356 0.0364 0.0284
24 | 0.0362 0.0366 0.0306 | 0.0384 0.0398 0.0306

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.




49

Table 2c. Estimated sizes of the test procedures HSCI, MLS, and GPV
for testing IBE using 2 sequence/4 period designs

4=0.13
cp = 0.01
owT = 0.3157 owr = 0.3423 owT = 0.4269
ownr =0.15 own = 0.2 own = 023
n | HSCI MLS GPV HSCI MLS GPV | HSCI MLS GPV
6 | 0.0180 0.0136 0.0170 | 0.0286 0.0316 0.0304 | 0.0264 0.0294 0.0230
12 | 0.0278 0.0184 0.0244 | 0.0446 0.0392 0.0476 | 0.0386 0.0366 0.0340
18 | 0.0334 0.0204 0.0310 | 0.0432 0.0368 0.0524 | 0.0376 0.0340 0.0324
24 1 0.0336 0.0234 0.0310 | 0.0478 0.0416 0.0580 | 0.0428 0.0404 0.0390
awr = 0.5403 owr = 0.9225
own = 0.3 own = 0.5
n | HSCI1 MLS GPV HSCI MLS GPV
6 | 0.0248 0.0284 0.0172 | 0.0252 0.0342 0.0210
12 | 0.0322 0.0318 0.0256 | 0.0314 0.0340 0.0232
18 { 0.0386 0.0334 0.0324 | 0.0362 0.0360 0.0292
24 | 0.0412 0.0352 0.0322 | 0.0390 0.0364 0.0320
op =0.10
owr = 0.2997 ocwr = 0.3276 owrt = 0.3903
ownr =0.15 own = 0.2 own = 0.23
n | HSCI MLS GPV HSCI MLS GPV | HSCI MLS GPV
6 | 0.0168 0.0136 0.0144 | 0.0326 0.0380 0.0338 | 0.0242 0.0280 0.0204
12 | 0.0328 0.0198 0.0306 | 0.0372 0.0312 0.0410 | 0.0366 0.0322 0.0318
18 | 0.0356 0.0222 0.0326 | 0.0396 0.0334 0.0460 | 0.0370 0.0318 0.0312
24 ] 0.0302 0.0194 0.0266 | 0.0460 0.0382 0.0544 | 0.0444 0.0402 0.0400
owr = 0.53311 owr = 0.9172
own =03 ownr = 0.5
n | HSCI MLS GPV HSCI MLS GPV
6 | 0.0280 0.0326 0.0208 | 0.0226 0.0328 0.0164
12 | 0.0376 0.0336 0.0296 | 0.0336 0.0356 0.0278
18 | 0.0374 0.0342 0.0308 | 0.0392 0.0376 0.0318
24 | 0.0408 0.0338 0.0334 | 0.0348 0.0344 0.0286
op = 0.15
owr = 0.2780 owr = 0.3079 owr = 0.3740
own =0.15 ownr = 0.2 ownr = 0.23
n | HSCI MLS GPV HSCI MLS GPV | HSCI MLS GPV
6 | 0.0234 0.0190 0.0224 | 0.0356 0.0370 0.0362 | 0.0280 0.0320 0.0236
12 | 0.0276 0.0160 0.0256 | 0.0404 0.0330 0.0442 | 0.0370 0.0328 0.0332
18 | 0.0368 0.0204 0.0326 | 0.0484 0.0372 0.0560 | 0.0386 0.0356 0.0352
24 | 0.0316 0.0160 0.0284 | 0.0470 0.0370 0.0542 | 0.0450 0.0376 0.0376
owr = 0.53192 ogwr = 0.9103
own =03 ownr = 0.3
n | HSCI MLS GPV HSCI MLS GPV
6 | 0.0238 0.0300 0.0168 | 0.0212 0.0298 0.0156
12 { 0.0328 0.0320 0.0274 | 0.0372 0.0382 0.0300
18 | 0.0334 0.0304 0.0276 | 0.0342 0.0330 0.0286
24 | 0.0440 0.0396 0.0376 | 0.0396 0.0382 0.0340
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In all, 180 different parameter combinations under Hy werc examined and empirical
false rejection rates computed based on 5000 data sets. An empirical false rejection rate
exceeding 0.055 would indicate (at the 95% confidence level) that the actual false rejection
rate cxceeds the nominal value of 0.05. This rate for the MLS method was below the
threshold value of 0.055 in all cases examined whercas the HSCI method exceceded the
threshold in 8 of the 180 cases and the GPV method in 13 of the 180 cases. Interestingly,
however, in 145 of the 180 cascs examined, the false rejection rate for HSCI was greater
than or cqual to that for GPV. Further details about these false rejection rates are provided
in the discussion scction.

Power of the three procedures was examined for 6 = 0.05,0.1, op = 0.01,0.1,0.15,
and owr = owr = 0.15,0.2,0.23,0.3,0.5. We have summarized these results by reporting
the estimated minimum sample size per group needed to achieve 80% power, and the
estimate of the actual power at the given sample size for the 3 methods. These results are

summatrized in Table 3.
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Table 3. Estimated power for testing IBE of the test procedures HSCI,

MLS, and GPV, for 2 sequence/4 period designs

4 =0.05
owr =013 | owr =02 | owr =023 | owr =03 | owr =0.5
own=015 | owp=02 | owp=0.23 | owr =03 | owr =0.5

Method | op n Power | n Power { n Power | n Power [ n Power
HSCI (001} 3 0.866 8 0.811 {11 0820 [13 0.806 |13 0.821
0.10| 7 0834 |11 0810 (15 0.820 |15 0.802 {14 0.821

01510 0803 |17 0.815 |21 0.811 18 0.811 |15 0.820

MLS 001} 3 0.820 9 0812 112 0804 |14 0815 |13 0.813
0.10}| 8 0.831 {13 0.820 [ 16 0.811 16 0.815 | 13 0.800

0.15 113 0.824 {20 0.811 | 23 0.804 19 0.818 |15 0.817

GPV 001} 3 0.834 8§ 0822 |11 0.849 |14 0.810 | 14 0.818
.10l v 0.807 |11 0821 {14 0.819 |16 0811113 0.811

01511 0816 |17 0.827 |20 0.818 (19 0.813 (15 0.800

d=0.1
owr =013 | owr =02 | owr =023 | owwr =03 | owr =0.5
own=013 | owp=02 | own=023 | cwr =03 | ownr =0.5
Mecthod | op n Power | n Power | n Power | n Power | n  Power

HSCI | 001| 6 0896 | 10 0.838 |13 0.810 |15 0.838 | 14 0.828
0.10| 8 0836 {14 0836 |17 0806 }17 08101 14 0.801
015|113 0.814 |22 0.826 |26 0.812 |20 0.800 |15 0.812
MLS 001 6 0.802 |12 0.825 {15 0814 |15 0810 ] 14 0.809
01010 0823 |16 0.805 |20 0.805 18 0.813 | 15 0.815
015| 17 0.833 |25 0.810 |29 0815 |22 0815 |16 0.807
GPV 001 | 6 0878 | 10 0.835 | 12 0.801 15 0821 | 14 0.800
0.10 | 8 0.813 |13 0.814 |16 0813 |18 0.825 |15 0.806
015 |14 0.841 |21 0.813 |24 0.809 |21 0.815 {16 0.807

From the power comparisons it appears that HSCI and GPV are very similar with
respect to power and sample size requirements, with GPV doing somewhat better for
values of oy-g close to a9 = 0.2 (however. GPV is also slightly anti-conservative in this
casc), and HSCI doing slightly better when the ow g is relatively small or large. The
MLS 1inethod appeared to have somewhat lower power when compared to the other two
methods. This may be. at lcast in part. due to our previous observation that the MLS

method tends to have lower false rejection rates compared to the other two methods.

3.6.2 Population Bioequivalence

Tables 4a and 4b show simulation results comparing the respective sizes of the 3 tests.

All of the parameter combinations in these tables correspond to ©p = 1.7448, with a%o
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taken to be 0.04. Both values are as recommended in the FDA guidance document. Here,
corrclations of p = 0.8 and p = 0.9 are examined. The recasoning for examining cases
with such scemingly high correlation is that, the responses within a subject to different
formulations of the same drug are still likely to have a strong degree of correlation even if

the formulations are only borderline biocquivalent.
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Table 4a. Estimated sizes of the test procedures HSCI,

MLS, and GPV for testing PBE using 2 se-

quence/4 period designs (4 # 0)

5 = 0.2642 5 = 0.2954 $ = 0.5907
ot =0.1,08r =0.1 opr =02,080 =02 opr =04,0r=0.4
owTt =0.1,cwn =0.1 cwr =0.1,0wnr=0.1 owr =0.2,0wr = 0.2
n p HSCI MLS GPV HSCI MLS GPV HSCI MLS GPV
12 0.8 | 0.0400 0.0400 0.0536 | 0.0202 0.0212 0.0694 | 0.0186 0.0214 0.0636
0.9 | 0.0348 0.0346 0.0480 | 0.0108 0.0134¢ 0.0630 | 0.0102 0.0110 0.0596
18 0.8 | 0.0412 0.0392 0.0540 | 0.0168 0.0170 0.0562 | 0.0200 0.0196 0.0582
0.9 | 0.0384 0.0380 0.0530 | 0.0138 0.0152 0.0642 | 0.0142 0.0144 0.0348
24 0.8 0.0390 0.0360 0.0502 | 0.0194 0.0196 0.0568 | 0.0198 0.0200 0.0606
0.9 | 0.0436 0.0418 0.0332 | 0.0132 0.0134 0.0394 | 0.0168 0.0168 0.0584
d = 0.5604 4 = 0.8861
ocpr =0.3.050 =0.3 opr =0.6,08r =0.6
owr = 0.3.01vq =0.3 ocwr = 03,0mnwn =03
n p HSCI MLS GPV HSCI MLS GPV
12 0.8} 0.0302 0.0294 0.0636 | 0.0186 0.0194 0.0652
0.9 | 0.0294 0.0276 0.0626 | 0.0110 0.0120 0.0546
18§ 0.8 0.0348 0.0320 0.0624 | 0.0214 0.0218 0.0382
0.9 0.0298 0.0272 0.0614 | 0.0162 0.0168 0.0392
24 0.8} 0.0400 0.0370 0.0636 | 0.0234 0.0226 0.0568
0.9 | 0.0354 0.0322 0.0572 | 0.0138 0.0158 0.0552
é = 0.2954 8 = 0.5907
ogT =0.1732,08, = 0.2 opgr = 0.3873.05p = 0.4 ot = 04,08r = 0.3873
owr = 0.1414,04r =0.1 | owr =0.2236,0wr =02 | owT = 0.2,0wr = 0.2236
n p HSCI MLS GPV HSCI  MLS GPV HSCI MLS GPV
12 0.8 ] 0.0260 0.0258 0.0644 | 0.0166 0.0184 0.0550 | 0.0230 0.0240 0.0684
0.9 | 0.0168 0.0192 0.057 0.0130 0.0144 0.0582 | 0.0114 0.0132 0.0396
18 0.8 0.0252 0.0250 0.0594 | 0.0226 0.0230 0.0658 | 0.0226 0.0232 0.0598
0.9 | 0.0256 0.0260 0.0690 | 0.0108 0.0122 0.0522 | 0.0146 0.0152 0.0562
24 0.8] 0.0256 0.0248 0.0600 | 0.0232 0.0228 0.0548 | 0.0264 0.0254 0.0642
0.9} 0.0244 0.0244 0.0570 | 0.0172 0.0168 0.0568 | 0.0156 0.0160 0.0624
4 = 0.8861
ogr =0.6,08p =0.5 ocpr =0.59,08r =0.6
owrT =03, 00p =04472 | owr = 04472, 0 = 0.3
n p HSCI MLS GPV HSCI  MLS GPV
12 0.8} 0.0258 0.0248 0.0690 | 0.0254 0.0260 0.0642
0.9 | 0.0200 0.0206 0.0606 | 0.0196 0.0212 0.0552
18 0.8 | 0.0280 0.0266 0.0634 | 0.0284 0.0274 0.0596
0.9 | 0.0242 0.0232 0.0644 | 0.0258 0.0254 0.0612
24 0.8 0.0286 0.0280 0.0606 | 0.0300 0.0288 0.0544
0.9 [ 0.0228 0.0208 0.0618 [ 0.0252 0.0250 0.0340
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Table 4b. Estimated sizes of the test procedures HSCI,
MLS, and GPV for testing PBE using 2 sc-
quence/4 period design (5 = 0)

opr = 0.2825,080 = 0.1 | o7 =0.3367,08r = 0.2 | ogT = 0.4238,05r = 0.2
owr =0.1.ou4'p =0.1 ocwr =0.1,own =0.1 owr = 0.2,0wn = 0.2
n p | HSCI MLS GPV HSCI MLS GPV HSCI MLS GPV
12 0.8} 0.029 0.044 0.039 0.013 0.017 0.063 0.017 0.023 0.054
0.9 | 0.029 0.042 0.040 0.006 0.008 0.068 0.013 0.016 0.051
18 0.8 | 0.034 0.047 0.042 0.010 0.012 0.066 0.019 0.023 0.055
0.9 | 0.030 0.039 0.040 0.005 0.008 0.067 0.010 0.014 0.047
24 0.8 | 0.029 0.038 0.037 0.010 0.012 0.060 0.016 0.022 0.030
0.9 | 0.034 0.040 0.041 0.003 0.004 0.060 0.016 0.018 0.055

opT =0.7134,05p = 0.4 | ogr =0.6357,08p = 0.3 | ogr = 1.0701,08r = 0.6
owr = 0.2,0pp =0.2 owr =0.3,0wr =03 owr = 0.3,0wr =0.3
n p | HSCI MILS GPV HSCI MLS GPV HSCI MLS GPV
12 0.8 | 0.006 0.009 0.035 0.016 0.023 0.033 0.006 0.007 0.051
0.9 | 0.002 0.003 0.051 0.013 0.018 0.048 0.002 0.003 0.054
18 0.8 | 0.007 0.009 0.033 0.017 0.022 0.038 0.008 0.010 0.055
0.9 { 0.002 0.003 0.049 0.012 0.016 0.055 0.002 0.002 0.050
24 0.8 | 0.005 0.006 0.051 0.019 0.021 0.054 0.010 0.012 0.052
0.9 | 0.002 0.003 0.048 0.013 0.016 0.052 0.003 0.004 0.055

In most cascs, both HSCI and MLS are far more conservative than GPV. The GPV
method shows a tendency to be somewhat anti-conservative, but none of observed test-
levels exceeded 0.07. In any case, both HSCI and MLS appcar to exhibit a level of
conservatism far beyond what would seem to be reasonable. When a test with a nominal
size of @ = 0.05 exhibits actual sizes below 0.003, its powers is apt to be affected. As
shown below, this appcears to be the case with HSCI and MLS.

Table 5 summarizes the simulation results for the power of the three tests. It shows
the smallest n for which a particular test achicves 80% power and the actual estimate of the
power for that test at that point. Here correlations of p = 0.9 and p = 0.95 are examined.
These values were deemed reasonable for examining power because formulations that are

bioequivalent should exhibit a very high degree of correlation.
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Table 5. Sample sizc comparisons and estimated power for PBE of the test
procedures HSCI, MLS, and GPV for 2 scquence/4 period designs

d =0.05

owr =0.15,0wr =013 | owr =0.23,0wr = 0.23
opr =0.15 | opr =03 | opT =0.23 | 0T = 0.46
ogr =0.15 | opr =03 | ogr =0.23 | ogr = 0.46
Mecthod p n Power | n Power| n Power | n Power
HSCI |[090| 8 0.811 {10 0.820 | 10 0.831 | 10 0.833
095| 8 0.823 {10 0.851 |10 0.839 |10 0.863
MLS 090 7 0.831 9 08041 9 0842 | 9 0.811
0957 0834 [ 9 08335 |9 0840 | 9 0.841
GPV 090} 6 0.835 6 084 | 7 0813 |6 0.860
095} 6 0.861 5 0847 | 7 0.824 | 5 0.841

owrT =03,0vp =03 owt =0.35,0wp = 0.3
ogr =0.3 cpr =06 | ogr =0.3 ocpr = 1.0
ogr =0.3 ogn = 0.6 opr =03 cgn =1.0
Method p n Power | n Power| n Power [ n Power
HSCI 09010 0837 |10 0834 [ 10 0.846 | 10 0.832
095110 0856 |10 0864 | 9 0.810 | 10 0.862
MLS 090 | 9 0.843 9 0810 9 0843 | 9 0.818
095 9 0.848 9 0842 | 8 0.801 | 9 0.838
GPV 090 7 0819 | 6 0832 7 0821 | 6 0.861
095 7 0.840 5 0839 | 7 083 | 53 0.842

6=0.1

owr =0.15,0wr =015 | owr =0.23, 0 = 0.23
opr =013 | 0T =03 | o =0.23 | 0T = 0.46
ogr=0.15| 0gr =03 { ogr =023 | ogr = 0.46
Method p n Power [ n Power| n Power | n Power
HSCI [ 09010 0.821 [11 0.836 [ 11 0.826 | 10 0.812
095 |10 0831 {10 0.804 {11 0.850 {10 0.833
MLS 090 | 9 0829 {10 0826 |10 0.827 |10 0.854
095 | 8 0805 ({10 08511} 9 0.803 | 9 0.840
GPV 09 | 7 0833 ( 6 0831 | 8 0822 | 6 0.845
09517 084 | 6 08721} 8 0825 | 5 0.803

owr =0.3,0wp =03 owr =0.3,0wr = 0.5

ogr =0.3 opr =06 | ogr =0.5 opr = 1.0
opr =03 opr=06 | opp =05 | ogr=1.0
Mecthod p n Power | n Power|{ n Power | n Power
HSCl |090]10 0.821 (10 0.823 |10 0.833 | 10 0.836
09510 0.822 |10 0857 {10 0.842 {10 0.857
MLS 090 9 0.825 9 0811 | 9 0835 | 9 0.810
095 9 0.818 9 0831 | 9 0838 | 9 0.842

GPV 090 [ 8 0.843 6 0841 | 7 0811 | 6 0.855
095 7 0.821 5 083317 0845 | 3 0.833

Table 5 shows how that GPV has smaller sample size requirements than the other 2
methods across the board. The principal reason for this appears to be that the proposed
GPV method is the only one that accounts for the intra-subject dependence between Yir

and Yijgr. As one might expect, the difference in power between GPV and the other
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mcthods becomes more pronounced as the correlation increases. GPV also apparently
has more power when the between-subject variances are greater than the within-subject
variances. Both these aspects are further discussed below. It is worth noting that the
sample size required to yicld 80% power for HSCI always results in at least 90% power for

GPV. and. in most cascs, the power for GPV is in cxcess of 95%.

3.7 Discussion

The GPV methods proposed in this investigation appear to perform reasonably well
compared to the FDA-recommended HSCI approach and the MLS methods. For IBE,
the HSCI and GPV mecthods appear to have very similar performance characteristics,
with HSCI being slightly more powerful for what scems to be a substantial portion of the
paramecter space. However, the HSCI and MLS bounds arc discontinuous with respect to
ownr at the point of changeover (i.e., o¥,) from constant- to reference-scaled criterion.
On the other hand, the GPV test can be shown to be continuous at the changeover point,
which is certainly a desirable feature of any decision rule. However, the GPV test is also
slightly anti-conservative in this region.

For PBE, the GPV method appears to be clearly more powerful than HSCI, although
slightly anti-conservative. The impact of this is likely to be attenuated by the regula-
tory requirement that the test formulation be average BE with respect to the reference
formulation, since the most anti-conscrvative cases are those where |§] (the magnitude
of difference between the means) is greater than log(1.25). GPV makes up for its slight
anti-conservatism by having substantially increcased power compared to the other two tests.

The correlation of responses within subjects is key to the practice of assessing BE.
When two formulations of the same drug are truly BE, we expect that the responses of a
subject to the two formulations will be very highly correlated. In the example crossover
studies we cited earlier, the method of moments estimates g were greater than 1 for the two
cxamples that clearly showed BE (verapamil and methylphenidate/AUC), and p was high

cven in the case where BE was not demonstrated (5 = 0.87 for methylphenidate/Cmax).
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This appcars to justify the high correlations we used in our simulation studies. The
sceming anomaly of p > 1 is the fallout of using the method of moments to estimate
variance components, as opposed to some other method that restricts the estimates to the
parameter space.

The other supposition of the simulation studies — that the between-formulation vari-
ances are as large or larger than the within-formulation variances - is also a tenet of
crossover designs in particular, and split-plot designs in general, i.e., that the between-
plot variances are usually greater than the within-plot variances. For example, Schumaker
and Metzler (1998) observed that between-formulation variances arc often much larger
than within-formulation variances. In the IBE problem, the correlation is reflected in a%
- high values of p correspond to smaller subject-formulation interactions. The influence of
correlation is not overtly apparent in the PBE problem, but it appears to have an impact
ou the variation of 7% (remember 0% = o}, + 0.503 5 is the variance of Yijr, or Uijr
in the notation of the FDA guidance document). The development of the HSCI method
for PBE scems to have ignored this correlation which may explain why this method is
rather conservative for cstablishing PBE. The same appears to be the case for the MLS
mecthod. The GPV method docs properly account for this corrclation and the use of the
GPV method will give adequate power to assess PBE in situations where the Type II error
rate of the other two methods may be as high as 70%. The substantial power gained by
using the GPV mecthod can also help ensure adequate power when there are dropouts in
a study, something that is likely to be more of a problem in 4-period studies than it was

when most BE studies were conducted with 2-period designs.
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Figure 3.1: Discontinuity of HSCI at changeover point
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The procedure that we have applied for IBE in this examination uses the strict output

SSWR 2
mar § %o
Uwr

to produce a single mixed-scaled test statistic. It is apparent from the literature, both

of the function

statistical and pharmacological, that this approach is not universal (cf. Meyer et al
(2000) where both reference-scaled and constant-scaled HSCI bounds were reported for
cach pharmacokinetic parameter). In fact, the FDA draft guidance document on IBE
presents it as two criteria [7]. The reason for this is that the HSCI bound is discontinuous

at the changeover point.
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Figure 3.2: Continuity of GPV ar changecover point
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An cxample illustrates the potential impact of the strict use of the mixed-scaled
statistic with the HSCI mecthod. Suppose that in a 2 sequence study with n = 10 in
cach sequence we have observed values of § = 0.15, 6% = 0.05, and 6% = 0. Now let
63 vary between 0.039 and 0.049, and apply the HSCI criterion with the mixed-scaled
approach. The discontinuity can be scen clearly in Figure 3.1, which, in this case, has the
disturbing consequence that the HSCI bound jumps from the region for concluding IBE
to the region for not concluding IBE. That is, the HSCI concludes IBE when 63 is less
than 0.04 and greater than 0.0475, but not at the intermediate values. Figure 3.2 shows
the same testing situation using the GPV method: no discontinuity is seen (this is shown
analytically in Chapter 4). It should be noted that the MLS method suffers from the same

discontinuity problem as does the HSCI method.
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The current regulatory position on handling the discontinuity in the HSCI upper

bound is summarized in the following statement from the FDA guidance document (2001).

This guidance reccommends that sponsors applying the individual BE ap-
proach may use cither reference-scaling or constant scaling at cither side of
the changeover point. With this approach, the multiple testing inflates the
type [ error rate slightly, to approximately 6.5% [n.b., when we applied this to
our simulation data, we observed a maximum type I crror rate of 6.9%] but

only over a small interval of oy r (about 0.18-0.20). [pg. 15]

However, consider the type I crror rates given in Tables 2a-c. Over most of the
paramecter space, the size of the test is larger for HSCI than for GPV, the exception being
when o g is close to 0.2, i.e., at the changeover point gwg. This is applying the strict
mixed-scaled criterion to both GPV and HSCI. The GPV is slightly anti-conservative at
owr = owo = 0.2. Based on a scparate simulation study we have found that, when the
‘play-the-winner’ rule cited above is applied for testing IBE, the type-I error rates and the
power for the HSCI test are very similar to that of the GPV test.

This discussion illustrates the main advantage of using the GPV method for IBE.
[t climinates the need for ad hoc rules for choosing between the reference- and constant-
scaled criteria. Examples of such rules include the FDA-sanctioned ‘play-the-winner’ rule,
using a cutoff of v p = 0.25 (suggested in an carlier draft of the FDA guidance document,
but noticably absent from the final version), and even a formal test of Hy : owgr > 0.2,
suggested by Chow and Liu (2000}, a strategy that raises additional multiple testing issues.
Instead, by using the GPV test, we apply a criterion that does not penalize the analyst too
much for using cither reference- or constant- scaling in a particular region of the parameter
space.

Given the discussion above, it may be appropriate for an investigator with extensive
experience with a particular compound to specify the GPV testing procedure a priori if
he feels that o, is in the neighborhood of 0.04 — 0.07 (this is the range for which some

preliminary results suggest that GPV has greater power than HSCI). Such prior knowledge
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could well cxist in a large pharmacecutical company that is comparing from clinical to
production batches of a given compound, or changing part of the manufacturing process.
The discontinuity at the changcover point does not appear to be as great of an issue with
respect to PBE, since %, tends to be much larger than o3, 5.

Another advantage of the GPV method in gencral is that, by directly testing the null
hypothesis, it provides analysts with an objective mecasure of the strength of the evidence
against the null. This is illustrated by the 2 examples above. In assessing IBE with respect
to the AUC, the HSCI method gives 95% upper bounds of -0.040 and -0.048 for verapamil
and methylphenidate, respectively. These values may suggest some similarity in the degree
to which the respective formulations are BE. However, the respective p-values arc 0.018
and 0.003, which scems to suggest that the degree of evidence for IBE in the two studies
may be quite different.

One supposed advantage of MLS over HSCI cited by Quiroz et al. (2002) is that it
procuces upper bounds for the bioequivalence criteria ©;gg and © pgr themselves rather
than on lincarized versions of these. This point will be elaborated upon when we discuss
generalized confidence intervals (Weerahandi, 1993) for ©;p¢ and © pgg in Chapter 7.

It should be noted that, in gencral, the MLS methods for confidence intervals on
variance components tend to be conservative (Burdick and Graybill (1992) give coverage
probability for various classes of intervals which are very impressive and in line with
what we have observed here). This conservatism may be desirable in certain applications,
but, as we have shown, this also results in larger sample size requirements for a given
level of power. Investigators who are contemplating using these methods need to assess
the potential cost of using more conservative methods when testing for bioequivalence,
cspecially when viable alternatives exist.

In conclusion, the results of this chapter show that the GPV method is a viable
alternative to the HSCI method for IBE. These two methods are comparable with respect
to type I crror rate and power, while the MLS method appears to have somewhat less
power in most cascs. The GPV method is continuous at the changeover point from the

reference-scaled criterion to the constant-scaled criterion whereas both HSCI and MLS are
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discontinuous. Consequently, there is no nced for ad hoc testing methods for parameter
cstimates in this rcgion. For PBE, GPV is clearly more powerful in conditions that are
very likely to occur in BE testing, i.e., high correlation of intra-subject responses and the
ratio of between-formulation to within-formulation variances being greater than one. The
slight anti-conservatism of the GPV method is likely to be attenuated by the regulatory
requircment that all test formulations show at least average BE with respect to reference
formulations. In any case, the examples and simulation studijes we have presented show

that HSCI and MLS methods are overly conservative for PBE.
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Chapter 4

TESTS FOR INDIVIDUAL AND POPULATION BIOEQUIVALENCE
USING 3-PERIOD CROSSOVER DESIGNS

SUMMARY

The US Food and Drug Administration (FDA) has implemented new bioequivalence
regulations that introduce two new criteria, population bioequivalence (PBE) and individ-
ual bioequivalence (IBE). The FDA recommends studics with a 4-period crossover designs
to assess these criteria, and also recommends a testing procedure developed by Hyslop et
al.. the Howe-type small-sample confidence interval (HSCI) An alternative testing proce-
dure has been developed in Chapter 3 based on the the generalized p-value (GPV). This
chapter compares the HSCI and GPV testing procedures for evaluating both IBE and
PBE in 3-period crossover studies. We also compare the cfficiency of the two designs
we consider, the 3-period design given in the FDA guidance and an alternative design in
which only the reference formulation is replicated, for both IBE and PBE. We show that
the two tests are very similar for IBE, and that the GPV is significantly more powerful
for PBE. We also show that a shortcoming of the HSCI test, the discontinuity in the test
criteria when changing from constant to reference-scaling, is not present in the GPV test
for IBE. We further find that the alternative 3-period crossover design is more cfficient
than the one in the FDA guidance for both IBE and PBE.
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4.1 Introduction

The recently-adopted US Food and Drug Administration guidance document (2001)
on statistical approaches to bioequivalence studies focuses on using 4-period crossover
study designs to assess two new criteria, population bioequivalence (PBE) and individual
bioequivalence (IBE). This same document alludes to the usc of 3-period crossover designs
for these purposes, but only gives a suggested study design with no other details. The
objective of this investigation is to adapt the generalized p-value (GPV) methodology
proposed in Chapter 3 for 4-period crossovers to 3-period designs, and to compare the
GPV tests to Howe-type small sample confidence interval (HSCI) tests similar to those
proposed by both Hyslop and Iglewicz (2001) and by Chow, Shao, and Wang (2002).

Section 4.2 introduces the designs, statistical model, and biocquivalence criteria that
we will use. Secction 4.3 details the basics of GPV tests, the summary statistics, and the
statistical tests, GPV and HSCI, that we will compare. Section 4.4 uses simulations to
assess and to compare the size and power of the two testing procedures. In Section 4.5
we discuss our findings and make some conclusions. Included in the discussion are some

strategics for asscssing the non-identifiable parameters in the extra-reference design.

4.2 Statistical Model

The decision criteria given in the current FDA guidance document on population
and individual bioequivalence arc based on four-period crossover designs. In this paper
we consider the 2-sequence 3-period design (2S3P) and the 3-sequence 3-period design
{(3S3P) described in Tables la and 1b, respectively. The first design will hercafter be
referred to as Design A or the dual design. The second design will be referred to as Design

B or the eztra-reference design.

Table 1a. Design A: 2-sequence 3-period dual design

Sequencel T R T
Sequence2 R T R
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Table 1b. Design B: 3-sequence 3-period eztra-reference design

Sequencel T R R
Sequence2 R T R
Sequence3 R R T

The T and the R in the Table 1 refer to the test and reference formulations, respec-
tively, of the drug product under consideration. In the context of an Abbreviated New
Drug Application (ANDA), T is the gencric product which we are trying to show is bioe-
quivalent to the innovator (i.e., brand-name) product R. The description of Design A as
a dual designs refers to the fact that Sequence 2 has a R where Sequence 1 has a T, and
vice-versa. Design B is called an eztra-reference design because the reference formulation
is replicated in each sequence. Hyslop and Iglewicz (2001) have considered this design for
individual bicequivalence, and a similar 2-sequence extra reference design, with the first
2 scquences of Design B, has been considered by both Chow, Shao, and Wang (2002),
and by Wang (1999). The 3-sequence cxtra reference design may be preferable to the
2-sequence version, since it guards against bias from any differential responses that may
arise in cither pharmacokinetic or clinical parameters in period three.

The observational modecl for a 3-period crossover design is given below.,
Yijeo = pe + it + ijke + €500 i=1,...,8 j=1...,n; k=T R

where Yjji is the response from subject j in sequence 4 to the Ith application of treatment
k, and s is the number of sequences. Here we encounter the first difference between
4 and 3-period designs: the value of [ is either 1 or 2, but its range depends on the
design, sequence, and treatment. The parameters ur and ug are the population means
for treatments T and R, and 7 is the fixed cffect corresponding to the [*# application of
treatment £ in sequence i. The following estimability conditions are imposed on the 7y

(sec Chinchilli and Esinhart, 1996).

ZS:Z*/,-“=O for k=T,R
=1
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Furthermore, 7;;x is the random effect of subject j in sequence ¢ when receiving treatment
k, and €;;x is the within-subject random crror term. The random variables €;;x; are jointly
independent and distributed normally with mean 0 and variance o, (k = R,T), and the
vectors 7;; = [ni;7, Mijg] arc mutually independent bivariate normal with zero means and

a covariance matrix given by

V= 0237 POBTOBR

POBTOBR  OBp
Finally, {n;;} and {e;jx} arc mutually independent. For convenience, we also define
0 = pr = pRy
2 _ 2 2 g 22 . 2
Tn =09Br T 98R ~ *POBTIBR: T = TpT T Ty
2 2 , D
7rr = poprogr. and opp = opn + iy p-
Recall that, for IBE, the parameter of interest is
, il

P 2
TOp T O ~ Owr

2 2
p when ojy g > o5
R

(reference-scaled criterion)

OrBE =
8% + 0% + o — o}
b wT iR 2
3 when a%VR < (£}
Tiva
L (constant-scaled criterion)

and, for PBE, the parameter of interest is

4 62 + 0»2 — 0,2
———T.;r——R@ when o} > of
c
RR
(refercence-scaled criterion)
Oppe = ¢

=) W ]
0% + Oy — 0% - n
——TIT ___RBR when kg < 03
o2

0

L {constant-scaled critcrion)

At present, the FDA recommends a value of 0 = 0.04, and upper limits of 8; = 2.4948,
and 6p = 1.7448 for O;pr and Opgg, respectively.
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4.3 The Generalized p-Value

We base our approach for testing for IBE and PBE on the generalized p-value (GPV)
mcthodology of Tsui and Weerahandi (1989). This methodology is discussed extensively
in Chapter 2. The ideca is that we create a generalized test variable (GTV) with the

following properties:
1. T(xz;x,£) =t is free of €.
2. For fixed z and &, the distribution of T'(X; 2, ) is free of the nuisance parameter (.
3. For fixed ¢ and ¢, Pr(T(X;z,£) > t| 8) is non-decreasing in 6.

From this test function we derive a test of the hypothesis of non-equivalence Hp : 8 > g

versus the hypothesis of equivalance H, : 6 < 8y based on the generalized p-value
p=Pr{T(X:z,£) > t|§ =6].

For a nominal a level test of Hy against H, one rejects Hg whenever p < a. See Chapter 2
for details.

We will compare the GPV test for PBE and IBE to the Howe-type small-sample
confidence interval (HSCI) approach introduced by Hyslop et al. (2000) for assessing [BE
in 4-period crossovers. The extention of HSCI tests for IBE to 3-period crossover studies
have been developed by Hyslop and Iglewicz (2001) and Chow et al. (2002). We will use
the same test as these authors for Design B, and a modification of the Chow HSCI test for
Design A. Chapter 3 showed that for 4-period crossover designs the performance of the
GPV is comparable to HSCI for IBE and is more powerful for PBE. The GPV approach
is also free of an undesirable property of the HSCI in this problem: the discontinuity in
the test criterion when one changes from constant to reference scaling. This last problem
was discussed in detail in Chapter 3.

A third approach for assessing IBE and PBE was developed by Quiroz et al. (2002),
who adapted the modified large sample methodology for confidence intervals on variance

components introduced by Graybill and Wang (1980). Chapter 3 showed that, for 4-period
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studies, this approach did not perform as well as HSCI and GPV approaches over much
of the parameter space for IBE, and also did not perform as well as the GPV method
for PBE. Therefore, we do not consider this approach in this investigation, but only our
proposed method and the designated method of the FDA.

In both of the approaches above it is necessary to reparameterize the test criterion,
expressing it in terms of 07 = Var(8) instcad of 0%. The form of 02 depends on the
design and, on occasion, the sequences of treatments within a design. The latter is the
case with Design A. The summary statistics are also dependent on the design. Therefore,
we present different parameterizations and sets of summary statistics for Design A and

Design B.

4.3.1 Summary Statistics for Design A

Consider a bioequivalence study with the 2-sequence. 3-period crossover design de-
scribed in Table la (Design A), where subjects are treated with the test and reference
formulation twice in sequences 1 and 2, respectively. As before, let Y denote the re-
sponse of subject j in sequence i to the !** application of treatment k (k = T,R). In
the statistical model of Section 2, all of the statistics and parameter definitions that are

nceded to compute the IBE and the PBE criteria are given below.
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— 1 — —
Yir= 5(}’11'1‘1 + Yi12) Yir =Y Yair = Yo
- 1 - - - 1
Yajr = §(Y2jm + Yajr2) Dij =Yt = Yijr D; = - Z D;;
J

D, + D> 1 1
D= —-Q—n—- Eyjr = E(Ylj’rl = Yij12) Eyip = —\/'-i(YZle - YoR2)
— 1 & - . . —
Eig = — Eijk Vi = — Yiik SS1i =37 (Dij - D;)?

ti=t tj=1

SSwr =X Li(Byr — Ewr)® SSwr=T72(Esr — Eaur)? SSk= 75, (Vije — Vier)?

- - = < SSZ...
SStri = L je1(Yiyr = Yir)(Yijr ~ YieR) SShiri = SSri — _S%
t
SSrr ITR
B = Dz d=pur —pr Bi ==
SSti o3,
t
2 _ 22 2 v 2 2 2
Op =0pr +Opr ~ 2pTBTIBR or1 =Bt + 30WT
2 _ 2 2 2 _ .2 2 2 _ 2 1,
Ory = dgr + Tyt Tr1 =398Rt Tiyr “m-"mr*gﬂwz
2
OTR = POBTC o2 - =g, — LR
TR = POBTIBR RiTi = %Ri p)
Ti
g, =g + 0% —20TRi vi=n; — 1 wy = —2
Ii Ti Ri t 3 t 1 vy + Ua

It is casily scen that the statistics D, SSri, SSwr, SSw r, SSti, $SgiTi» and B; are

associated with the following pivotal quantitics with known distributions as indicated.

D-§ . SS;i . SSw .
ZD=———.——-~.’\/(0.1) Un= 21 ~X5.' UWT=#~X,Z,‘
1 {03, o i Tvr
2 ny E
SSWR SST' SSR'
Uvr = e ~ xf,z Ur; = 3 L~ X.z,i URilTi =3 LU Xﬁi-x
Wr OF; TRi|Ti
SSr;
Zpi = (Bi - Bi),| - ~ N(0,1)
TRijT:

The collection of random variables Zp, U, U2, Uwr,Uwr are mutually independent.

Also, the collection of random variables Zp, Uy, Uww g, Ur1, Uro, U, ruT1, UR2iT2: ZB1, ZB2

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



70

arc mutually independent. Note that. the quantities B; and SSgyr; are, respectively, the
linecar regression cocfficient and the residual sum of squares from the regression of ?in
on Y ;7 within scquence i. In the development that follows, quantities in lower case, viz.,
d, 5873, SSki, SSwk, and b;, are used to denote the observed values of the respective random

variables, D, SSri, SSki, SSwk, and B;, which are given in upper case.

4.3.2 Tests of Individual Bioequivalence for Design A

Before giving the tests of IBE for Design A, it is useful to reparameterize the criteria

given above.

2 2
62 + 2 . Jwr + 2 +‘7WR - 242
wp o 5 w2\ Irp 7 TR

Orpe = -
maz(o¥, 5, 03)
1 -
When np =ns, wy =un = 3 so the criteria becomes
2.2 2 2
20t Tt _ v
0 + -

2 T4 4
‘m(l.‘l.'(dva, 0’3)

Orpe =
A genceralized test variable for calculating the generalized p-value (GPV) is
(d— Z‘_D [ ssi + 881;: )2 . (wxfsn + ‘wzsslz) LuLsswr o ws _2) SSwn
T(X;z.6) = 2 VmlUn  naln2 Un Ur 2 Uwr 2 Uwr
. maz (22, o7
Uwr'’

where £ = (O/pE. 8,0%,,0%,0%1, 0% ). From this function we then calculate the area

of the gencralized extreme region, which here amounts to calculating the probability
Pr(T(X;z,€) > 0;). This probability is the GPV. We can compute this probability
using Monte Carlo integration using a large number (10000 ~ 250000 or more) randomly-
gencrated sets of the values Zp, Ury, Urs, Uwr, and U g. We could then conclude IBE if
the GPV is less than the designated a level. Typical values for the constants are o2 = 0.04
and 8; = 2.4948.

We compare this GPV to a test based on the HSCI developed by Hyslop et al. for
4-period designs. The 100(1 — @)% upper bound for O gg for the Howe-type small sample

confidence interval (HSCI) under the reference-scaled criterion is

» ss 1ssw S$Sr2 wa SSw 2
@ruy (S0 ST ) 4, DR (2229} 2R (B + HE, + HE + Hiyr+ Hivpp) -
v 2 v 2 vo
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The upper bound for the constant-scaled criterion is

ssn | lsswr 3812, (w2 SSwq 2 2 .
d&* +w, (71— + 5_1;1—) +'w2—y2—+(—2- - 2) T —0381+(H%+H;1+H;2+H;2VT+H;2VHC)O 5

The terms in the variance expression are

1 [ss ss )2
fID = (ldl + ;tl—a'p. =n + 2z —d?
- mny Vano

Hpi = wissii ( T = —') Awr = ELSSWT ( - _)

2
Xaw;, Vi Xaupw U1

wa 1 1 wo 1 1
. =({—==2-4 - - - . ={=~2 n -
Hwrr ( 3 1) SsSwn (t' u;») Hwre ( > )sswn ( 3 u2>

Al—a.v2 Al=q,g
Here v, is the Satterthwaite-corrected degrees of freedom (sece Steel, Torrie, and Dickey,
1997). The testing procedure is to conclude IBE when the relevant upper bound is less
than zcro. These intervals are similar to those of Chao et al. (2002), cxcept that these

authors do not use the Satterthwaite-corrected degrees of freedom.

4.3.3 Tests of Population Bioequivalence for Design A

For PBE, we assume that n; = n2 to simplify the derivation of these test, so that
the weights w) = wy = 0.5 arc equal. Note that Chow et al used these weights in general
without any justification for their HSCI test of IBE. The random variables SSr; and SSg;
associated with the variance components 0%; and o%; arc not statistically independent.
Thercfore, we use the following reparametcrization of the PBE criterion for the GPV
method.

. I . 1
(o410 =81+ yoter + ohatt = 88) = (ohums + oharre + 3¥n) )

P
)]

OpBE =

Lfos o 2 2 2 1, 2
maz (3 (ﬁxon + Oryr1 T 82072 + Tpoyr2 + 39WR )10
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A gencralized test variable for calculating the generalized p-value is

Zp |Tp 2 1 (ssn sswT S$ST2 )
1-22,/2 = = ~T
‘ 2 n * 2\Un + 2Uwr + Ura R

max(Tr,03)

T(X;z,6) = <

2 2

ss SSpuT T sspuri | ssta S8 p2|T2 " sSpyr2 | lss
Tp = =2 b —Zp L + LA ,T b2 — Zp2 : + 2§ S2HE
Uri ssTiUpym Unii  Ur2 sstallpayr2 Uryra 2Uwn

2
88Ty SSp1 T SSR1IT
ITp=|-—|1-|b -2 —F— + —
(Un ( ssTiUnym Urymi
ss 38 © ss
+ r'ra 1= (s = Zps n';’rrz + SSrare
Ur2 sst2Unzira Urzr2

o o o e o .
where £ = (@135,6,o;l,an,a%l,o%z,akllﬂ,aﬁzlm,a%VT,a%VR,ﬁl,ﬂg). Again, the

GPV is computed by Monte Carlo integration using randomly-gencrated values of
ZnyZB1,ZB2, Ur1, Ura, Upyr1, Upapre, Uwr, and Uwpg. Then PBE is concluded if the
GPV is less than the designated level of a. Typical values for the constants arc o3 = 0.04
and 8p = 1.7448.

To assess PBE using the HSCI, we used the following reparameterization of the PBE

criterion

1 . 1 . . . 1
8% + 2 (U%‘l + 5‘7€V'I’ + 0%y — (U?u + 0k + '2'03;'11))

Oppe =

mazx (%(U%u + 0k + %U?VR),OY%)

The HSCI upper bound for @ pgg is under the reference-scaled criterion is then
Yr + 6% + (Hp + HF + Hiyr + H3o + Hpy g + Hpo + Hiyrp)*>.

where

. 1 (ssTy . sswT , Sst2 SSR1 |, SSR2 | SSWR
=482+ = + —(1+6 + + .
TR 2\ 2v + v ( P) vy vo 2us

The upper bound under the constant-scaled criterion is

. . . ) 5
Yc + (Hp + Hfy + Hipr + H3» + Hp o + Haoe + Hiype)™.
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where

. 1 /ss ss sS SS SS SSw
‘Yc=52+— Tl + wT + T2 _ RL + R2 + WR —a§0p.
2 141 2v; 1 2] vy | 2] 2v7

The quantity Hp is the same as it is for IBE, and the other components of the variance

cxpression are as follows

1 1 1
Hyp; =0.5ss1; ( —— — —1-) Hpip =0.5(1 +8p)ssn 3 -
Xau vi l—aw vy
1 1 1
Hps = 0.55572 ( - = -1—) Hpic =0.5ssp, 3 - —
Xa.w, 2] l—-a,wy vi
- 1 1 . 1 1
Hpop =0.5(1 +8p)sspr = - — Hpyc = 0.5s8sp0 > - —
Xl-a.va e l-aw2 b2
1 1 1 (1+6p) 1 1
Hwr = —sswr ( = -—) Hwppr = ————sswr - —
4 Xaw VI 4 a2
1 1 1
Hwpre = 73SWR ( 2 - —-) .
l-aun V2

The test procedure is to conclude PBE if the upper bound is less than zero.

4.3.4 Example: Drug 15a

The data sct for this example is from the FDA biocquivalence data website
www.fda.gov/cder/bioequivdata. Drug 15a is therein described as an immediate release
formulation of a hormone. The design is a 4-sequence/3-period crossover with sequences
RTT and TRR addcd to the design. There arc a total of 40 subjects, 10 in cach sequence,
in this study. The additional sequences RTT and TRR have the same summary statis-

tics as those for TRT and RTR, respectively, in Design A. The following estimates were
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computed for log(AUC)

= ~0.01437 sspp = 2.0439  ss;0 =2.7030  sswr = 0.53246
sswr = 1.3535 ssT; = 4.9637 ssTo = 7.9220 sspy = 7.5180
$Spr = 5.2440 b =1.0512 by = 0.6604 sspyr1 = 2.0309

SSpyT2 = 1.7893 vy =1» =18 v, =35.32

For IBE, the HSCI 95% upper bound is —0.03144, which is less than zero, so that we can
conclude IBE. The GPV, based on 50000 Monte Carlo points, is 0.0293 (which has a 95%
CI(0.0278,0.0308), based on the large-sample approximation to the binomial distribution),
which is less than a = 0.03, so we again conclude IBE. For PBE, the HSCI upper bound
is —0.8774, and the GPV, based on 250000 Monte Carlo points, is less than 0.0001.
From cither test we can conclude PBE. One may be surprised by the apparent disparity,
respectively, between, ssr) and ssto, and between ssg; and ssgp, but it must be kept in

mind that these summary statistics arc all estimating different things (sce the summary

statistics above).

4.3.5 Amended and Additional Summary Statistics for Design B

Consider a BE study with the 3-period, 3-scquence, crossover design shown in Table
1b (Design B), where subjects are treated with the test formulation once and the reference
formulation twice. As before, let Y;;x; denote the response of subject j in sequence 1 to the

I** application of treatment k (k = T, R). Again, the statistics and parameter definitions
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that arc necded to compute the IBE and the PBE criteria are below.

— 1 —

Yijr = §(Yijm + YijRra) Yiir =Yy Eijr = \/-(ngm Yiir2)
— — 1 _

Dij =Yir - Yijr D= ggDi Eir = —ZE«;R

SSr = isi(Dij = D) SSwr=Xio Tii(Eijr — Eip)?

SS;; = Z‘ 12, 1 UI\ ?i-l’\')z SSTR = Z;—[ ZJ =1 JT Y;-'I‘)(Y;]R. Yi-R)

582 SSrrn
SSrp = SSp - 2R B=
TIR R~ "Ssr SSr
1 aITrr
0F = Ohy + Oy R-dBR+2UWR ﬁ—j‘?
9
2 2 _97R /1 1
2 =g - IR = [=) —
aRlT R Ur;v ¢ QZni
t
. 1 )
0} = 0% + 0} —20rr = 0} + o}yr + —odr v=>3.,n -3

2

The quantitics D;, Y iux, 8, orR, cr% arc the same as in Design A. It is easily scen that
the statistics D, $Sr, SSwr, SSt, SSpyr. and B are associated with the following pivotal

quantitics with known distributions as indicated.

_D-4 SS; _SSwr _
Zp= co; N@.1) U= o_, X, Uwn= iR v
SSk . S5
Ui = __k~\(,, k=T.R Um'r— 7RIT ~X3—1
ai TRIT
Zp =(B-3) S._ST ~ N(0,1)
SriT

The collection of random variables Zp, Uy, UwwT, Uiy r are mutually independent. Also,
the collection of random variables Zp, Uwr, Uw R, Ur, Ug|T, Zp are mutually independent.

Note that, the quantities B and SSgr are, respectively, the linear regression coefficient
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and the residual sum of squares from the regression of ?in on 7,-1-1', after accounting for
the sequence cffect. Note that, since 02,1 is non-identifiable in this design, the quantities
EijT,E,-.T, and SSwr, defined above for Design A, do not exist here. For Design B,
quantities in lower case—d, ssy, $sk, $swr, and b-are used to denote the observed values of
the random variables-D, SS;, SSi, SSwr. and B-which are given in upper case.

The FDA guidance document (2001) mandates the method of moments be used to
estimate the fixed cffects and variance components in the IBE/PBE model. We would
like to note that, unlike Design A, the method of moments estimators for Design B are
also the GLS/REML cstimates. Chinchilli and Esinhart (1996) showed that this is the
case for sequence-balanced designs (they used the term uniform within sequence) in which
cach trcatment appears at lcast twice. A sequence-balanced design is one in which each
treatment appcar the same number of times in cach sequence. An advantage of scquence-
balanced designs is that cach sequence generates the same information concerning the
paramecters in the model. Design B is an example of a sequence-balanced design, whercas

Design A is not sequence-balanced. We prove the following proposition in the appendix.

Proposition. The mcthod of moment cstimators of the identifiable parameters in
Design B. in particular §,0%.0%. 0%, 0%, and 3, arc the same as the (unconstrained)
GLS/REML cstimates for these parameters.

4.3.6 Tests of Individual Bioequivalence for Design B
For Design B, we have the following reparameterization of the IBE criterion

3 2
§2 +0% - EG“/R

©rBe = .

A generalized test variable for computing the GPV in Design B is

2
SS[ ssy  3sswr
(d—cZD‘/—’ +—=—-z
U, U, 2 U
T(X:z,£) = I I WR

z SSWR 02
UWR, [
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where £ = (Opg, 4, a'}, cr%v r)- The GPV is the arca of the generalized extreme region for
this function, which is calculated using Monte Carlo integration, and IBE is concluded if
the GPV is less than a.

For comparison, we consider the HSCI intervals taken from Hyslop and Iglewicz

(2001). The HSCI 100(1 — a)% upper bound for the reference-scaled IBE criterion is

8s 3 S8 5
d* + T[ - (5 +01) LVR' + (Hp + H} + Hiypp)®?®

The HSCI 100(1 — «)% upper bound for the constant-scaled IBE criterion is

2o B

— 0301 + (Hp + H} + HY peo)®

Individual BE is concluded if the appropriate upper bound is less than zero. The compo-

nents of the variance expression arc

s\, 1 1
Hp = ([d| +ctl_n,u‘/ﬁ ) —d? Hp = ss; ( i ->
v XQ.U v

3 1 1 3 1 1
Hwprr = (3 + 91) sswr| = — =] Hwgrc= 33SwWR | = - =
- xl—a,u v Xi-av v

Typical values for the constants in all these tests are 02 = 0.04 and 6; = 2.4948.

4.3.7 Test of PBE for Design B

As with Design A, we need a reparamecterization of the PBE criteria that reflects the

statistical dependence between the random variables SSr and SSg.

1
(52 +0’%(1 - 52) _ (O’%I‘T + EU%VR)

Opge = I
mar (0’%‘32 -+ U%HT + EO’%VR, 0'(2))
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The generalized test variable for computing the GPV in Design B is

2 . ssT
d— i S
( cZpVvTp) + Ur Tr

maz(Tr,o?)

2
SSRIT  SST SSR|T
ITp=——+—|1—-|b-2Zp,|———
P Upr " Ur ( ( BV SSTURtT))
2
ssT [ ss RIT sSpr 1 sswr
Th=—|b-~-2 - - =
R Ur ( B SS’I’UmT) UR.IT 2Uwr

where € = (©,g,4,0%, o';’mn, o3 p,B). The GPV is the area of generalized extreme region

T(JY; T, E) =

for this function, which is computed using Monte Carlo integration, and PBE is concluded
if the GPV is less than . Typical values for the constants in all these tests are of = 0.04
and 9p = 1.7448.

The reparamecterization of the PBE appropriate for the HSCI test is
. 1
(52 + 0’%- - (0'2R + 50%‘/}1)

1
maz (a?{ + 50& R\ T5

The HSCI 100(1 — a)% upper bound for the reference-scaled PBE criterion is

Oppe =

L ss ssp lss - 5
£+ 50— (1 0p) (R 4 2R s (hrh - B+ Hpn + Hy )

The HSCI 100(1 ~ @)% upper bound for the constant-scaled PBE criterion is

2 SsT SSR | ISSH'R 2 . 2 . ; 5
&+ — ‘(T +5— )—agep-r(flf)*.-H%-f—H,zm-*-Hﬁ;RC)O"

Population BE is concluded if the appropriate upper bound is less than zero. The com-

poncents of the variance expression are

2
. 11
Hp = (|d|+ct1_a,,,,/§£) ~d2 HTzssT( - -—)
v x&,l’ v

1 1 1 1 1
HRRz(-+9P)SSR -_—— HRC=35R —_—
2 x%—a.l' v %—a,u v

1 1 1 1 1 1

HIVVRR = —(1 +0P)SSI,VR —_ - H“’RC = —-SSwwp| ——— — —

2 %—a,u v 2 %—a,u v
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4.3.8 Example: Methylphenidate meta-data

Meyer et al. (2000), conducted a study to characterize the intra-subject variability of
methylphenidate. In this study 20 healthy male subjects were randomized to one of four

4-period sequences. We adapted the data from this study in the following way:
1. Period 4 was deleted from Sequences 1 and 4.
2. Period 3 data in Sequence 2 was replaced with the data from Period 4.
3. Sequence 3 was completely deleted.

This gives data from a pscudo-study with treatment assignments conforming to Design B.
This pseudo-study is constructed only for demonstration purposes and is not intended to
be used to draw any conclusions about the IBE or PBE of methylphenidate. The observed

values for the summary statistics for log(AUC) arc

d = 0.10348 ss; = 030837 ssT = 1.3758 ssp = 1.3067

sswwr =0.52145 b = 0.8628 sspr =0.2825 v =12

For IBE, we generated a HSCI upper bound of —0.052975 and a GPV of 0.0012.
The GPV is based on 50000 Monte Carlo points and has a 95% confidence interval of
(0.0009,0.0015). From cither test we can conclude IBE. For PBE, the HSCI upper bound
is —0.06926 and the GPV, based on 100000 Monte Carlo points, is 0.0004.

4.4 Simulation Studies

Simulation studies were conducted to compare the two methods —~ HSCI and GPV - for
population biocquivalence and for individual bioequivalence. The methods were examined
for their ability to maintain the nominal Type [ error rate and for their power to reject the
null hypothesis of bioincquivalence when the alternative hypothesis of bicequivalence is
actually true. Since Design A has 2 sequences and Design B has 3, to facilitate comparison
we let r represent the total number of subjects in a study. Simulation parameters were

chosen based on the power tables given in the appendix of the FDA guidance document
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(2001). For IBE, we used op = 0.01,0.1,0.15, and, for assessing the sizes of the 2 test
methods, chose the other parameter values so that §; = 2.4948 (the boundary of the null
hypothesis). The propertics of these tests for PBE were examined in a similar manner.
Five thousand simulated data sets were generated for each parameter combination. GPVs
were cstimated based on 10,000 Monte Carlo runs. All tests were done at the nominal
a = 0.05 level. All simulations were done using SAS® Version 8.2 for Windows. The

results are summarized below for Design A and Design B, respectively, first for IBE, then

for PBE.

4.4.1 Individual Bioequivalence for Design A

The examination of the size of the two procedures in Design A for IBE was done at a
number of points on the boundary surface of the null hypothesis, i.c., where 8; = 2.4948
(the value proposed by the FDA). We also used the FDA-specified value o2 = 0.04 for

constant-scaling. The estimated sizes of the procedures are summarized in Tables 2a-c.
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Table 2a. Estimated sizes of the test procedures HSCI and GPV for Design A/IBE

ocp =0.01
d = 0.3157 d =0.3631 § = 04737 d =0.7897
owr =owrn=0.15 | owr=owp =02 ] owr =owr =023 | owr =owr=0.3 | owr =owa =0.5
n | HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
24 | 0.042 0.040 0.043 0.047 0.043 0.037 0.039 0.029 0.039 0.028
36 | 0.043 0.038 0.038 0.060 0.048 0.041 0.051 0.042 0.052 0.042
48 | 0.047 0.042 0.039 0.065 0.046 0.040 0.044 0.037 0.046 0.038
op =0.10
6 = 0.2997 4 =0.3493 ¢ = 0.4631 0 =0.7834
owr =owr =0.153 | owr =ocwp=0.2 | owr =ownr =023 | owr =owpn =0.3 | owr = owr = 0.5
n | HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
24 1 0.040 0.033 0.045 0.043 0.044 0.035 0.045 0.034 0.040 0.032
36 | 0.041 0.035 0.031 0.055 0.043 0.040 0.047 0.039 0.049 0.038
48 | 0.044 0.038 0.049 0.033 0.047 0.039 0.033 0.046 0.048 0.040
op =0.15
4 =0.2780 4 =0.3309 d = 0.4495 6 =0.7754
owr =owpn =013 | owr =own=02 | owr =owpn =023 | owr =owr =03 | owr =owr =0.5
n | HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
241 0.034 0.028 0.042 0.040 0.038 0.031 0.044 0.032 0.042 0.032
36 | 0.044 0.038 0.030 0.048 0.041 0.033 0.043 0.033 0.048 0.039
43 | 0.040 0.033 0.032 0.057 0.049 0.041 0.047 0.038 0.048 0.040

Table 2b. Estimated sizes of the test procedures HSCI and GPV for Design A/IBE

d =0.05
cp =0.01
owr =0.3460 | owr =0.3704 | owr = 04269 | owr =0.3383 | owr = 0.9333
own = 0.15 own =0.2 own =023 ocwn =03 own =03
n { HSCI GPV | HSCI GPV | HSCI GPV | HSCI GPV | HSCI GPV
24 1 0.011 0.006 | 0.017 0Q.011 | 0.021 0.012 | 0.017 0.009 | 0.023 0.014
36 { 0.014 0.009 { 0.030 0.026 | 0.025 0.017 { 0.028 0.016 | 0.027 0.019
48 { 0.019 0.015 | 0.031 0.029 | 0.029 0.018 | 0.032 0.021 | 0.033 0.019
op =0.10
owr =0.3313 | owr =0.3568 | owr =0.4132 | owT = 0.5496 | owT = 0.9280
own = 0.15 own=0.2 cwn =023 ownr =03 ownr =10.3
n | HSCI GPV | HSCI GPV | HSCI GPV | HSCI GPV | HSCI GPV
24 | 0.013 0.009 | 0.025 0.018 | 0.023 0.015 | 0.019 0.012 | 0.021 0.011
36 { 0.013 0.010 § 0.028 0.022 | 0.026 0.017 | 0.025 0.016 | 0.029 0.018
48 | 0.018 0Q.013 | 0.031 0.026 | 0.032 0.021 | 0.030 0.021 | 0.030 0.018
op =0.15
owr =0.3119 | owT =0.3388 | owr =0.3999 | owr = 0.3381 | owr = 0.9213
own = 0.13 own=0.2 own = 0.23 ownrn =03 owr =0.5
n | HSCI GPV | HSCI GPV | HSCI GPV | HSCI GPV | HSCI GPV
24 | 0.007 0.006 | 0.021 0.014 | 0.019 0.010 | 0.019 0.013 | 0.021 0.012
36 | 0.015 0.011 | 0.027 0.022 | 0.025 0.018 | 0.025 0.016 | 0.021 0.011
48 | 0.016 0.013 | 0.034 0.030 | 0.026 0.017 | 0.028 0.020 | 0.030 0.020
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6§ =0.15
op =0.01
owr = 0.31537 | owr =0.3423 | owr =0.4269 | owr = 0.5403 | ow = 0.9225
own = 0.15 own=0.2 ownr = 0.23 owr =03 own =0.3
n | HSCI GPV | HSCI GPV | HSCI GPV | HSCI GPV | HSCI GPV
24 | 0.013 0.010 | 0.027 0.020 | 0.024 0.016 | 0.024 0.015 | 0.021 0.012
36 | 0.021 0.016 | 0.033 0.029 | 0.027 0.016 | 0.026 0.018 | 0.029 0.017
48 | 0.024 0.017 ) 0.039 0.040 | 0.033 0.023 | 0.032 0.022 | 0.034 0.023
op =0.10
owr = 0.2997 | owT =0.3276 | owr =0.3903 | oy =0.3311 | owr =0.9172
ocwn =013 own = 0.2 own = 0.23 own =03 own = 0.5
n | HSCI GPV | HSCI GPV | HSCI GPV | HSCI GPV | HSCI GPV
24 | 0.016 0.013 | 0.027 0.022 | 0.021 0.013 | 0.025 0.013 | 0.025 0.015
36 { 0.020 0.016 | 0.033 0.031 | 0.027 0.018 | 0.029 0.021 | 0.029 0.017
48 | 0.022 0.018 | 0.038 0.034 | 0.034 0.024 | 0.030 0.020 | 0.029 0.021
op =0.15
owT =0.2780 | owr =0.3079 | owr =0.3740 | owr =0.5192 | owT = 0.9103
ocwn = 0.13 ownr = 0.2 ocwn = 0.23 ocwn =03 own=0.5
n | HSCI GPV [HSCI GPV | HSCI GPV | HSCI GPV | HSCI GPV
24 1 0.015 0.013 | 0.026 0.020 | 0.024 0.014 | 0.025 0.013 | 0.019 0.012
36 { 0.018 0.015 | 0.032 0.029 | 0.031 0.021 | 0.032 0.021 | 0.030 0.018
48 | 0.026 0.021 | 0.039 0.038 | 0.036 0.027 ! 0.030 0.021 | 0.027 0.016

The above tables indicate that, for the most part, both the GPV and HSCI tests hold
the nominal level of @ = 0.05 with very few exceptions, most notably when § > log(1.25)
and owpr = 0.2. In many cases, both tests appear to be very conservative, which may

have implications for the power in this design.

4.4.2 Power for IBE in Design A

Power of the two procedures was examined for § = 0.05, op = 0.01,0.1,0.15, and
awr = aowr = 0.15,0.2,0.23,0.3,0.5. We have summarized these results by reporting the
estimated minimum total sample sizc needed to achicve 80% power, and the cstimate of
the actual power at the given sample size for the 2 methods. These results are summarized

in Table 3.
Table 3. Estimated power for IBE of the test procedures HSCI and GPV for Design A
0 =0.05

owr =013 | owr =02 | owr =023 | owr =03 | owr =0.3

owp=0.153| owr=02 | owrn =023 | owpn =03 | owr =0.3

Mecthod | op n Power | n Power | n Power | n Power | n Power

HSCI [ 001}{18 0829 {34 03819 |48 0.809 |36 0.808 | 56 0.811

01024 0807 {44 0813 [ 62 0.807 |64 0.816 | 38 0.812

01536 0808 |64 0804 [ 88 0.809 |76 0.822 |62 0.814

GPV 00120 0827 |34 0811 [ 46 0.819 |62 0.818 { 62 0.813

010 | 28 0.847 |44 0805 | 58 0.807 |68 0.802 | 64 0.813

01540 0816 |64 0814 | 82 0.804 |82 0.806 | 68 0.811
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From the power comparisons it appears that GPV docs somewhat better for values of
owr close to og = 0.2, and HSCI doing better when the ow g is relatively small or large.
The differences between the sample size requirements for these 2 tests tended to be trivial
for 4-period crossovers, which docs not appear to be the case here. But what may strike
the reader is the large number of subjects required even when the variation is modest.
Biocquivalence studies rarcly enroll more than 30 or 40 subjects. But there appears to be
little advantage to running a 3-period study if Design A is used. This will be discussed

further below.

4.4.3 Population Bioequivalence for Design A

Tables 4a and 4b show simulation results comparing the respective sizes of the two
tests. All of the parameter combinations in these tables correspond to 8p = 1.7448, with
o3 taken to be 0.04. Both valucs arc as recommended in the FDA guidance document.
Here. correlations of p = 0.8 and p = 0.9 are examined. The reasoning for examining cases
with such scemingly high corrclation is that, the responses within a subject to different
formulations of the same drug are still likely to have a strong degrcee of corrclation even if

the formulations arc only borderline biocquivalent.
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Table 4a. Estimated sizes of the test procedures HSCI and GPV for De-
sign A/PBE (5 # 0)
d = 0.2642 4 =0.2954 6 =0.3736
opr =0.1,085 =0.1 opr =0.2,080 =0.2 ogr =0.2,080 =0.2
owr =0.1,0ppn=0.1 owr =0.1,0wg =0.1 owr =02,0wr =02
n p HSCI GPV HSCI GPV HSCI GPV
24 0.8 | 0.0016 0.0036 0.0250 0.0522 0.0138 0.0488
0.9 | 0.0010 0.0036 0.0218 0.0392 0.0136 0.0432
J6 0.8 | 0.0016 0.0012 0.0206 0.0444 0.0178 0.0386
0.9 | 0.0020 0.0014 0.0208 0.0392 0.0144 0.0342
48 0.8 | 0.0008 0.0004 0.0206 0.0394 0.0138 0.0344
0.9 | 0.0012 0.0012 0.0238 0.0338 0.0140 0.0322
é = 0.53907 d =0.5604 4 = 0.8861
gpT = 04,080 =0.4 ocar =0.3.080 =03 opr =0.6,08 =06
owr =020 =02 ocwr =03.0uwr =03 owr =03,04'n =03
n p HSCI GPV HSCI GPV HSCI GPV
24 0.8 ] 0.0186 0.046+ 0.0166 0.0482 0.0208 0.0444
0.9 { 0.0254 0.0480 0.0130 0.0474 0.0208 0.0420
36 0.8 0.0190 0.0362 0.0190 0.0418 0.0232 0.0378
0.9 | 0.0218 0.0372 0.0138 0.0396 0.0212 0.0378
48 0.8 | 0.0208 0.0368 0.0126 0.0290 0.0200 0.0380
0.9 { 0.0196 0.0326 0.0146 0.0292 0.0220 0.0346
d = 0.2954 4 = 0.5907
opr =0.2,0r =0.1732 opr =0.1732,05r, =0.2 | ogr = 0.3873,05r = 0.4
gwr = 0.1,0wp =0.1414 | owr =0.1414,0wr = 0.1 | owr = 0.2236,04wn = 0.2
n p HSCI GPV HSCI GPV HSCI GPV
24 0.8 | 0.0194 0.0490 0.0182 0.0550 0.0228 0.0514
0.9 | 0.0192 0.0408 0.0194 0.0498 0.0204 0.0442
36 0.8 0.0196 0.0346 0.0224 0.0508 0.0174 0.0364
0.9 | 0.0194 0.0304 0.0158 0.0392 0.0252 0.0418
48 0.8 | 0.0202 0.0294 0.0138 0.0410 0.0208 0.0374
0.9 | 0.0166 0.0264 0.0132 0.0348 0.0184 0.0320
4 = 0.5907 6 = 0.8861
optT =0.4,0r =0.3873 opr =0.6.08p =0.5 ogpr =0.3,78 =0.6
owr =0.2,0wr =0.2236 | cwr =03,0ur = 0.4472 | gwr = 0.4472, aowr =03
n D HSCI GPV HSCI GPV HSCI GPV
24 0.8 | 0.0188 0.0426 0.0184 0.0402 0.0168 0.0494
0.9 | 0.0220 0.0380 0.0178 0.0380 0.0172 0.0490
36 0.8 ] 0.0202 0.0408 0.0186 0.0348 0.0174 0.0460
0.9 | 0.0212 0.0328 0.0166 0.0306 0.0144 0.0408
48 0.8 | 0.0248 0.0410 0.0138 0.0290 0.0138 0.0428
0.9 1 0.0176 0.0282 0.0194 0.0272 0.0164 0.0370
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Table 4b. Estimatcd sizes of the test procedures HSCI and GPV for Design A/PBE

(6=0)
opr =0.2823,085 =0.1 { 057 =0.3567,.05r =0.2 { o7 = 0.4238,05r = 0.2
owr =0.1l.owp =0.1 owr =01l.oywn=0.1 owrT =02, 0up =02
n p HSCI GPV HSCI GPV HSCI GPV
24 0.8 {0.0192 0.0244 0.0098 0.0616 0.0136 0.0642
0.9 | 0.0226 0.0290 0.0086 0.0334 0.0110 0.0556
36 0.8 0.0234 0.0268 0.0154 0.0600 0.0182 0.0542
0.9 | 0.0242 0.0286 0.0038 0.0384 0.0142 0.0480
48 0.8 | 0.0302 0.0290 0.0124 0.0588 0.0172 0.0544
0.9 | 0.0302 0.0308 0.0070 0.0454 0.0144 0.0526
opr =0.7134,08pr =04 | opr = 0.6357,0p = 0.3 | ogT =1.0701,05 = 0.6
owT =0.2,0wp =0.2 owr =03,0wn =03 owr =0.3,0wr =03
n p HSCI GPV HSCI GPV HSCI GPV
24 0.8 0.0104 0.0548 0.0180 0.0390 0.0130 0.0330
0.9 | 0.0038 0.0338 0.0128 0.0554 0.0044 0.0500
36 0.8 0.0102 0.0516 0.0166 0.0572 0.0096 0.0534
0.9 | 0.0038 0.0466 0.0154 0.0338 0.0078 0.0436
48 0.8 | 0.0112 0.0492 0.0192 0.0510 0.0108 0.0534
0.9 | 0.0072 0.0426 0.0122 0.0488 0.0064 0.0438

Again, both tests appear to hold the nominal level of & = 0.05 when § # 0. The GPV
appears to be slightly anti-conservative when § = 0, whereas the HSCI test may viewed as

somcwhat over-conservative, since its estimated level is frequently lower than 0.02, quite

a bit lower than a = 0.05.

4.4.4 Power for PBE in Design A

Table 5 summarizes the simulation results for the power of the two tests. It shows the
smallest n for which a particular test achieves 80% power and the actual estimate of the
power for that test at that point. Here correlations of p = 0.9 and p = 0.95 are examined.
These values were deemed reasonable for examining power because formulations that are

biocquivalent should exhibit a very high degree of correlation.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



86

Table 5. Sample size comparisons and estimated power for PBE of the test procedures

HSCI and GPV for Design A

6=0.05

owr =0.15,0wr =0.15 | owr =0.23,0wnr = 0.23
opr =0.15 | ogr =03 | 07 =0.23 | o = 0.46
opr=0.13| opr =03 | ogr =023 | ogr = 0.46
Method p n Power{n Power| n Power | n Power
HSCI {09022 0801 {30 0.831 [30 0.835 |28 0.811
095122 0800 {30 0.828 |28 0.808 {28 0.803
GPV 090 )18 0.821 (22 0.837 |22 0.8353 {22 0.839
095 )18 0.831 |22 0.829 |22 0.832 |22 0.826
owr = 0.3,0wnr =0.3 owr = 0.3,0wnr = 0.5
ogr =03 | ogr =0.6 opr = 0.5 ggT = 1.0
ogrn =03 | ogr=10.6 cgr =03 ocgrn =10
Method p n Power | n Power| n Power| n Power
HSCI | 090]|28 0.808 |28 0.809 |28 0.821 |28 0.803
095128 0.817 |28 0.809 |28 0.810 | 28 0.804

GPV | 09022 0.832 (20 0.801 [ 20 0.801 |20 0.805
095122 0.829 20 0.800 |22 0.845 | 20 0.801

Table 5 shows how that GPV has smaller sample size requirements than the HSCI
method for most of the parameter space. The principal reason for this appears to be that
the proposed GPV method accounts for the intra-subject dependence between ?ij’l’ and

?in~

4.4.5 Individual Bioequivalence for Design B

The cxamination of the size of the two procedures in Design B for IBE was done at a
number of points on the boundary surface of the null hypothesis, i.e., where ; = 2.4948
(the value proposed by the FDA). We also used the FDA-specified value o3 = 0.04 for

constant-scaling. The estimated sizes of the procedures are summarized in Tables 6a-c.
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Table 6a. Estimated sizes of the test procedures HSCI and GPV for Design B/IBE

op =0.01
4 =0.3157 d =0.3631 4 =0.4737 4 = 0.7897
avr =own =015 owr =ownpn =02 | owr=owr =023 | owr =owr=03 | owr =owr =0.5
n | HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
24 ¢ 0.030 0.049 0.052 0.063 0.047 0.0:16 0.048 0.043 0.048 0.044
36 | 0.054 0.051 0.059 0.075 0.030 0.048 0.047 0.044 0.049 0.045
48 | 0.037 0.034 0.061 0.073 0.032 0.030 0.046 0.043 0.033 0.030
op =0.10
d = 0.2997 4 = 0.3493 J = 0.4631 d =0.7834

owr = ownr =0.15

owT =owr =0.2

owr =own = 0.23

owT = dwp = 0.3

owr =0owRr = 0.9
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n | HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
24 | 0.052 0.033 0.058 0.069 0.047 0.048 0.047 0.043 0.047 0.041
36 | 0.031 0.049 0.039 0.072 0.046 0.045 0.046 0.043 0.049 0.045
48 | 0.031 0.048 0.052 0.067 0.051 0.048 0.052 0.047 0.050 0.049
op =0.15
§ = 0.2780 é = 0.3309 6 = 0.4495 d =0.7754
owrT =ownr=0.13 | owr =owr =02 [owr =0owp =023 | owr =owr =03 | owr =owr =0.3
n | HSCI GPV HSC1 GPV HSCI GPV HSCI1 GPV HSCl GPV
24 | 0.053 0.051 0.033 0.065 0.030 0.051 0.047 0.043 0.046 0.042
36 | 0.056 0.055 0.056 0.069 0.048 0.046 0.049 0.046 0.051 0.048
48 | 0.046 0.042 0.038 0.070 0.044 0.044 0.051 0.047 0.049 0.045
Table 6b. Estimated sizes of the test procedures HSCI and GPV for Design B/IBE
d =0.05
op = 0.01
owr =0.3460 | owr =0.3704 | owr =0.4269 | ow T = 0.3383 | owr = 0.9333
awn =0.13 awnr =02 ownr = 0.23 ocwn = 0.3 own =0.
n | HSCI GPV | HSCI GPV | HSCI GPV | HSCI GPV | HSCI GPV
241 0.031 0.030 | 0.045 0.049 | 0.035 0.036 | 0.034 0.031 | 0.038 0.033
36 | 0.038 0.035 | 0.048 0.053 | 0.042 0.040 | 0.038 0.035 | 0.037 0.034
48 | 0.039 0.036 | 0.054 0.058 | 0.040 0.039 | 0.038 0.034 | 0.040 0.037
op =0.10
owr =0.3313 | owr =0.3368 | owr =0.4132 | oy = 0.5496 | oy = 0.9280
ownr =0.15 own =02 ouwr = 0.23 own =03 ownr =0.3
n | HSCI GPV | HSCI GPV [ HSCI GPV | HSCI GPV | HSCI GPV
24} 0.038 0.035 | 0.048 0.052 | 0.040 0.039 | 0.03¢4 0.031 | 0.040 0.035
36 { 0.039 0.037 | 0.050 0.056 { 0.039 0.038 | 0.037 0.033 | 0.038 0.033
48 | 0.041 0.037 | 0.047 0.055 | 0.050 0.048 | 0.038 0.035 { 0.041 0.037
agp =0.15
owr =03119 | owr = 03388 | owr =0.3999 | owr = 0.3381 | owr = 0.9213
gwnr =0.13 ownr =02 own =0.23 ownr = 0.3 ownr =0.5
n | HSCI GPV | HSCI GPV | HSCI GPV [ HSCI GPV | HSCI GPV
24§ 0.032 0.030 | 0.044 0.047 | 0.036 0.035 | 0.034 0.031 | 0.039 0.034
36 | 0.038 0.034 | 0.048 0.053 | 0.044 0.043 | 0.034 0.030 | 0.041 0.037
48 | 0.038 0.036 | 0.054 0.061 | 0.041 0.039 | 0.041 0.037 | 0.045 0.040
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Table 6c¢. Estimated sizes of the test procedures HSCI and GPV for Design B/IBE

4 =0.15
op =0.01
owr =0.3137 | owr =0.3423 | owr = 0.4269 | owr = 0.5403 | owT = 0.92235
ownr = 0.13 ownr =02 owr =023 owr =03 owr = 0.3

n | HSCI 'GPV | HSCI GPV | HSCI GPV | HSCI GPV | HSCI GPV
24| 0.034 0.033 | 0.054 0.059 | 0.041 0.040 | 0.039 0.035 | 0.043 0.038
36 | 0.044 0.042 | 0.054 0.060 | 0.036 0.037 | 0.042 0.038 | 0.040 0.036
48 | 0.042 0.040 | 0.051 0.062 | 0.042 0.042 | 0.036 0.033 | 0.041 0.036

op =0.10
owr = 0.2997 | owr =0.3276 | owT = 0.3903 | owr =0.3311 | owT = 0.9172
ownr = 0.15 ownr = 0.2 own =023 ownr = 0.3 ownr = 0.5

n | HSCI GPV | HSCI GPV [ HSCI GPV | HSCI GPV | HSCI GPV
24 | 0.037 0.035 | 0.047 0.053 | 0.039 0.038 | 0.041 0.037 | 0.031 0Q.028
36 | 0.042 0.041 | 0.050 0.058 | 0.043 0.041 | 0.045 0.041 | 0.039 0.033
48 | 0.039 0.037 | 0.033 0.062 | 0.042 0.041 | 0.041 0.038 | 0.042 0.038

op = 0.15
owr =0.2780 | owr =0.3079 | owr =0.3740 | owr =0.5192 | owT = 0.9103
own =0.15 own =02 own = 0.23 ownr =03 own=0.3

n | HSCI  GPV | HSCI GPV | HSCI GPV | HSCI GPV | HSCI GPV
241 0.039 0.038 | 0.048 0.056 | 0.042 0.040 | 0.035 0.031 | 0.035 0.030
36 | 0.043 0.041 | 0.050 0.055 | 0.037 0.036 | 0.037 0.034 | 0.040 0.037
48 | 0.041 0.040 | 0.056 0.063 | 0.046 0.045 | 0.044 0.040 | 0.043 0.039

Both tests appear to hold the nominal level of a = 0.05 for most of the parameter
space. The exceptions are mostly when o g is close to 0.2, especially for the GPV and

when § > log(1.25). On the whole, the tests appear to be very similar.

4.4.6 Power for IBE in Design B

Power of the two procedures was examined for § = 0.05, op = 0.01,0.1,0.15, and
owr = owr = 0.15,0.2,0.23,0.3,0.5. We have summarized these results by reporting the
estimated minimum total sample size needed to achieve 80% power, and the cstimate of
the actual power at the given sample size for the 2 methods. These results are summarized

in Table 7.
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Table 7. Estimated power for IBE of the test procedures HSCI and GPV for

Design B

6 =0.05

owr =015} owr =02 | owr =023 | owr =03 | owr =0.3
owr =013 own=02 | owrn =023 | owr =03 | owr =0.5
Mecthod | op | n Power | n Power| n Power [ n Power | n Power

HSCI [0.01 |15 0.889 {24 0.835 |30 0813 {36 0.846 [ 33 0.819
010} 18 0820 (30 0.811 {39 0809 (39 0.815 |36 0.823
015127 0.820 |45 0808 |54 0805 |45 0.818 | 39 0.837
GPV 00115 0879 |24 082 |30 0840 (36 0.837 | 33 0.805
0.10 | 18 0.804 30 0.827 | 36 0.809 |39 0.804 | 36 0.812
0.15 |27 0808 |42 0.802 (51 0815 [45 0.806 |39 0.823

From the power comparisons it appears that HSCI and GPV are very similar with
respect to power and sample size requirements, with GPV doing somewhat better for
values of owpr close to gp = 0.2, and HSCI doing marginally better when the owr is
rclatively small or large. This is the same pattern observed in the previous chapter with
respect to 4-period crossover designs. The differences between 2 methods may appear to
be trivial, with the cases where GPV has a lower sample size requirement only amounting
to one subject per sequence. But, as discussed in Chapter 3, there may be other rcasons
for preferring GPV over HSCI. The sample size requircments for Design B appear to be
much more reasonable than for Design A, and these requirements also compare favorably

to thosc for 4-period crossover. This will be discussed further in Section 5.

4.4.7 Population Bioequivalence for Design B

Tables 8a and 8b show simulation results comparing the respective sizes of the 2
tests. All of the parameter combinations in these tables correspond to 8p = 1.7448, with
o3 taken to be 0.04. Both values are as recommended in the FDA guidance document.

Correlations of p = 0.8 and p = 0.9 arc examined, as we did for Design A.
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Table 8a. Estimated sizes of the test procedures HSCI and GPV for Design B/PBE

(6 #0)
d = 0.2642 é =0.2954 6 =0.3736
ocgr =0.1,05 =0.1 opr =02,080 =0.2 ocgr =0.2,085 =0.2
owTt =0.1,0wn =0.1 owr =0.1,o0wr =0.1 owr =0.2,0wn =0.2
n p HSCI GPV HSCI GPV HSCI GPV
24 0.8 | 0.0446 0.0606 0.0202 0.0676 0.0334 0.0714
0.9 | 0.0372 0.0322 0.0120 0.0634 0.0352 0.0726
36 0.8 | 0.0434 0.0376 0.0274 0.0710 0.0362 0.0630
0.9 | 0.0410 0.0528 0.0152 0.0618 0.0370 0.0714
48 0.8 | 0.0492 0.0390 0.0218 0.0550 0.0396 0.0674
0.9 { 0.0446 0.0338 0.0202 0.0628 0.0342 0.0640
é = 0.5907 d = 0.5604 d = 0.8861
opT =0.4,08p0 =0.4 opr =03, =0.3 ot =0.6,08 =0.6
owr =0.2,0vp =02 owr =03,0wnr =03 cwr =0.3,0wn =03
n p HSCI GPV HSCI GPV HSCI GPV
24 0.8 | 0.0236 0.0652 0.0328 0.0686 0.0214 0.0654
0.9 | 0.0142 0.0624 0.0294 0.0692 0.0126 0.0654
36 0.8 | 0.0220 0.0592 0.0388 0.0680 0.0202 0.0330
0.9 | 0.0136 0.0646 0.0316 0.0640 0.0154 0.0568
48 0.8 | 0.0284 0.0692 0.0348 0.0636 0.0248 0.0622
0.9 | 0.0196 0.0608 0.0378 0.0662 0.0194 0.0388
6 =0.2954 4 = 0.5907
opgr = 02,0 =0.1732 opr =0.1732.0ppr = 0.2 | opgr =0.3873,08p = 0.4
owr =0.1,0wrg =0.1414 | gwr =0.1414,0p = 0.1 | owr = 0.2236,0wr = 0.2
n p) HSCI GPV HSCI GPV HSCI GPV
24 0.8 | 0.0202 0.0736 0.0244 0.0688 0.0180 0.0376
0.9 { 0.0210 0.0778 0.0190 0.0608 0.0154 0.0644
36 0.8 | 0.0272 0.0652 0.0230 0.0610 0.0238 0.0600
0.9 | 0.0212 0.0610 0.0240 0.0666 0.0168 0.0640
48 0.8 | 0.0316 0.0624 0.0310 0.0628 0.0290 0.0646
0.9 | 0.0244 0.0608 0.0250 0.0628 0.0174 0.0556
d = 0.3907 d = 0.8861
ogr =0.4,0gr = 0.3873 ogr =0.6,0r =0.5 ogr =0.53,08r =06
owr =0.2,0wr =0.2236 | owr =0.3,0wp = 0.4472 | ot = 0.4472,0wp = 0.3
n p HSCI GPV HSCI GPV HSCI GPV
24 0.8 | 0.0206 0.0658 0.0258 0.0682 0.0294 0.0662
0.9 | 0.0120 0.0618 0.0196 0.0728 0.0232 0.0698
36 0.8 | 0.0250 0.0642 0.0254 0.0596 0.0266 0.0574
0.9 | 0.0176 0.0616 0.0256 0.0632 0.0254 0.0594
48 0.8 | 0.0214 0.0380 0.0318 0.0676 0.0344 0.0670
0.9 | 0.0186 0.0608 0.0248 0.0622 0.0280 0.0604
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Table 8b. Estimated sizes of the test procedurcs HSCI and GPV for Design B/PBE

(6 =0)
opr =0.2825,08r =0.1 | ogr = 0.3567,080, =0.2 | o7 =0.4238,058r = 0.2
owt =0.1,cwpr =0.1 owr =0.1,0wp =0.1 owr =02,owr =0.2
n p HSCI GPV HSCI GPV HSCI GPV
24 0.8 | 0.0330 0.0404 0.0102 0.0630 0.0212 0.037
0.9 | 0.0342 0.0474 0.0074 0.0722 0.0154 0.0596
36 0.8 | 0.0332 0.0378 0.0086 0.0638 0.0176 0.0534
0.9 } 0.0368 0.0468 0.0052 0.0626 0.0198 0.0622
48 0.8 | 0.0328 0.0408 0.0110 0.0620 0.0222 0.057¢
0.9 | 0.0338 0.0420 0.0040 0.0568 0.0160 0.0592
ot =0.7134,08r = 0.4 | ogT = 0.6357,08r =0.3 | g = 1.0701,08r = 0.6
awr =0.2,0wn = 0.2 owr = 03,0 =03 owr =03, cwnr =0.3
n p HSCI GPV HSCI GPV HSCI GPV
24 0.8 { 0.0088 0.0588 0.0214 0.0584 0.0092 0.0584
0.9 | 0.0034 0.0534 0.0138 0.0537 0.0032 0.0338
36 0.8 | 0.0080 0.0584 0.0228 0.0600 0.0074 0.0452
0.9 | 0.0028 0.0510 0.0162 0.0520 0.0022 0.0524
48 0.8 { 0.0108 0.0394 0.0204 0.0364 0.0084 0.0574
0.9 | 0.0026 0.0498 0.0196 0.0596 0.0030 0.0498

The size of the HSCI appears to hold the nominal level of the test, but is sometimes
much smaller than a = 0.05, raising concerns about excessive Type II errors. The GPV
is somewhat anti-conservative, but this cffect is most pronounced when § > log(1.25).
Since concluding PBE requires some form of ABE, the somewhat inflated estimated sizes

in Table 8a may be of little practical concern.

4.4.8 Power for PBE in Design B

Table 9 summarizes the simulation results for the power of the two tests. It shows
the smallest total number of subjects for which a particular test achieves 80% power and
the actual estimate of the power for that test at that point. Here corrclations of p = 0.9
and p = 0.95 arc examined. As with Design A, these values were deemed reasonable for
cxamining power because formulations that arc biocquivalent should exhibit a very high

degree of corrclation.
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Dcsign B
¢ = 0.05
owr = 0.15,0wpn =0.13 | owr =0.23,0wr = 0.23
opr =0.13 | ogr =03 | o =0.23 | 0T = 0.46
ogn=0.15 | ogp =03 | opr =023 | cgr = 0.46
Method p n Power|{ n Power| n Power | n Power
HSCI |090|24 0.865 [24 0.840 | 27 0.860 | 24 0.842
095 (21 0811 |24 0.854 [ 24 0809 |24 0.877
GPV 09015 0803 |15 0.863 |21 0.869 | 15 0.866
09515 0.813 {12 0.821 |18 0.821 {12 0.826
owr = 0.3,0wr = 0.3 owr =0.3,0wnr =0.9

opr =03 | opr =0.6 ot = 0.5 opr = 1.0
opr=03 | ogr =0.6 opr =035 | oppn=1.0
Method p n Power| n Power|{ n Power | n Power
HSCI 09027 0.869 |24 0.854 |24 0.814 |24 0.852
095124 0806 |24 0870 {24 0813 (24 0.870
GPV | 09018 0805 |15 0.861 {18 0.820 | 15 0.863
09518 0822 |12 0833 {18 0822 (12 0.832

As we alrcady have observed for Design A, the GPV is more powerful than the HSCI
for PBE. which we feel is due to GPV accounting for the intra-subject correlation between
the cstimates of the between-subject variances. Also, the sample size requircments are
much lower for Design B than Design A, and comparable to the sample size requirements

derived in Chapter 3 for assessing PBE in 4-period crossovers.

4.5 Discussion
The conclusions of this investigation can be summarized as follows

1. Design A is very inefficient, with respect to the number of subjects necded to con-

clude bioequivalence compared to Design B.

2. Most of the discussion of Chapter 3 with respect to 4-period crossover designs also

appcars to apply to 3-period crossovers, particularly to Design B.

3. Design B has comparable performance to 4-period crossovers, but some parameters

arc not identifiable.

Design A is given by the FDA guidance document (2001) as an cxample of a 3-period

crossover design that can be used to assess individual bioequivalence. The guidance doc-
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ument contains no other details concerning 3-period crossovers. In particular, the FDA
guidance does not discuss how to analyze population and individual BE for 3-period
crossovers, although it is rclatively straightforward to do so by applying cither the Hyslop
methodology or the GPV. No justification is given as to why Design A should be preferred
to any other 3-period design (the same can also be said of the 4-period designs that the
guidance document recommends). Therefore, it may come as a surprise to some that
Design A appears to have such poor cfficiency compared to Design B when the number of
subjects nceded to yicld a reasonable degree of power is assessed. This poor cfficiency for
[BE is apparent in Table 10, which gives the ratio of the estimated required sample sizes
for 80% power when Table 3 is compared to Table 7. A similar, although less dramatic,
cffect is scen for PBE in Table 11, which is comparing Table 5 to Table 9. Later we will sce
simmilar comparisous of Design A and Design B to the 2-sequence/4-period (2S4P) design
studied in the previous chapter which will show that the number of ‘doses’ (total number
of subjects times the number of periods) required in Design A is 30 — 80% higher than
in the 2S4P design, whereas Design B and the 2S4P tend to requires the same number of
‘doses’. Crossover designs are preferred for bioequivalence studies because we can derive
precisc cstimates with relatively few subjects. The number of subjects required to assess
[BE using Dcsign A far surpasses what is typical for a biccquivalence study, despite it
being a dual design. When structure of the summary statistics for designs are closcly
examined, the deficiencies of Design A become clear. On an clementary level, the infor-
mation derived from the 2 sequences of Design A is different, so that there are only n; — 1
degreces of freedom (one less the the number of subjects in a particular sequence) available
to estimate the variance components 0%, 0%,.03.r, and o3-g. This was noted by Chen et
al. (2000), who then stated that one should expect to need to enroll more subjects in a
study with Design A then in a study with the recommended 4-period design. Now, it is
to be expected that a study with fewer periods would require more subjects, but as noted
above, the total number of treatments or doses required for adequate power can be much
higher in Design A than in the 254P design, whereas Design B and the 4-period design

are comparable with respect to total doses. On the other hand, the 3 sequences in Design
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B all provide the same information, so that there are n; + ny + n3 — 3 degrees of freedom
(three less than the total number of subjects) to estimate o7 and o2, 5. But as a trade-off,
the paramecters oy, and 0% cannot be cstimated using Design B.

The ability to derive the same information from all sequences is a property of sequence-
balanced designs. Design B and the 4-period designs in the FDA guidance document are
sequence-balanced, whereas Design A is not. Since sequence-balanced designs require
fewer subjects (or ‘doses’, when 3 and 4-period designs are compared) than the Design A,
which is not sequence-balanced, and since the sequence-balanced designs are comparable

with respect to numbers of ‘doses’, it would appear that scquence-balance is a desirable

property for crossover designs to assess IBE and PBE.

Table 10. Ratio of estimated sample size requirements of Design A

to Design B for the test procedures HSCI and GPV for IBE

4 = 0.05
owr =013 | owr =02} owr =023 | owr =03 | cwr =0.5
ownrn =013 | owrn=02 | owrn=023 | owr =03 | own =0.5
Mcthod | op A/B A/B A/B A/B A/B
GPV 0.01 1.332 1.417 1.533 1.722 1.879
0.10 1.556 1.467 1.611 1.744 1.778
0.15 1.481 1.524 1.608 1.822 1.744
HSCI 0.01 1.200 1.417 1.600 1.556 1.697
0.10 1.333 1.467 1.590 1.641 1.611
0.15 1.333 1.422 1.630 1.689 1.5390
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Table 11. Ratio of cstimated sample size requirements of Design A
to Design B of the test procedure GPV for PBE

4§ =0.03

owr =own = 0.13 owr =own = 0.23

opr =015 | opr =03 | 0T =0.23 | opr =0.46

opr=0.15 | opr =03 | 0pr =0.23 | ogp = 0.46
Method p A/B A/B A/B A/B
GPV 0.90 1.200 1.467 1.048 1.467
0.95 1.200 1.833 1.222 1.833

owr =03, cwnr =03 owr =0.5,0wr =0.5

apr =03 | opr =06 | opr =03 opr =1.0

opn =03 | oprn=06| opr=0.3 ogr =1.0
Method p A/B A/B A/B A/B
GPV 0.90 1.222 1.333 1.111 1.333
0.95 1.222 1.667 1.222 1.667

Most of the observations made in Chapter 3 for 4-period crossover designs can be
applied here to 3-period crossovers, particularly with respect to Design B. For IBE, the
numbecr of subjects required for adequate power is roughly the same for HSCI and GPV, as
is the casc for 4-period crossovers. A problem with the HSCI is that the 95% upper bound
is discontinuous at the changeover point from constant to reference-scaling. Chapter 3
gave an cxample where, when the strict form of the mixed-scaled criteria was applicd to
the HSCI, whether the estimate of 0%, was greater or less than o3 effected the decision
on IBE. But there was no effect on this decision when the GPV was applied to the same
cxample. What was heuristically demonstrated in the previous chapter is now formalized
in the following theorem, which is proved in the appendix.

Theorem. The GPV is continuous for IBE with respect to ssyr at vo2.

This continuity property of the GPV gives a testing procedure free of the necessity for
ad hoc decision rules. Since it is not unlikely that an experimenter interested in the IBE
of a product would have prior knowledge on the magnitude of 02,5, he may specify a
preference for the GPV a priori when he feels that o2, ; will be close to o3. This not only
circumvents the continuity issue, it also happens to be the part of the parameter space
where the GPV has a slight power advantage over the HSCL.

For PBE, the GPV is clearly more powerful than the HSCI, as it was for 4-period

crossovers. This advantage is manifest in Table 9, where using the HSCI over the GPV
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precipitates increases in the required sample size for adequate power to conclude PBE that
range from 28% to 100%. The GPV is slightly anti-conservative, especially in Design B,
but the worse of this occurs when the mean difference 4 is well outside of the acceptable
range for average bioequivalence. The GPV scems to increase in power as the ratio of
the between-subject to the within-subject variances increase, a circumstance very likely
to occur in practice (this is part of the rationale for using crossover studies to assess
biocquivalence). While the continuity argument above also appear to apply, is it less
likely to be of any impact, since 0%, = 0}, + 0, is usually much larger than o3.

The last observation to be made is that although Design B appears to be preferable
to Dcsign A for asscssing the specific IBE and PBE criteria currently sct forth by the
FDA, it comes with a cost: the sccondary paramcters 0% and 0%, arc not identifiable.
Our approach to this problem trcats all the variance components and even ¢ as nuisance
paramcters. This reflects an attitude that we are only interested in ©;5¢ and Opgg,
at lecast as long as we arc able to conclude IBE and PBE, respectively. But some of
our ‘nuisance’ parameters, or functions of these, have their own intrinsic interpretation.
The best example is J, on which we focus when we assess average biocquivalence, the
previous standard for comparing bioavailability. Furthermore, the original discussions of
IBE concentrated more on o3 and r? = af,1./0%,z (e.g., Ekbohm and Meclander (1989)).
The former, the subject-formulation interaction, is still considered very important by the
FDA, and the genecral FDA guidance document on bioequivalence studies (2000) requests
that sponsors give the point estimate of op in their data summary. To address this
issue, we suggest the following two strategies. The first is a sensitivity analysis approach,
which we will illustrate with a hypothetical example. Suppose a bioequivalence study
with Design B yielded parameter estimates of 67 = 0.0835 and 63,5, = 0.0475. Table 12
shows the ‘estimated’ values of 6%, and 6p when 2 = G3,1/6%  is allowed to vary over
a likely range, here from 0.5 to 1.5 (tildes arc used instead of hats for quantities that are

not directly estimated).
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Table 12. Sensitivity Analysis for 6% and 6p

2 __ =2 722
r° = Gyyr/dive

N | Qe

r? o op

0.50 | 0.0360 0.1897
0.75 | 0.024125 | 0.1553
1.00 | 0.012250 | 0.1107
1.25 | 0.000375 | 0.019365
1.50 | -0.01150 ND

Here, we have a stark demonstration of the tradecoff between parameters in the ag-
gregate IBE criterion. When r2 is low, &p is relatively high, and vice-versa. In the former
case, the proportion of subjects whose individual bioequivalence ratios (i.e., pijr/pijr) are
outside of the range (0.8, 1.25) may cause some concern (it is about 14% when op = 0.15),
but the new formulation has considerably less intra-subject variation. In the latter case,
a modest increase in intra-subject variation coincides with a negligible level of subject-
formulation interaction. In some cases, we might let r2 grow as large as 2, but it appears
to be sensible to stop, as we did here, when the value of % becomes negative, since the
value of p is not defined (n.b., negative cstimates of 0'20 arc not unusual in IBE when
the method of moments is used.)

The sccond approach to the non-identifiability of op is to take 67 — 0.563, 5, which
cstimates 0%, + ofy, as an upper bound of 0%, which may in itself be sufficient to allay
regulatory concerns about subject-formulation interaction. Using the methylphenidate
mcta-data as an cxample, we computed this upper bound on op to be 0.0630. This
suggests that proportion of subjects whose individual bioequivalence ratios arc outside
of the range (0.8,1.25) is very unlikely to be greater than 0.1%. In this case, the first
approach does not vield much more information, since, cven with r2 as low as 0.1, the
derived value of 63 is negative.

In conclusion, we hope that this investigation has answered some critical question
concerning the use of 3-period crossover designs in assessing bioequivalence. The poor

performance of Design A should preclude it from consideration as a viable method for
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assessing IBE and PBE. Design B provides a highly efficient method for assessing PBE
and IBE, but cannot be used to estimate secondary paramecters that may be of interest to
concerned partics. We recommend ecither a sensitivity analysis or an upper bound assess-
ment to account for the lack of explicit estimates of op and o3, It is also recommended
that the sponsor considering the merits of Designs B versus a 4-period crossover design

may want to consult with the FDA before implementing this design in their study.
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4.6 Appendix

4.6.1 Proof of Proposition

Proposition. The method of moment estimators of the identifiable paramecters in

Design B are the same as the unconstrained REML estimates for these parameters.

First we prove the proposition for the fixed parameters, ur, gr, the vi's, and lincar

functions of these parameters, such as § = ur — pg. Consider the following linear model
E(y)=XpB cov(y)=V.

We will show that HV = VH, where H = X (X7 X)~! X7 is the projection or hat matrix
(we can also define H using a generalized inverse for X7 X). Puntanen and Styan (1989)
call this Zyskind’s condition. First, we use the estimability conditions from Section 4.2.1

to climinate v37; and y3pa, i.e.. we define v3r; and v3/2 as follows

Y3TL = —YITL = 12T
and
Y3R2 = —YLRL — V2Rl — YIR2 — Y2R2 — Y3RI-
The design matrix X is 4 X, 21

xl ® lnl
X= x2®1n2
XS ® 111.3

where 1,, is a vector of ones and the X;’s arc

1 01 00O0O0OTCO0O
Xi=|l010010000
010001000

X2=| 100100000
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010 0 O O0 O 0 1
X3=]010 0 -1 -1 -1 -1 -1
10 -1 -10 0 0 0 0

Now the covariance matrix for Design B is

Viel, 0 0
V= 0 V‘.’. ® Inz 0
0 0 Vi® I,
where
O%r + Ol OTR OTR
Vi=1| or OBr+ R TBR
OTR 9Br IR+ Oty
OBr+ IR OTR TER
Vo= OTR UQBT + G?VT OTR
ThR OTR TBR + OivR
OBr+ %R TBR OTR
Vi=| ok Okr+Tlyr OTR
OTR OTR OZBT -+ G%VT
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are covariance matrices for the respective sequences, the I, arc identity matrices and 0

is a matrix of zeroes. The hat matrix is

lred., o 0
ng 1
H=|o0 I, O
ny
0 0 —1'13®Jn3
ng

where Jy; is a n; x n; matrix of 1's. It is now clear that HV = V H, since V, has an
identity matrix on the right side of the Kronecker product and H, has an identity matrix
on the left side of the Kronecker product. Therefore, the REML estimates of the fixed
cffects cquals the method of moments (OLS) cstimates for Design B.

To prove the proposition for estimable functions of the variance components (i.e.,
a%, 0%, OTR, Ty gy and o3), we slightly modify the argument of Chinchilli and Esinhart
(C&E. 1996). The key condition here is that the covariance matrices for cach sequence
A, = cou(Y ;) arc cqual for all three sequences, where Yi; = (YT Yijm1 Y,-]-m)T is the

vector of the individual responses. Since

: 2
okr +0fyr OTR oTR
= 2 2 2
Ai=| orr 98rt0WwRrR OBnr
a 2 2
OTR OBR ogr 1 ivr

for i = 1,2,3, Design B mecets this condition (this actually follows from the sequence-
balance property discussed above), so that we can apply C&E’s subsequence argument.

Now consider the following covariance matrix for the statistics defined in Section 3.5.

Yir O%'T + U%VT oTR 0
— 1
— 2 2
var Yin = OTR ogr + 59WR 0
Eijr 0 0 % r

We now have a covariance matrix in the same form as C&E equation (21), and so we
follow their argument, constructing the usual sums of squares cross products matrix (C&E

cquation (23)), from which we apply C&E equation (25) to get the REML estimates of
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a%, ‘7%1’ and orr. The REML cstimate of cr? is a linear function of these estimates, and
the REML cstimate of o3, is derived from C&E equation (26). Therefore, the REML
cstimators that we need for assessing ©;5¢ and ©ppE are equal to the method of moments

cstimators.
4.6.2 Proof of Theorem

We here prove the following theorem, which is similar to the one in Section 5.

Theorem. For the IBE parameter in Design B. GPV is continuous with respect to

sSsyr at UO'S.

First, consider the following generalized test variable (GTV)

SSWR 2) 3sswr

0["1 A ( ,UO
T.(X;z,8) = T 557\ 2 2SZ:VR '
Sy
(d cZp UI) + U

Note that T, (X x,£) is a one-to-one transformation of the GTV is Section 3.5, and, along

with the generalized extreme region
Cx = {.‘Y H T.(.'Y;.'L’,f) < 1},

gives the same GPV value as the procedure in Section 3.5. Note the T, is non-negative

We now define the following functions

f(Zp. Ui, U, sswr) = To(X:x,€) x L1} (Zp. Ur. Uwr, sswr)

d(sswr) = [ f(Zp,Ur, U r.sswr)dF(Zp.Ur, Uwr)
where 1s(X) is the indicator function, which take the value 1 when X € S and 0 otherwise,
and dF (=) is the probability measurc with respect to the random variables in T,. Here
f(Zp,Ur, Uwn, sswr) is a measurable and integrable function of (Zp, U, Ui g) for each
sswr in the interval (a,b) that contains vo2. Note that the definition of ¢(ssyr) is
cquivalent to our definition of the GPV.

We now assert that the following conditions hold
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1. For (Zp,Ur,UwRg) € A, where A satisfies condition (16.9) of Billingsley (1995, pg.

211), f(Zp. U, Uwnr, sswr) is continuous in ssyy g at uag.

2. There exist § and g(=) such that |f(Zp,Ur,Uwgr,sswr)| < 9(Zp,Ur,Uwgr) =1 for
(Zp,Ur,Uwr) € A and |sswpr — V"Si < 4, where 4 is independent of (Zp, Ur, Uwr)

and g(Zp, U, Uwgr) = 1 is integrable.

The continuity of ¢(sswr) at vo3 then follows from Theorem 16.8(i) of Billingsley (pg.
212). Since ¢(sswr) is the GPV, the theorem above immediately follows.
Similar proofs can be applied to GPV tests of IBE for both Design A and the 4-period

crossover design in Chapter 3.
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Chapter 5

A TEST FOR POPULATION BIOEQUIVALENCE FOR
PHARMACOKINETIC DATA FROM 2 x 2 CROSSOVER DESIGNS

SUMMARY

We propose a test for assessing population bioequivalence in 2 x 2 crossover designs
based on the generalized p-value (GPV). We find that the GPV test for 2 x 2 crossovers is
more powerful than the FDA test, yiclding adequate power in cases where the FDA may

have a false negative rate exceeding 50%.
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5.1 Introduction

Individual biocquivalence is important in the assessment of new generic versions of
drug products alrcady on the market. The most likely application of PBE involves newly
approved products (Chow, 1999), where it may be necessary to show that the drug product
from large-scale batches intended for commercial distribution are equivalent to the product
from the small-scale batches used in clinical trials. Here it is assumed that the vast
majority of the potential patient population has yet to be exposed to this product.

As we have scen in previous chapters, the assessment of individual bioequivalence
requires that treatments be replicated within subjects so that the bioequivalence criterion
can be cstimated. The guidance document is more ambiguous on the study design when
the goal is to assess PBE. Appendix F to the FDA guidance document, which details how
to conduct the test for PBE, assumes the use of the same 2 x 4 crossover design that
is reccommended for asscssing individual bioequivalence. But the 2 x 2 crossover design
that has long been the standard for evalnating average bioequivalence can also be used to
assess PBE. It is straightforward to adapt the test in the guidance document to the 2 x 2
crossover design. but this test is very conservative for PBE, regardless of the study design.
This chapter proposes an alternative test for assessing PBE for 2 x 2 crossover studies
based on the generalized p-value (GPV) similar to the ones we proposed in Chapter 3
for 4-period crossover designs and Chapter 4 for 3-period crossover designs. We will also
compare this test directly to the FDA test methodology.

In scction 5.2, we define the model, summary statistics, and other details that we
will nced to construct tests for PBE. Scction 5.3 contains the derivation of the GPV
and FDA tests, and provides an cxample with actual bioequivalence data. Section 5.4
uses simulation to cvaluate and to compare the two tests for size and power. Section 5.5

contains a short discussion and our conclusions.

5.2 Preliminaries
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5.2.1 The Statistical Model

The lincar model that the FDA has adopted for assessing individual and population bice-
quivalence (FDA 2001) is different from the sequence-period-treatment model used for
assessing average biocquivalence (i.e., the equivalence of the treatment means of two for-
mulations) recommended by the previous statistical guidance document on bioequivalence

(FDA, 1992). The observational model, taken from Chinchilli and Esinhart (1996), is given

below.
Yijeo = pk +viet + nie e i=1,...,8 j=1l,...,n; k=T,R; Il=1,...,q

where Yj;4 is the response from subject j in sequence ¢ to the {** application of treatment
k, and s is the number of sequences. The parameters pr and pp are the population means
for the test (T') and the reference (R) treatments, and ;i is the fixed effect corresponding
to the [** application of trcatment k in scquence i. For the 2 x 2 crossover study design
we have s = 2 and q = 1. Following Chinchilli and Esinhart, we impose the estimability
conditions vyx; = —7¥2k1, & = T, R on the 7;’s. Note that the sequence and period effects
that are often used to model data from 2 x 2 crossover studics are linear combinations of
the above 7's, i.e., the sequence cffect is vi7, + v1r1 and the period cffect is v171 — Y1R1-

Since [ =1 for all observations, the random between-subject (7;;x) and within-subject
(eijxt) cffects are confounded with cach other. This is not a problem for PBE, since the
criteria we will be using only requires the total variance (from the random effects 7;;; and

€ijkt added together) for each formulation. So we then write the lincar model as follows
Yijk=lik+'7ik+fijk 1=1,...,2 g=1...,n; k=T,R;

Now it only remains to specify the distribution of the vectors €;; = [ei;7, €ijr]* for each
subject: they are mutually independent bivariate normal with zero means and a variance

matrix given by

2
0% o
T TR
V=
OTR O%
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For convenicnce, we define § = ur — pup, since the fixed effect of primary interest is the
trcatment difference. We also need the variance of the estimate of the treatment difference,
which is 07 = 0% + 0% — 207R.

The cvaluation of PBE is based on the following paramecter of interest

[ 8% + a3 — o3 . .
TXITZR  whon oh > of
TR
o (reference-scaled criterion)
PBE = ¢ 2 2 2]
0% + ofF — oF,
T—R  when 0% < o?
%%
{ (constant-scaled criterion)

This paramecter has been discussed previously. Since 0% and 0% are estimated directly,

reparamectcrization of @ pgg is not an issue here as it was in Chapters 3 and 4.

5.2.2 Summary Statistics

Consider a bioequivalence study with a 2 x 2 crossover design, where cach subject
is treated with both the test and reference formulations. As before, let Yijx denote the
response of subject j in sequence i to treatment & (k = T, R). In the statistical model of
Section 2.1, the parameters that arc needed to compute the PBE criteria are urt, pg, a%,

o%. and arp. We now define the following quantitics.
R

= 1 D +D
Di; =YyT — Yijr Di=—zDij D=2
n; i=1 2
— 1 & _ —
Yie=—>_ Yijk SSk=Lim Tin(Yik = Vi) k=T,R
‘l]-:l
) — — SS
SSrr =Lt LYyt — Yier)(Yijr ~ Yier) B = S.S’{;R
SStr|? ) —_
SSrir =SSR — [—gg—] SSt = i X (Dij — Di)?
d=ur—pur 0% =02 +0% ~20rR
2
a .
="z Thir = ok~ B = ok~ F}
or or
1 ( 1 1 )
c=—=-|—+ — v=mny+nyg—2
4 n) n
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It is casily scen that the statistics D, SSr,SSg, SSpyr, and B are associated with the

following pivotal quantitics with known distributions as indicated.

D—-¢ SS S
Zn="=~N0O1) Ur==5~x Urn==F~x
\Vea? or Tk

SSrir SS
Unr = 0%“'2 ~Xe Za=(B=8) 5T~ NO

The collection of random variables Zp,Ur,U riT»ZB arc mutually independent. Note
that, the quantitics B and SSgyr are, respectively, the lincar regression coefficient and the

residual sum of squares from the regression of Y;;z on Yi;r.

5.3 Generalized Test Variable and GPV for PBE

We first define the following: let X = (D, B,SSt,SSpr) be a vector of random
quantitics, let € = (d, b, ssT, sspr) be the observed values of X, and let § = (OpgE, ¢),
where @ pgge is our parameter of interest and ¢ = (4, 3, a%,o";’u,,.) is a vector of nuisance

parameters. The gencralized test variable (GTV) for the PBE criteria is

(- 2oVelD)* + 5- ~ Ta
T

T 1 &, =
(X;2,8) maz(Tg, 03)
where )
S$sTr SSmT SSRIT
Tp==FL(1-|b-2 ‘/-—— +
b U’r ( ( B SSTUR]‘T) ) URIT
and

2
s ss
Tp = s;—: (6—23m> + U’:‘:
The observed values d, sst, ss riT»bof D, SST, SSpyr. B, respectively, are regarded as fixed
constants. Note that T(X;x,£) is distributed free of nuisance parameters, and that
T(z:x,£) = Oppe. Also note that T(X;z,£) incrcases as @ pgg increases. Therefore,

the test function T(X: z, §) we have defined has the required properties set forth by Tsui

and Wecrahandi (1989). The generalized p-value for testing

Hy :Oppeg 260p versus H,:Oppg <0p
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is given by Pr(T(X;z,€) > 0p |®ppe = 0p). This probability can be easily computed
using Monte Carlo integration.

In the example and simulation studies, we will compare this GPV test with the test
reccommended in the FDA guidance document (2001). This test is adapted from the test
for individual bioequivalence derived by Hyslop, Hsuan, and Holder (2000). Since it is
based on a confidence interval construct according to the methodology of Howe (1974), we
call it the Howe-type small sample confidence interval (HSCI). Note that Howe developed
his method for a lincar combination of independent random variables. Since the derivation
of the test for PBE in the FDA guidance document is for data from a four-period design,
we must adapt the HSCI test to a 2-period design. Using the same notation as above (i.e.,
lower case for the obscerved values of random quantities), the FDA (HSCI) 95% upper

bound for the reference-scaled criterion is

SSR

d2+”7T—(1+op)7+\/H%,+H%+H}m.

For the constant-scaled criterion the HSCI upper bound is

2 . SST  SSR 2 2 2 2
@+ LR o VHS + HE + Hye

The quantitics in the variance part of these expressions are

~ 2 1 1
Hp = (|¢1| +tuoos\fes?) —d?  Hr=ssp| —5—~ =

Xp005 Y
1 1 1 1
Hpp =ss;{(l -i-9p) 5 - - f[Rc=SSR 3 - -
X095 YV Xv095 YV

where ¢, 0,05 and x‘f,,., arc the tabled values of the t and x? distributions, respectively, and
s2 is the sample variance of the cstimate of the treatment difference § computed in the
usual way. Because of the linearization of the test criteria, the HSCI test concludes PBE
if the calculated upper bound is less than 0. Sec Hyslop et al. (2000) or the FDA guidance
document (2001) for details on the linearized test criteria and how the hypothesis test is

modified.
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5.3.1 Example

Chow and Liu (2000, pp. 71 ff) give data from a bioequivalence study with a 2 x 2
crossover design. Twenty-four (24) subjects were given 250 mg of an unspecified drug
cither in the form of five 50 mg tablets (T) or a 5mL oral suspension (R). The pharmacoki-
netic parameter under consideration is AUCy_32, the arca under the concentration-time
curve from treatment adminstration to Hour 32. The following summary statistics were

computed using the method of moments:

d = —0.02865 ssT =167730 ssp = 1.66503

b=0.50815 sspr =1.23191 % =0.074441 v =22
Since ssp/v > 0.04, we use the reference-scaled criterion. The linearized criterion (Hyslop
et al.. 2000) has a point cstimate of —0.13067, and the HSCI 95% upper bound is —0.03634,
which is less than 0, so we conclude PBE. The point cstimate of @ pgg is 0.01827, and
the GPV, based on 50000 Monte Carlo points. is p = 0.00376, which is less than a = 0.05,
s0 we again conclude PBE. Here the GPV and HSCI tests agree in their conclusions, but
we have previously scen examples where the GPV test concluded PBE, while the HSCI
test did not. Given that out simulations show the HSCI to be very conservative, there are

some concerns about the false negative rate of this test. This issuc is addressed further

below.

5.4 Simulation Study

A simulation study was conducted to compare the GPV method to the FDA method
for population bioequivalence. The methods were examined for their ability to maintain
the nominal type-I crror rate and for their power to reject the null hypothesis of non-
biocquivalence when the alternative hypothesis of bioequivalence is actually true. To
estimate the sizes of the two tests, we chose the values of the nuisance parameters so that
fp = 1.7448, the boundary of the null hypothesis. For evaluating the power of the test,
simulation parameters were chosen based on the power tables given in the appendix of the

FDA guidance document (2001). The value of 62 = 0.04 was used for changeover point

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



111

from the constant to the reference-scaled criterion. The quantity n in the tables represent
the numboer of subjects per sequence. The covariance parameters in these simulations were
defined terms of the parameters from the original Chinchilli and Esinhart model (1996),
O} OB Ry Oty 04y gy and popragr, where a subscripted B signifies a between-subject
cffect arising from 7;jx, a subscripted W signifies a within-subject cffect arising from €;;x,
and p is the correlation cocfficient of the relationship between 77 and 7;;z (in our model,
p is the correlation between €;1 and €. In the notation of this paper, a?r = "%}’r + afVT,
0% = Ojp + Oy, and orp = poprogr. This notational convention should facilitate
comparisons to results from investigation examining PBE tests in other designs, such as
Chapter 3, although it causcs some cases to be repeated in Table la. Five thousand (5000)
simulated data sets were generated for cach parameter combination. GPVs were estimated
based on 10000 Monte Carlo runs. All tests were done at the nominal a = 0.05 level. All
simulations were done using SAS® Version 8.2 for Windows. The results are summarized
below.

Tables 1a and 1b show simulation results comparing the respective sizes of the two
tests. Here, corrclations of p = 0.8 and p = 0.9 are cxamined. The reasoning for examining
cases with such scemingly high correlation is that, the responses within a subject to
diffcrent formulations of the same drug are still likely to have a strong degree of correlation

even if the formulations are only borderline bioequivalent.
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Table 1la. Estimated sizes of the test procedures HSCI and GPV for PBE for

2 scquence/2 period designs (8 # 0)

6 = 0.2642 6 = 0.2954 6 =0.3736
opr =0.1,0p =0.1 opr =0.2,08r =0.2 opr =0.2,05 =0.2
owr =0.1,ownp=0.1 owr =0.1,0wn =0.1 owt =0.2,0wn =0.2
n p | HSClI GPV HSCI GPV HSCI GPV
8 0.8 0.0338 0.0352 0.0208 0.0730 0.0306 0.0680
0.9 | 0.0292 0.0514 0.0148 0.0688 0.0280 0.0668
12 0.8 | 0.0342 0.0498 0.0234 0.0660 0.0378 0.0610
0.9 | 0.0398 0.0554 0.0198 0.0696 0.0316 0.0610
16 0.8 | 0.0450 0.0554 0.0244 0.0700 0.0330 0.0604
0.9 | 0.0370 0.0504 0.0176 0.0608 0.0324 0.0568
4 = 0.5907 4 = 0.5604 d = 0.8861
opr = 04,08 =0.4 opr =03,0, =0.3 ogr =0.6,08r =0.6
owr =0.2,0wn =0.2 owr =0.3,00p =03 owr = 0.3,0wnr =03
n p | HSCI GPV HSCI GPV HSCI GPV
8 0.8 | 0.0200 0.0658 0.0308 0.0736 0.0148 0.0612
0.9 | 0.0114 0.0614 0.0274 0.0652 0.0086 0.05382
12 0.8 | 0.0220 0.0612 0.0340 0.0648 0.0214 0.0548
0.9 | 0.0162 0.0330 0.0322 0.0652 0.0192 0.0606
16 0.8 | 0.0240 0.0382 0.0372 0.0648 0.0224 0.0596
0.9 | 0.0168 0.0572 0.0334 0.0610 0.0214 0.0642
4 = 0.2954 4 = 0.5907
oggr =0.2,0gp =0.1732 opr =0.1732,08 = 0.2 | opr = 0.3873,05r = 0.4
owr =0.1,0wp =0.1414 | owr = 0.1414, 0y p = 0.1 awr = 0.2236, 0w = 0.2
n p | HSCI GPV HSCI GPV HSCI GPV
8 0.8} 0.0228 0.0718 0.0226 0.0716 0.0188 0.0620
0.9 | 0.0200 0.0694 0.0194 0.0702 0.0150 0.0610
12 0.8 | 0.0258 0.0668 0.0264 0.0674 0.0222 0.0556
0.9 | 0.0290 0.0768 0.0250 0.0648 0.0166 0.0566
16 0.8 | 0.0276 0.0646 0.0318 0.0648 0.0218 0.0546
0.9 | 0.0282 0.0706 0.0270 0.0644 0.0198 0.0528
d = 0.3907 4 = 0.8861
ocgr =0.4,0r =0.3873 opr =0.6,06r =0.5 ogT =0.5,08r =0.6
owt =0.2,0wr =0.2236 | owr =0.3,0wp = 0.4472 | or = 0.4472,0wr =03
n p | HSCI GPV HSCI GPV HSC1 GPV
8 0.81}0.0178 0.0562 0.0196 0.0628 0.0188 0.0534
0.9 | 0.0164 0.0380 0.0150 0.0610 0.0268 0.0578
12 0.8 | 0.0258 0.0628 0.0260 0.0360 0.0296 0.0582
0.9 | 0.0186 0.0390 0.0286 0.0664 0.0200 0.0622
16 0.8 | 0.0296 0.0632 0.0312 0.0602 0.0260 0.0640
0.9 | 0.0226 0.0350 0.0330 0.0632 0.0298 0.0620
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Table 1b. Estimatcd sizes of the test procedures HSCI and GPV for 2 se-
quence/2 period design (§ = 0) for PBE

ogr = 0.2823,0p = 0.1 | ogT =0.3567,08p = 0.2 | opT = 0.4238,055z = 0.2
owr =01,0wp =0.1 owr = 01,005 =0.1 owr = 0.2,own = 0.2
n ) HSCI GPV HSCI GPV HSCI GPV
8 0.8} 0.0312 0.0482 0.0160 0.0688 0.0194 0.0534
0.9 | 0.0290 0.0436 0.0098 0.0714 0.0180 0.0618
12 0.8 | 0.0332 0.0432 0.0112 0.0686 0.0182 0.0470
0.9 | 0.0380 0.0498 0.0074 0.0664 0.0184 0.0542
16 0.8 | 0.0338 0.0424 0.0154 0.0608 0.0254 0.0548
0.9 | 0.0318 0.0426 0.0082 0.0654 0.0196 0.0328
opr = 0.7134,05p = 0.4 | ogr =0.6357,08p =0.3 | cgT = 1.0701,055 = 0.6
owr =0.2,0wn=0.2 owr = 0.3,0wp =03 owr =03, 0wnr =03
n P HSCI GPV HSCI GPV HSC1 GPV
8 0.8 0.0082 0.0306 0.0230 0.0392 0.0078 0.0548
0.9 | 0.0038 0.0380 0.0142 0.0326 0.0052 0.0522
12 0.8 0.0110 0.0306 0.0226 0.0338 0.0066 0.0438
0.9 | 0.0042 0.0478 0.0174 0.0476 0.0032 0.0502
16 0.8 | 0.0106 0.0508 0.0198 0.0508 0.0092 0.0484
0.9 | 0.0038 0.0316 0.0164 0.0544 0.0052 0.0490

In most cases, the HSCI is far more conservative than GPV. The GPV method shows
a tendency to be somewhat anti-conservative, but none of observed test-levels exceeds 0.08.
The GPV appears to be most anti-conservative under the following two circumstances:
(1) when ¢ exceeds log(1.25), the limit for average biocquivalence, and (2) when 0% =
OBR + 0fyp is close to 0f = 0.04. In regard to the first case, the FDA guidance document
requires some form of average bioequivalence in order to conclude PBE, so the slight anti-
conscrvatism of the GPV when |d] > log(1.25) is not likely to have much of a practical
impact. As for the second case, similar behavior was observed in the previous chapters
for the GPV when testing both individual and pepulation bioequivalence for 4-period
crossover designs. The levels for individual biocquivalence, though slightly inflated, were
similar to the levels for the HSCI when the ‘play-the-winner’ rule (FDA, 2001) was applied.
As for the HSCI, the observed sizes are quite low for a test that is advertised as having a
level of @ = 0.05, with the estimated size of the test going below a = 0.01 (i.e., 5 times
smaller than the nominal level) in the most extreme cases. Given how conservative this
test appears to be, we expect its power to be adversely effected.

Table 2 summarizes the simulation results for the power of the two tests. It shows the

smallest n for which a particular test achieves 80% power and the actual estimate of the
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power for that test at that point. Here correlations of p = 0.9 and p = 0.95 are examined.
These values were deemed reasonable for examining power because formulations that are

bioequivalent should exhibit a very high degree of correlation.

Table 2. Sample size comparisons and estimated power for PBE of the test

procedures HSCI and GPV for 2 sequence/2 period designs

4 = 0.05

owr =0.13,0wn =0.15 | ocywr =0.23,0wn = 0.23
opTr =013 | ogTr =03 | 0T =0.23 | o7 =0.46
opn=0.13| cprn =03 | oBp =0.23 | opr = 0.46
Method | »p n Power [ n Power| n Power | n Power
HSCI [090}12 0.826 |13 0.836 |15 0819 | 12 0.808
095111 0802 (12 0.805 {14 0.801 | 12 0.81>

GPV (0909 083 |8 0837 112 0823 | 8 0.832
095 | 8 0.807 | 7 0.826 | 12 0.819 7 0.819

owr =03, 0wr =03 owr =0.3,owr =0.3
opr =03 | opr =06 ogr =0.5 opr = 1.0
cgr =03 | ogr =0.6 ogr = 0.5 cgn=10
Mecthod p n Power| n Power| n Power | n  Power
HSCI [ 090 (|15 0.823 |12 0.805 | 14 0.806 | 12 0.815
095 |15 0.839 |12 0.831 (15 0844 |12 0.825
GPV 109012 0823 | 8 0.830 |11 0801 8 0.834
095 |12 0828 | 7 0.819 |11 0.805 7 0.813

Table 2 shows how that GPV has smaller sample size requircments than the HSCI
across the board. The increase in the sample size requirement for the HSCI over the GPV
is always at least 16.67%, and, in some cascs, is as much as 71%. It is worth noting that,
in some extreme cases, when GPV has an adequate sample size required to yield 80%

power, the Type II error rate of the HSCI excceds 50%.

5.5 Discussion

The FDA (HSCI) test assumes that Yi;r and Y;;r are independent, despite the fact
that statistical model that includes a covariance term orr. We feel that the independence
assumption has a detrimental effect on the power of the HSCI test, since this test does well
for individual bioequivalence, where the random variables involved are independent. On
the other, the GPYV test is able to account for the intra-subject dependence of the responses

to different formulations. We fecl that this is why the GPV test has better power than the
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HSCI for PBE. The simulations only examined situations where the correlation cocfficient
p is high (0.8 —0.95), even when assessing the size of the test (i.e., on the border of the null
hypothesis). In our expericnce with bioequivalence data, we have found it not unusual to
have estimates of p (using the method of moments) larger than 1. Even in cases where
the evidence for individual and population biocquivalence did not appear to be overly
convincing, we have observed g close to 0.9. Further support for using high levels of p comes
from Gould (2000), who considecred 15 data sets from 3 and 4-period studies. These data
sets arc available at the FDA biocquivalence website (www.fda.gov/cder/bioequivdata).
In these data sets 11/15 had p > 0.8, and 14/15 had p > 0.7. Therefore, we feel justified
in using what may appear to be somewhat large values of p in our simulations.

The anti-conservative tendencies of the GPV test is most pronounced in two cases.
The first is where |8] (the difference of the means) is greater than log(1.23). In these cases,
the conclusion of bioequivalence would not be made unless, at the very least, the point
cstimate & was in the range for average biocquivalence (i.e., § € (~log(1.25),log(1.25))).
The practical significance of the anti-conscrvativeness of the GPV may be attenuated by
this. The second condition under which the GPV is most anti-conservative is when 0%
is closc to the changcover value for switching from the constant to the reference-scaled
critcrion. But obscrved values of 0% are not likely to be very common. To sce why,
consider that the total variation is 0% = 035 + 0@ . The estimate of the parameter 0%, 5
is often itsclf greater than o = 0.04. And 0% is usually just as large as, if not much
larger than, 3. 5. Thercfore, only products with very low total variation are likely to the
affected by the increased anti-conservatism of the GPV test when 0% is close to 0.04.

One advantage of the GPV over the HSCI for both individual and population bioe-
quivalence is that the GPV is continuous at the changcover point from the constant-scaled
to the reference-scaled criterion. That does not appear to be as great of an issue with
respect to PBE, since the comparator value for PBE criteria, 0% = 045 +0%, 5, tends to be
much larger (for reason cited above) than the comparator for the individual bioequivalence
criteria of, 5. Another possible advantage of the GPV is that it provides what could be

interpreted as strength as evidence for a particular conclusion. Such an assessment with
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the HSCI may be difficult, if not impossible in some cascs, e.g., if one has a publication
that only gives the HSCI upper bound. Chapter 3 contains an extensive discussion of
some of the advantages of the GPV over the HSCI.

In conclusion, GPV is clearly more powerful than the HSCI in conditions that are
very likely to occur in testing for PBE, i.e., high corrclation of intra-subject responses
and the ratio of between-formulation to within-formulation variances being greater than
one. The slight anti-conservativeness of the GPV method is likely to be attenuated by the
regulatory requirement that all test formulations show at least average BE with respect to
reference formulations. In any case, we feel that our simulation studics provide sufficient
cvidence that using the FDA (HSCI) test for PBE can result in excessive false negative

(Type II error) rates.
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Chapter 6

THE EFFICIENCY OF DESIGNS FOR ASSESSING INDIVIDUAL AND
POPULATION BIOEQUIVALENCE

SUMMARY

The FDA criteria for individual biocquivalence require crossover designs with more than
2 treatment periods. While 4-period designs provide more information about variance
paramecters, certain 3-period designs may be used. We compare the 4-period and 3-
period designs (2S4P and 2S3P, respectively) from the new FDA guidance document on
biocquivalence with cach other and with an alternative 3-period design (3S3P) using both
asymptotic and cmpirical mecthods. The 2S3P design is inefficient compared to the other
2 dcesigns with respect to the number of ‘doses’ or ‘administrations’. The 3S3P design has
a modest advantage in cfficiency over the 2S4P design for much of the parameter space.
The disadvantage of the 3S3P design is that some of the secondary variance parameters
arc non-identifiable. An investigator should carefully weigh the pros and cons of both
designs when choosing between the 2S4P and 3S3P designs.

Extending our methods to population biocquivalence, we found the standard 2 x
2 crossover already in wide use for cvaluating average bioequivalence is also the most

cfficient, in terms of *doses’, for assessing population bioequivalence.
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6.1 Introduction

Since the absorption of a drug product tends to be highly variable from individual to
individual, crossover studies with a single dose per treatment period are the overwhelm-
ingly preferred instrument for assessing biocquivalence. The evaluation of individual bioe-
quivalence requires using a study design in which trecatments are replicated within subjects.
Therelfore, instead of the standard 2 x 2 (i.e. two sequence/two period) design that has
been the standard for evaluating average biocquivalence, three and four-period crossover
designs arc used to assess individual bioequivalence, with four-period designs being highly
recommended by the FDA.

Obviously, complications that hamper the conduct and analysis of crossover studies
arc more likely to occur in a four-period study than in a two-period study. Chief among
these is that subjects in a longer study are more likely to miss treatment periods, or even to
discontinuc from the study entircly. Thercfore, an investigator must weight many factors
when choosing a study design for assessing individual bioequivalence. One important fac-
tor is the relative cfficiency of the candidate study designs that may be used for individual
biocquivalence. This investigation has been initiated to examine the rclatively efficiency
of the designs designated by the FDA, as well as another design that has appeared in the
statistical literature. The designs will be compared for efficiency using both large-sample
and small-sample methods, the former using asymptotic variances computed by the delta
method (Lehmann and Casclla, 1998), the latter based on power calculations derived from

simulations.

6.2 Methods

The statistical model in this investigation is the same as that recommended by the
FDA guidance (2001) for assessing population and individual bioequivalence, which was
originally proposed for experiments assessing intra-subject variability by Chinchilli and
Esinhart (1996). It is as follows

Yijso = ke + Vit + 0ije + €0 i=1,...,8 J=1,...,n;; k=T,R; Il=1,4q;
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where Y;ji is the log-transformed response from subject j in sequence i to the I** applica-
tion of treatment &, s is the number of sequences, and ¢; is the number of times treatment
k appears in a particular sequence. The parameters ur and g are the population means
of the trcatments, which here are the test (7'} and reference (R) formulations of a par-
ticular drug product, and ;i is the fixed effect corresponding to the I** application of
treatment & in sequence ¢. The following estimability conditions are imposed on the
s a4

EE%H=0 for k=T, R.

i=l I=1
Furthermore, 7;;i is the random cffect of subject 7 in sequence ¢ when receiving treatment
k, and €;;x; represents the within-subject random crror. The random variables ;4 are
jointly independent and distributed normally with mean 0 and variance aka (k=R,T),
and the vectors n;; = [n:;7.ni;r]" are mutually independent bivariate normal with zero

means and a covariance matrix given by

s ohr POBTOBR

PIBTIBR oBr

Finally, {n;;} and {e;jx} are mutually independent. For convenicnce, we also define
§ = pr — pR, and 0% = 0% + 04, — 2p08ToBR. The latter quantity has become known
as the subject-formulation interaction [12], and is especially important in the assessment
of individual bioequivalence [13].

The model above assumes that no residual effect of previous treatment periods (i.e.,
carryover) is present. This assumption will be carried throughout the exposition that
follows.

The parameter of interest for individual bioequivalence is

$2 2 2 2
0° +op + Ty =~ Tiye
3 3
maz(diy g, 05)

Orge =

where ¢ is the difference between formulation means, 0, is the subject-formulation

interaction mentioned above, and 6%, and 0%, are the within-subject variances for
) wT WR
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test and reference formulations, respectively. The reference-scaled criterion for individual
biocquivalence is to be applied when o3, r is greater than a FDA specified threshold value
a3. Otherwise, the constant-scaled criterion is to be used, with a possible exception made
for drugs with narrow therapeutic windows, for which we may set o2 = 0. At present, the
FDA rccommended value for o3 is 0.04. Individual bicequivalence is concluded if it can
be demonstrated that @, < 8. We are assuming a valuc of 2.4948 for 6;, the top of
the range of values recommended by the FDA. Since the cstimate of 0% has a statistical
distribution that is somewhat intractable, following reparametrization will be used for

sequence-balanced (defined below) designs

¢ 2
d2 -+ U? + C[U%VT — C20iyv R

Orgg = 3 5
maz(adiy p, 75)

Here 0} = 0% + (1 — e1)ofyr + (c2 = 1)0fy . (n.b., 0} = Var(Yir. — Yijr)), and ¢
and ¢y are design-dependent constants.

In the standard 2 x 2 crossover design that is widely used for the evaluation of average
biocquivalence. the parameters 03, 03,1, and o3, 5 are non-identifiable. Therefore, designs
with treatment replication are needed to assess individual bioequivalence. The design

preferred by the FDA (2001) is the following 2-sequence, 4-period (254P) design

Sequencel T R T R
Sequence2 R T R T.

It is also possible to assess individual biocquivalence using certain 3-period designs.

The one given in the FDA guidance (2S3P) is

Sequencel T R T
Sequence2 R T R.

Chow and Liu (2000) note that this design is a truncated version (last period omitted)
of the FDA’s 4-period design.
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The last design we will consider is another 3-period design (3S3P) used by Hyslop
and [glewicz (2001)

Sequencel T R R
Sequence2 R T R
Sequence3 R R T.

The 2S4P and 2S3P dcsigns feature within-subject replication of both the reference
(R) and test (T) treatments. The 3S3P design has replicates of only the reference treat-
ment. The design parameter ¢, = 0 in the alternative paramecterization of ©;gg, so it
is not nccessary (or possible) to estimate of,7. This design is called an extra-reference
design. A similar extra-reference design, using the first 2 sequences of the 3S3P design,
was used by both Chow, Shao, and Wang (2002), and Wang (1999) to assess individual
bioequivalence. Since the absence of the test formulation in the third trcatment period
may bias the evaluation of some clinical paramcters (e.y.. adverse drug reactions) against
the reference formulation, we prefer the 3-sequence extra-reference design.

The 284P and 3S3P designs arc uniform within sequence (Chinchilli and Esinhart,
1996), i.e., cach trcatment appears the same number of times in cach sequence. Two
uscful properties of such designs are (1) The same information is extracted from cach se-
quence for cach paramecter, and (2) the least squares (for fixed parameters) and method of
moments (for variance parameters) estimates are the same as the unconstrained REML es-
timatcs (Chinchilli and Esinhart, 1996). In this paper, we use the term sequence-balanced
synonymously with uniform within sequence. Here ‘balance’ does not necessarily im-
ply that cach scquence has the same number of subjects. Since the 2S3P design is not
sequence-balanced, we must define a slighly different parameterization for the individual

bioequivalence parameter.

2
¢ Tiyr “]2
8% + w102 + wao?, + wy L;T + (——)— - 2) o%n

maz(o}y, g, 03)

O/ =
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IVT

Here 02, = 0% + L 5+ O R Oy = 0% + Ofyr + TWR and w, and ws are weights

2
that add to 1. These weights can be based on the number of subjects in cach sequence,
as in Hyslop and Iglewicz (2001), or simply w; = ws = 0.5, as in Chow et al. (2002), or
determined in some other way. Since the exposition that follows assumes an equal number
of subjects in both sequences, we have w; = wy = 0.5 by cither of the cited references.
All paramcters in the individual biocquivalence criteria are estimated using the
mcthod of moments, in accordance with FDA guidelines (2001). For sequence-balanced
designs, The parameter Oy is a function of the parameters 4, o2, 03,7, and o . For
the 284P design these parameters are estimated, respectively. by the following independent

random variables

= l&= .
D=;§Di s;—s(n_l ZZ(D‘, D;)?

=1 j=1
] n
SWT Z Z(UUT UlT 2 S?VR s(n 1) Z Z(U!]R
=1 j=I i=1 j=I1
where n
Dy = Yijri + Yire -2- Yijp ~Yire 5 _ lzDij
Y1 = Yijre Yijrt — Yijro
Uijr = ij : j Uijr = y) J
_ l n ﬁ 1 n ﬁ
UzT=;ZUijT UiR=EZUin-
j=1 j=l

Slight modifications are made to derive the method of moments cstimators for the other
designs. Then for a sequence-balanced design under the above model with the same
number of subjects in cach sequence, the covariance matrix for the estimates of these

paramcters is

V = Dia g 2 20; 20’?'/7’ 20.“" R .
sn's(n— 1) s(n—1)"s(n-1)

Then we compute the vector of first partial derivatives of ©;pg with respect to its con-

stituent parts

ot = ( 24 1 c1 —(62% + a% +claﬁ,¢) )

3 2 2 4
%R OwR Owr wr
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for reference-scaled @5, and

209 1 ¢ -

d= 5 5 5 —
= ) 3 2 2
9y Og T3 Op

for constant-scaled @;gg. By the delta method (see Lehmann and Casella, 1998), the
asymptotic variances arc then AVar(®;3g) = a'Va. Since the 2S3P design is not
sequence-balanced, slight modifications must be made to the covariance matrix and the
vector a in order to compute the asymptotic variance of O/ge. The covariance matrix is

then

V = Dia 1o} +0}, 20}, 20}, 20iyr 20y
- I\iT n 'n-il'n-1'mn-1'mn-1/"

The vector a for reference-scaled criterion is

at = 24 1 1 1 2 4
p) 32 3.2 T2 1
Tyr 204 20p 4ojp Twr

and for the constant-scaled criterion a is

. 6 1 1 1 =7
n = - —— S T - .
03 20} 20} dop 403
Note that for the 2S3P design, there arc two paramcters, o7, and o3,, for the variance of
the estimated mean difference between the formulations, one for cach sequence.

The relative cfficiency of design = to design y is then

AVar(®:pE:)
AVar(@mEy)

ARE =
Since we are dealing with asymptotic variances, it seems appropriate to call this quantity
the asymptotic relative efficiency (ARE) of the designs in question, although this term is
usually associated with comparisons of cstimators rather than with designs. Separate com-
parisons are made for the reference and constant-scaled criteria for cach pair of designs.
With the relatively small sample sizes that are typically used in bioequivalence studics, the
asymptotic variance may not be very close to the actual variance of the cstimate ©;pg.
The purpose of computing AV ar(é, BE) is to assess qualitatively the relative cfficiency of

cach pair. The asymptotic calculation may also give a feel for what factors are likely to
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cffect relative efficiency, so that the qualitative results from the large sample calculations
may be uscful when we do the small sample evaluations of relative cfficiency. The asymp-
totic comparison also gives us a quick way of assessing the relative efficiency of designs
over large segments of the parameter space. On the other hand, the empirical method
decribed below requires considerable computational cffort for just one comparison point.
Plotting the graphs below, cach containing hundreds of points, would be a Herculean task
if we nceded to calculate cach point using the empirical method.

Empirical comparisons were made using the required sample size n in cach sequence
to achieve at least 80% power for a sct of given design parameter. These power calculations
were done by simulation. The empirical relative cfficiency of design x to design y is then

Sz XNz X pPg
where p; is the number of periods in design i. Therefore, we are actually evaluating
cfficiecncy by comparing the total number of trcatment periods or ‘observations’ (i.e.,
s x n x p). The same assumption is being made in computing the asymptotic variances.
The rationale behind this will be discussed below. Two tests are used to evaluate empirical
relative cfficiency, the Howe-type small-sample confidence interval (the method featured
in the FDA guidance document) (FDA 2001, Howe 1974, Hyslop et al 2000) and the
genceralized p-value (Tsui and Weerahandi, 1989). An cxtensive comparison of these 2
methods for individual bioequivalence appears in Chapter 3, which also includes a detailed
description of how the power simulations were performed. All power simulations were done

by simulation using SAS® version 8 for Windows.

6.3 Results for IBE

For sequence-balanced designs (2S4P and 3S3P), the asymptotic variance of OrsE is

Hn —1)6%20% + 2n(o} + oy + (82 + 0% + crodyr)?)
sn(n - 1ok n

for the reference-scaled criterion, and

4(n — 1)6%20% + 2n(o} + Eadyr + Eoivr)
sn(n —1)o]
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for the constant-scaled criterion. For the 2S4P design ¢; = 0.5 and for the 3S3P (extra-
reference) design ¢; = 0. For both the 2S4P and 3S3P designs ¢ = 1.5.

The 2S3P design is not sequence-balanced, so the asymptotic variance of 1B is
different. It is

(n — 1)8%(a3, + a3,) + n(0.50, + 0.50%, +0.125a{,1 + 2(62 + 0.503, + 0.502, + 0.250%,1)%)

for the reference-scaled criterion, and

(n —1)8%20% + n(0.50}, + 0.50}, + 0.12503,1 + 6.1250}y 5)
n(n —1)o}

for the constant-scaled criterion. Here 02) = 02 +0.50%+ + 0¥/, and 0%, = 0% + o7 +
0.50% 5.

The relative cfficicncy results are summarized in Table 1 (large sample) and Table
2 (small sample). For the constant-scaled criterion, Table 1 uses n = 9 subjects per
sequence for the 284P design, n = 12 per sequence for the 2S3P design, and n = 8 for
the 3S3P design. For the reference-scaled criterion, the number of subjects per sequence
is doubled for cach design. Therefore, cach design has 72 or 144 total ‘obscrvations’ or
‘doses’ (Hyslop and Iglewicz (2001) used the term ‘administrations’). The large sample
results arc based on the observation that, for d and ¢% closc to 0, the asymptotic relative
cfficicncy (ARE) is a function of the ratio r = awr/owr. This rclationship is illustrated
in Figure 6.1 for the comparison of the 2S3P design to the 3S3P design when § and op
equal 0. Analogous graphs for comparing the other designs are similar. In Table 1, the
first column shows the designs being compared, the sccond the individual bioequivalence
criteria, cither reference-scaled (R) or constant-scaled (C). The next 5 columns show the
ARE’s for various values of 72, assuming § = 0 and ¢ = 0. The last column shows the

value of r for which ARE =1, i.e., when the two designs are equally cfficient.
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Table 1. Large Sample Results

ARE

Designs §=0,04=0 r

Compared | Criteria r? =0.5,0.75,1,1.25, 00 ARE =1
2S4P/3S3P R 1.075 1.046 1.0294 1.020 0.9926 | 1.689
2S4P/3S3P C 1.161 1.087 1.0208 0.965 0.6563 | 1.0432
2S3P/3S3P R 2.171 1.971 1.8478 1.764 1.3451 | never
2S3P/3S3P C 2.184 1.983 1.8030 1.648 0.7159 | 1.9096
2S3P/2S4P R 2.018 1.885 1.7950 1.730 1.3551 | mnever
2S3P/2S4P C 1.881 1.825 1.7662 1.708 1.0909 | never

r=owr/own

R=Reference-scaled

C=Constant-scaled
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Figurc 6.1: Relative cfficiency versus ratio of within-subject standard deviations r =

owT/owgr for 283P versus 3S3P when §d = op =0
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(Note that vertical scales differ)

Table 1 shows that the 2S3P design can be expected to require more ‘doses’ to estimate
Orpe with the same precision as the sequence-balanced designs (3S3P and 2S4P). The
cxception is when the ratio r = awr/ow g is almost larger than 2 (i.e.,, the within-subject
standard deviation is almost twice as large for the test formulation) for the comparison to
the 3S3P design using the constant-scaled criterion, i.e., when 03,5 < 0.04, but with such
a large ratio for the within-subject standard deviation we would not want to conclude
individual bioequivalence, since this corresponds to ©;gg = 2.646, larger than the regula-
tory upper bound on this parameter. This lower precision for estimating ©;gg translates

directly into a greater number of ‘doses’ (and, by extension, a greater number of subjects)
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needed to assure adequate power for concluding individual bioequivalence. We will see the
direct cffect of this below in Table 2. In comparing the 2S4P and 3S3P designs we find
that this 3-period design appears to have a modest advantage over the 4-period design
over a large part of the parameter space. The exception again is for larger values of r,
especially when the constant-scaled criterion comes into play.

Figures 6.2-6.7 show the cffect of slightly varying values of §(= 0.05,0.1) and 0% (=
0.1,0.15) on ARE. The horizon scale is the ratio of within-subject variation r = owr/owr,
where awr is allowed to vary from 0.2 to 1.2 for reference-scaling, and from 0.1 to 0.6 for
constant-scaling. The reader should note that the vertical scales both between and within
the figures. Figures 2 and 3 show the relative cfficiencies for the comparison of the 3S3P
design to the 2S3P design for the reference and constant-scaled criteria, respectively. We
sce the cffect of & and ap being greater than zero is minimal for reference-scaling. For
constant-scaling, the data cloud appears to have a little more spread, but the relative
cfficiency values do not appear to deviate significantly from those in Table 1. Figures
4 and 5 show same comparison for 3S3P versus 2S4P for reference and constant-scaling,
respectively. The data cloud in Figure 4 appears to be larger than in Figure 1 (partly due
to the smaller vertical scale), but here the deviation from Table 1 would appear to favor
the 3S3P design. Figure 5 would not likely change any of our observations from Table 1.
Figures 6 and 7 show comparative relative cfficiencies for 2S4P versus 2S3P for reference
and constant-scaling, respectively. In Figure 6, the bottom edge of the data cloud shows
an apparent attenuation of the efficiency advantage of the 2S4P over the 2S3P when r is
close to 1, although the 4-period design still appears to be substantially better. It should
be noted that on the lower edge of the data cloud we have o pr = 0.2, i.e., we are at the
changeover point from constant to reference-scaling. In Figure 7, we sce that the ARE
can go as low as 1.05 for 6 = 0.1,6p = 0.15,01wr = 0.1, and r = 1. It should be noted
that the empirical relative efficiencics for this point are 1.167 and 1.333 for the FDA and
generalized p-value tests, respectively.

In Table 2, the ratios of the total number of observations required for 80% power

i.e., the of subjects required for 80% power times the number of sequences times the
q p
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number of periods in a given design) are compared, assuming § = 0.05, op = 0.1,7% =
0.5,0.75,1,1.25, and owg = 0.15,0.23,0.5, these three levels roughly corresponding to
low, medium, and high intra-subject variances. The two tests used to compare the designs
are the the Howe-type small-sample confidence interval (H) (Hyslop et al 2000, Chow et al
2002) and the gencralized p-value (G) tests of Chapters 3 and 4. The column labelled
A is the large sample asymptotic relative efficiency computed in the same manner as the

relative efficiencies in Table 1.
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Figure 6.2: Relative cfficiency versus ratio of within-subject standard deviations r

owT/ownr for 383P versus 2S3P-Reference-scaled criterion
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Figure 6.3: Reclative cfficiency versus ratio of within-subject standard deviations r

owr/ownr for 3S3P versus 253P-Constant-scaled criterion
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Figure 6.4: Reclative cfficicncy versus ratio of within-subject standard deviations r =

awr/owg for 3SIP versus 2S4P-Reference-scaled criterion
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Figure 6.5: Relative cfficicncy versus ratio of within-subject standard deviations r =

awr/owr for 3S3P versus 2S4P-Constant-scaled criterion
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Figurc 6.6: Relative cfficiency versus ratio of within-subjecet standard deviations r =

owT/owr for 284P versus 2S3P—Reference-scaled criterion
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Figure 6.7: Relative cfficiency versus ratio of within-subject standard deviations r =

owT/owr for 284P versus 283P-Reference-scaled criterion
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Table 2. Small Sample Results

6 =0.05, op =0.1

r2 =05

Designs

Compared

TWR= 0.15

H G A

owpr=0.23

H G A

owr =03

H G A

2S4P/3S3P
2S3P/3S3P
2S3P/2S4P

0.889 1.067 1.130

1.2 1333 1.851

1.35 1.25 1.638

1.016 1.016 1.110

1.619 1.619 2.026

1.594 1.594 1.825

1.016 1.143 1.084

1.619 1.810 2.134

1.594 1.583 1.969

r2 =0.75

Designs

Compared

OWR= 0.15

H G A

ownr =023

H G A

owp=05

H G A

2S4P/3S3P
2S3P/3S3P
2S3P /2S4P

1.067 1.067 1.058

1.467 1.6  1.689

1375 1.5 1.397

1.086 1.086 1.074

1.630 1.630 1.885

1.086 1.086 1.052

1.630 1.778 1.950

1.5 1.636 1.854

Designs

Compared

awer = 0.15

H G A

owr =023

H G A

owr = 0.5

H G A

2S4P /3S3P
2S3P/3S3P
2S3P /2S4P

1.037 1.037 0.998

1.333 1.356 1.553

1.286 1.5

1.026 1.037

1.590 1.611

1.037 1.111 1.034

1.611 1.778 1.834

1.554 1.6 1773

Dcsigns
Compared

owgr = 0.15

H G A

H G A

owr =0.5

H G A

2S4P/3S3P
2S3P/3S3P
2S3P/2S4P

1.016 0.889 0.948

1.333 1.333 1.440

1.313 1.5 1.519

1.037 0.993 1.038

1.593 1.569 1.725

1.536 1.579 1.662

1.0 1.111 1.024

1.625 1.75 1.755

1.625 1.575 1.716

H=Howc-type smail-sample CI
A=Asymptotic relative efficiency calculation

G=Generalized p-value
r* = ojyr/oivr
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For the most part, Table 2 appears to confirm the the effects on relative efficiency
suggested by Table 1. With the exception of when the within-subject variance ratio is very
low (r2 = 0.5), we fecl somewhat cncouraged by the agreement between the theoretic and
cmpirical values, given that the sample sizes are modest (40-56 doses for the more cfficient
designs (2S4P and 3S3P) with low variability, and around 120 doscs for these designs with
moderate and high variability). For 72 = 1, it may be intcresting to note that the 3S3P
design appears to be empirically more efficient than the 2S4P design, barely the opposite of
what the large sample calculation would suggest. This may be the result of the asymptotic
calculation being based on the constant-scaled criterion, while the empirical result is based
on power calculations that use mixed scaling, since the asymptotic calculation for the
reference-scaled criterion here is 1.072, a value favoring the 3S3P design. This may also
be an artifact caused by the discreteness in the empirical calculations. What we mean by
‘discreteness’ is that the estimated relative efficiencies here are the ratios of the number
of obscrvations, which arc whole numbers that can only have a finite number of values.
The rcason for this is twofold: the required sample size per sequence is whole number,
which when realized may yield an estimated power from 80.0% to 89%. The number of
observations, assuming an equal number of subjects in cach sequence, are multiples of
8, 9, and 6 for the 2S4P, 3S3P, and 2S3P decsigns, respectively, so that the estimated
relative cfficiencies tend to be quite grainy, especially when the sample size requirements
are relatively low. So when the discreteness is taken into account, it appears that the large
sample calculations do relatively well in predicting the small sample relative cfficiencies,
cspecially when r? is close to 1.

The important point to be made concerning Table 2 is that the 2S3P is never as

cfficient as the other two designs.
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6.4 Extension to Population Bioequivalence

The methodology above can be extended to evaluate study designs with respect to
their ability to asscss ©ppg, the FDA parameter for population bicequivalence (PBE).

Using the same statistical model that we had for IBE, the FDA paramecter for PBE is

2 2 2
0° + opr — ORp

Orse = maz(o%p, 0F)
where § is the same as above, 03 = o} + ofy1 is the total variation of the test formu-
lation, and 0%, = o} + 0¥ 5 is the total variation of the reference formulation. Here we
again have in cssence two criterion, reference and constant-scaled, depending on whether
the variance of the reference formulation is greater or less than some changeover value o3.

In population bioequivalence, the cstimability of parameters is no longer at issue, as it
was for IBE: any crossover design will be adequate to assess © pgg and it constituents, and
cven parallel-group studies could be used, if necessary. Thercfore, we considered the 2S4P
design, the 3S3P design, and the typical 2 x 2 (2S2P) design that has been the standard
for assessing average biocquivalence. We do not consider the 2S3P design with respect
to rclative cfficacy, since we have shown in a previous chapter [Chapter 4] that the 3S3P
crossover design Is superior with respect to PBE; and since with parameter estimability
is no longer an issuc, the 2S3P holds no advantage over the 3S3P design. In assessing
relative cfficiency of designs for PBE, we will be using both the asymptotic and empirical
methods described above.

The evaluation of the asymptotic rclative cfficiency for PBE is simplified by the
fact that all 3 of the designs we are considering are scquence-balanced, allowing us to
gencralize the PBE criteria and formulas in terms of the design constants ¢; and cp. First

we reparameterize O ppgg in terms of the estimable parameters and the design constants.

2
8% + 0% + crofyr — (0% + 20y R)
maz(o% + c20%, 5, 03)

Opge =
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Here 6, 0,1, and oy p arc as before, 03 = o3 +(1—c1)od, 7, and 0% = 0% g +(1—c2)ody 5.
To estimate the necessary parameters, we need the following additional statistics

S—% s(n. — 1) Z Z(Vxﬂ' Vz'l')

z—l j

S n.—l) ZZ(V;]R_ zR)

=l j=1
SStr=Yio; Ljo1(Vigr = Vir)(Vijr — Vir)

where
_ Yy +Yire

2

n
ViT—_-;zVijT _1R=_’ZV;}R
Jj=1

for the 2S4P design. The statistics are suitably modified for the other designs. The design

Y +Y~-
‘/l_) Vt]R _ TijR1 ij R2

constants are ¢; = ¢z = 0.5 for the 2S4P design. ¢, =0 and ¢» = 0.5 for the 3S3P design,
and ¢; = ¢z =0 for the 252P design. Note that when a design constant is zcero, it is not
necessary (or even possible) to estimate the corresponding within formulation variance for
that design. That is, we do not need S%,1 for the 3S3P and 2S2P designs, or S, for the
2S2P dcsign.

To calculate AVar(©ppg) we need the constituents of atVa. The covariance matrix

is

2
(:—’ 0 0 0 0 \
2 a'.;' U’;’R 0 0
s(n—1)) “s(n-1)
v 0 2-9TR_ o % __ 0
- s(n—-1) s(n—1))
a
0_owT
0 0 0 2 0 4
U’
0 o0 0 0 2—WR __
\ s(n—1))

where a =V ar(d) = oT + aR — 20rgr. Note that, unlike the covariance matrix that we
used to get AVm-(@ 1BE), this covariance matrix has non-zero off-diagonal elements. This

is due the covariance of Vi and Vi;g gencrally being non-zcro. The vector a is

a.t _ ( 20 1 -62 +U%-+C[U%VT [o47 _c262 +U%~+C102w7~ )
- <> 9 > 2
Oh +C20fyp Oh +caodyp (0} +caofyn)® ok +c20hn (0% + c20¥y)?
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for the reference-scaled criterion, and
) 1 1l «o c2
t — — — — — — — —
¢ = ( 25 = 7 3 2

for the constant-scaled criterion. The asymptotic variances of Oppg are then

sn(o} + cacdiyp)?

5 ( 26%0% o} + cfa‘;‘w-' 2(6° + 0})o% (6% + o) (oh + cﬁ‘;:afvn))
s(n—1)(of +c2ofyp)®  s(n—=1)(c} +caodyg)®  s(n—1)(c} +c20dyr)?

for the reference-scaled criterion, and

sno} s{n—1)a}

<2620’? + o} + ofyr — 2035 +oh + c%aév,z)
for the constant-scaled criterion. We then compute the asymptotic relative cfficiency
(ARE) in the manner described in the Methods Section. Empirical relative efficiencics are
also calculated as described above. The empirical results are based on power calculations
using the generalized p-value test , since this test accounts for correlation between summary
statistics, while the HSCI/FDA test does not.

One challenge with multi-parameter problems is discovering the relationships that
affect whatever propertics we are studying. In the IBE case, we found that the ratio
awr/owr was key in the asymptotic relative cfficiency of the designs that we considered,
especially when the other parameters were close to 0. The PBE case has more parameters
than IBE, so the situation is not so clear. But an examination of some scenarios sug-
gests that the key relationship here is the ratio of the between-subject and within-subject
standard deviations (x = og/ow). To facilitate comparisons between the empirical and
asymptotic calculation, we varicd the total number of doses in cach comparison to try
to match the total doscs in the cmpirical calculations, where possible. Therefore the
2S54P/3S3P comparison is based on 72 doses, the 3S3P/2S2P comparison is based on 36
doses, and the 2S4P/2S2P comparison is based on 48 doses.

Table 3 shows empirical and asymptotic results for § = 0.05,0wr = owgr =
0.15,0.23,0.5,p = 0.9,0.95, and x = 1.0,2.5(0.5). The line with the value of p gives

the empirical relative efficiencies, and the line marked Asym’ gives the asymptotic values.
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Table 3a. Reclative Efficiency Results for PBE

2584P vs. 3S3P

d =0.05
own = 0.15 own =0.23 owr =03
gaT/owT = 0BR/OWR oBT/oWT = OBR/OWR oBT/OWT = 0ar/owR
p 1.0 1.5 2.0 2.5 1.0 1.5 2.0 2.5 1.0 1.5 2.0 2.5
090 | 1.067 1.067 1.067 1.111 | 0.889 1.067 1.067 1.111 | 1.037 1.067 1.067 1.111
Asym | 0.926 0.968 1.017 1.064 | 0.916 0.962 1.013 1.062 | 0.911 0.959 1.011 1.060
095 | 1.067 1.067 1.111 1.111 | 1L.037 1.067 1.111 1.111 | 1.037 1.067 1l.111 1.111
Asym | 0.910 0.932 0.963 0.999 | 0.900 0.926 0.960 0.996 | 0.895 0.923 0.958 0.995
Asym=asymptotic
Table 3b. Rclative Efficiency Results for PBE
3S3P vs. 2S2P
d =0.05
own = 0.15 own = 0.23 ownr =05
gaT/owT =Tr/oOwWnR opr/owT = 0BR/OWR ogr/owr =dar/ownr
P 1.0 1.5 2.0 2.5 1.0 1.5 2.0 2.3 1.0 1.5 2.0 2.5
0.90 1.250 1.250 1.406 1.286 | 1.313 1.250 1.406 1.286 | 1.227 1.250 1.406 1.286
Asvi | 1.327 1.380 1.434 1.483 [ 1.345 1.391 1440 1.488 | 1.357 1.398 1.444 1.490
0.95 1.406 1.406 1.286 1.50 | 1.125 1.250 1.286 1.50 | 1.227 1.250 1.286 1.50
Asym | 1.313 1.350 1.386 1.423 | 1.332 1.361 1.394 1.428 | 1.344 1.368 1.398 1.430
Asvm=asymptotic
Table 3c. Reclative Efficiency Results for PBE
2S4P vs. 2S2P
d =0.05
own =0.15 own = 0.23 ownr =0.5
opT{0wT =9BR/OWR agpr/owT = 0BR/OWR oBT/OWT = O0BR/OWR
p 1.0 1.5 2.0 2.5 1.0 1.5 2.0 2.5 1.0 1.5 2.0 2.5
090 1333 1333 150 1.4291.167 1333 150 1.4291.273 1.333 150 1.429
Asym | 1.161 1.261 1.376 1.489 ( 1.163 1.263 1.377 1.4901{ 1.165 1.263 1.378 1.490
095 [ 150 150 1429 1667 | L.167 1333 1420 1667 L1273 1333 1420 1.667
Asym | 1.130 1.188 1.261 1.341 | 1.132 1.189 1.262 1.341 | 1.134 1.190 1.262 1.342

Asym=asymptotic

Based on the empirical results, Table 3 suggests that there is very little to be gained

by adding periods to a crossover study when the objective is assessing PBE, using ©ppg.

Given the added problems that can occur with longer studics, and the fact that, assuming

that there is no carryover effect, there is no additional information concerning @pgg that

one can derive from a longer study that is not available in the standard 2 x 2 crossover

design, there does not seem to be any reason to use anything other than the 2 x 2 design

for evaluating population bioequivalence. There does appear to be a dircct relationship

between s and relative cfficiency, which we feel is an important result, since we expect
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between-subject variation to be larger than within-subject variation, as this is the chief
rationale for using a crossover design. The role of p in determining relative efficiency is not
as pronounced in the empirical results are it is in the asymptotic calculations. In gencral,
the asymptotic results do not appear to predict the empirical efficiency as well as they did
for IBE, with the 3S3P/2S2P comparison being a possible exception. The discreteness of
the relative cfficiency calculation seems to be more of a problem here than it was for IBE.
This is not surprising, since the sample sizes arc somewhat smaller for PBE, so that the

‘jumps’ in power are larger between successive values of n.

6.5 Discussion

Basing comparisons on the number of ‘observations’ (i.e., snp), appeared to be the
fairest way to compare 3 and 4-pcriod designs. Another way of describing what we have
done is that we have compared designs based on the total number of ‘doses’. The subject-
treatment-period notion of ‘observation/dose’ is merely an objective (although naive) way
of quantifying a unit of cffort/cost so that designs with different numbers of periods could
be directly compared. A reasonable 4-period design, such as the 2S4P design, is naturally
cxpected to be more cfficient than a 3-period design with the same number of subjects.
But it may be difficult to assess objectively the possible additional burden of the 4-period
design, except to consider the additional *observations’ in Period 4 as somewhat equivalent
to the additional subjects needed in the 3-period designs. Additional factors which are
difficult to quantify, such as the increased risk of subject withdrawal in a longer study,
may motivate investigators to choosc a 3-period crossover design when the 3 and 4-period
designs can be judged to be roughly ‘equivalent’ in some respect.

It is clear from the results that the 2S3P design, which is the 3-period design cited
in the FDA guidance document, is inefficient compared to the sequence-balanced designs,
2S4P and 3S3P, in respect to the effort required (i.e., the number of ‘doses’) to show
individual bioequivalence. For compounds with a reasonable degree of bioequivalence,

the large sample results suggest that the 2S3P design may require 65% — 120% more ob-
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scrvations to estimate ©;pg with the same precision as the sequence-balanced designs.
The only circumstance we found under which the 2S3P design is more cfficient is for the
low-variability situation (where the constant-scaled criterion is used), where the value of
the parameter O;pgg is already outside of the acceptable range for individual bioequiv-
alence, and that is only when it is compared to the other 3-period design. The 2S3P
design never has better asymptotic cfficiency than the 4-period design we considered, even
though it alrcady has 33.3% more subjects. Although the small sample results are not
as dramatic as their large sample counterparts, especially when r2 = 0.5, the difference
in cfficiency is still quite striking, with increases in the required number of doses in the
range of 20 — 80%. The rcason why the 2S3P design is so incfficicnt is that estimates of
the within-subject variances, 0,1 and o3, p, usc only half of the subjects. We must also
assume. under the null hypothesis of non-equivalence, that the variances of the estimate
of § arc diffcrent for the 2 sequences. This leads to a loss in degrees of freedom (from a
Satterthwaite correction) when the confidence interval for § is computed, as we have done
for the this portion of the Howe small-sample confidence interval method (n.b., necither
Hyslop and Iglewicz (2001) nor Chow et al (2002) use the corrected degrees of freedom for
the confidence interval of § = ur — ugr). Both of these things follow from the 2S3P design
not being sequence-balanced.

On one level, the comparison of total number of trcatments may not be so naive, since
increasing the number of doses also increases the number of plasma samples that must be
assayed. Suppose that a biocquivalence study with a 2S4P crossover design requires 15
subjects per sequence, or a total of 120 doses. For ecach dose there may be 10 to 12 (or
more) time points at which plasma samples are taken, yielding a total of 1200 to 1440
samples that must be assayed. Now, the same study conducted with a 2S3P design is
likely to require 50% — 75% more doses, which increases the number of samples to be
assayed accordingly. That translates to 600 to 1080 more plasma samples that must be
assayed. Depending on such factors as the per unit cost of supplies, doing the assay, the

time required to do the laboratory work, the cost of transporting samples from the study
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site to the laboratory, etc., using the 2S3P design to study individual bioequivalence may
considerably increase the cost of doing a bioequivalence study.

In the comparison of designs 254P and 3S3P there is not a clear winner, but design
3S3P docs appear to be slightly more ‘cfficient’ (in terms of ‘doses’), both for reference-
scaled tests overall and when for constant-scaled tests when the intra-subject variability
of the treatment formulation is less than that of the reference. Here we have cssentially
the situation described above, where what may be interpreted as a very slight advantage,
or cven the lack of a distinct disadvantage (except when the reference formulation has
minimal within-subject variance), in using the 3-period design may be considered as strong
support for its usc when other factors arc taken into account. However, the choice may
not be so clear-cut. The main drawback of the 3S3P design is that, since the design
parameter ¢; cquals 0, the parameters 03, and o3, are not identifiable. The statistical
FDA guidance document for bioequivalence does not state that all parameters be estimated
explicitly (FDA, 2001), but the general guidance document on bioequivalence studies
requests that a point estimate of the subject-formulation interaction o p be provided (FDA,
2000), and there also is a strong emphasis on the constituent parts of the individual
biocquivalence criteria in the literature on the subject, especially with respect to af)
(Chen et al., 2000). Individual parameter cstimates are also useful in any post-mortem of
study results, especially when non-cquivalence has been concluded. The 3S3P design can
give an cstimate of 02, + o}y, which then provides an upper bound on op, which may
be sufficient for regulatory purposcs, especially if the within-subject variances are small
for a given compound. An estimate of 0%, can also be obtained if onc is willing to assume
o+ = oy . We would go further and cxamine the function 6% = 6% — (r2 + 0.5)63,,,
where 12 = o}, /o, is allowed to vary over some rcasonable range, say from 0.5 to 2.
This sensitivity analysis was discussed in detail in Chapter 4, and may be acceptable to
regulatory agencies as an adequate assessment of the subject-formulation interaction, and
it also illustratcs the trade-off between the variance parameters in the aggregate criteria.

There are two main results we derived when we applied our comparison methods to

population bioequivalence. The first, based on the empirical results, is that there appears
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to be little that one can gain by adding periods to crossover designs for bioequivalence
studies. Therefore, the standard 2 x 2 crossover design that has a long history of use in
bioequivalence studies is probably the best for investigators who want to evaluate @ppgg.
The sccond result is that the asymptotic results we derived are probably not very useful
for assessing the relative efficiency of designs for PBE. The latter result should not be
surprising, since we were examining scenarios for PBE with very small numbers of subjects.

In conclusion, we reccommend that the 2S3P design not be used for the assessment
of individual bioequivalence, since the alternative 3 and 4-period designs are more effi-
cient. We also recommend that the 2S2P design-the design that is already in wide use
for assessing average biocquivalence-be used when the primary objective is to evaluate
population bioequivalence. The 2S4P design appears to be reasonably efficient for IBE
and provides useful information about sccondary individual bioequivalence parameters,
while the 3S3P (cextra-reference) design is a viable alternative to the 2S4P design when
time and subject withdrawal are primary concerns. An investigator who is about to initial
a study to evaluate individual biocquivalence should carefully weigh the pros and cons of

both designs when choosing between the 2S4P and 3S3P designs.
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Chapter 7

GENERALIZED CONFIDENCE INTERVALS FOR THE FDA
INDIVIDUAL AND POPULATION BIOEQUIVALENCE PARAMETERS

SUMMARY

A mcthod for deriving interval estimates for the FDA individual and population
bioequivalence criteria using generalized pivotal quantities is proposed. These generalized
confidence intervals (GCI) are comparced to modified large sample (MLS) intervals, both in
an cxample and through simulation. We find that the GCI intervals have adequate prob-
ability of covering the true parameter values, and, because of their very close relationship
to generalized p-values, the results of Chapter 3 suggest that testing procedures using the
GCI will have superior power to those using MLS. Therefore, we recommend GCI intervals

over their MLS counterparts for the individual and population bioequivalence parameters.
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7.1 Introduction

Ever since Schuirmann (1987) introduced his two one-sided tests approach for average
bioequivalence, confidence intervals have been the principal tool for evaluating bioequiv-
alence. Schuirmann’s procedure is equivalent to calculating a 100(1 — 2a)% confidence
interval for the mean difference pr — ug; one concludes bioequivalence if this interval is
completely contained in the interval (A, Ay), where the deltas represent the lower and up-
per bounds of a prespecified interval of equivalence. The FDA has followed this paradigm
in the test procedures it recommends for IBE and PBE. The test procedure for IBE was
derived by Hyslop, Hsuan, and Holder (2000), and their procedure has been adapted to
PBE in Appendix F of the FDA guidance document. Alternative procedures for both IBE
and PBE have been proposed by Quiroz et al (2002) based on the modified large sample
(MLS) methodology of constructing confidence intervals for functions of variance compo-
nents for random cffects and mixed models. These authors showed that the MLS approach
is slightly less powerful than the FDA test for IBE, and slightly more powerful for PBE.
The Hyslop (FDA) and Quiroz (MLS) approaches differ in that the FDA interval is based
on a lincarized form of the appropriate bioequivalence criterion, whereas the MLS interval
is in the same (unitless) scale as the criterion itself. Quiroz et ¢l claim that this difference
as onc of the advantages of their methodology. A gencral overview of MLS methodology
is contained in the book by Burdirk and Graybill (1992).

Previous chapters developed test procedures for IBE and PBE based on the general-
ized p-value (GPV) methodology introduced by Tsui and Weerahandi (1989). The GPV
mcthodelogy for IBE and PBE is departure from the methods described above in that
it is based not on confidence intervals, but on the calculation of the area of an extreme
region based on a particular hypothesis, as is done in calculating classical p-values. This
is donc using a generalized test variable (GTV), which takes the role of the test statistic
from classical decision theory. Since, by construction, the GTV does not depend on any
unknown parameters, it is very similar to a pivotal quantity in classical statistical theory.

Weerahandi (1993) used this fact to define the generalized pivotal quantity (GPQ), which
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he used to derive generalized confidence intervals (GCI). Chiang (2001) later developed
a methodology for constructing confidence intervals for functions of variance components
that he called the method of surrogate variables (SV). The GCI and SV mecthodologies are
identical, although Chiang’s paper is more detailed and contains comparisons to MLS and
Bayesian methodologies.

In this investigation, we derive GPQs and GClIs for ©;8¢ and Opgg, t.e., on the
same scale as Quiroz et al for 4-period crossover study designs. Section 7.2 introduces the
statistical tools that we will use. In Section 7.3 we derive generalized pivotal quantities for
©;8r and Opgg, and we explain how these are used to compute gencralized confidence
intervals. This section also contains an example of the use of GCIs with bioequivalence
data. In Scction 7.4 we present simulation results, comparing the coverage of GClIs to
the MLS intervals of Quiroz et al (2002). Scction 7.5 contains a short discussion and our

conclusions.
7.2 Preliminaries

7.2.1 Statistical Model and Summary Statistics

In this chapter, we will construct intervals for the 2-sequence/4-period design that
was examined in Chapter 3. The statistical model and summary statistics are given in

Chapter 3, Scction 2.

7.2.2 The Generalized Pivotal Quantity and Generalized Confidence Intervals
Weerahandi (1993) defined R =r(X; x, &) as a generalized pivotal quantity (GPQ) if

it satisfics the following two conditions

Property A: R has a probability distribution frce of unknown paramecters.
Property B: The observed pivotal, defined as rqs = r(2; ¢, &), does not depend on

the nuisance parameter ¢.
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We then define a set C., such that
Pr[ReC))| =+.

In direct analogy to the pivotal quantity method, we obtain a subset C(X) of the sample

spacc such that
Pr(X e C(z)] = v.

We further define a subset O, of the parameter space © of 8 such that
Oc(r) = {0 € Olr(z; z, &) € C,}.

The interval estimate ©.(r) derived from the generalize pivotal quantity R is a generalized
confidence interval of 8. If we are, for example, interested in finding a 95% upper bound

on R, we would find U such that
Pr[R < U|R =r(z;x,&)] = 0.95.

Then the interval (—o0,U) is a 95% lower generalized confidence interval on R.
In Chapter 3 we introduced GTVs that we used to assess IBE and PBE. The GPQs

we will use to construct GCIs for ©;gg and © pgg arc onc-to-one transformations of those

GTVs. These GPQs are given in the next section.

7.3 Generalized Pivotal Quantity and Generalized Confidence Intervals for

Orpe and Oppr

In this section we construct the generalized pivotal quantitics (GPQs) for deriving
the generalize confidence intervals (GClIs) for IBE and PBE. This section ends with an

example where we apply both the GCI and MLS methods to bioequivalence data.

7.3.1 Individual Bioequivalence

To construct the GPQ for IBE, we use the identity 0% = 02, + 0.502%,1 + 0.502, 5 to
T D wr WR

reparameterized Orgg

62 + 0% + 0050“%‘/1' - 1»503‘;&
maz(o?, 5, 03)

O1BE =
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The GPQ for computing the GCI is

2
S51 ssy sswt = SSWR
d—cZp\[+) ++-+05—— - 10—
( P\ T ) U; Uwr Uwr

SSWR o
maz | —,05
Uwr

where € = (©;gg,d,0%, 0¥ 1,0% ) and 0 = 0.04. To calculate the GCI, we generate

r(X;z,8) =

a large numbecr of random vectors X = (Zp, Ur, Uwr,Uwr), and compute r(X; z, &) for
cach sct of random variables given the observed values * = (d, ss;, sswr, sswgr). The
upper 100(1 — a)% bound is then the 100(1 — @)% percentile of the empirical cumulative
distribution function (CDF), of r(X;z,£). Note that comparing this upper bound to the

regulatory limit 8; provides an approximate a-level test of IBE.

7.3.2 Population Bioequivalence

As with IBE, we neced to reparameterized the PBE criteria so that we can construct

a GPQ.

2

mazc (a%.ﬁ? + a’%m. +0.50% 5, ag)

. 1.
82 + o2 (1 = B%) + 0.50%1 — (U?ZIT + —a’ﬁ,R)

Oppe =

This is the reparameterization that we used in Chapter 3 to construct their testing proce-
dure for @ pgg. It differs from the reparameterization used by the FDA guidance document
(2001) and Quiroz et al (2002) because it reflects the statistical dependence between the

random variables SSt and SSg. The GPQ for computing the GCI for PBE is

S8ST sswrT
(d~cZp\ip)° + = +0.5 —rr
r(X;z,€) = Ur Uwr

maz(rg,o})
SS Ss 2
o= U;l: +f;—;r (1 - (b—zg, /;”(’}—':W))
)
R R e

where £ = (O/pE, 4, o?,afﬂT, 0%, 0%, B) and 0 = 0.04. To calculate the GCI, we

gencrate a large number of random vectors X = (Zp, Zg,Ur, Ugyr, Uwt, Uwr), and
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proceed as we did for IBE, calculating the desired upper bound from the empirical CDF
of r(X;z, &) for the given values z = (d, b, ssT, SSR|T) SSWT,SSwr). And as with the upper

bound we derived for O;pg, the upper bound for PBE can also be used for hypothesis

testing,

7.3.3 Example: methylphenidate

Meyer et al (2000) conducted a study to characterize the intrasubject variability of
mcthylphenidate. In this study 20 healthy male subjects were randomized to one of four
4-period sequences. Using SAS we computed the following cstimates for arca under the

time-concentration curve (AUC) for the log-transformed data

d =0.07796 sswr = 0.54461 sswr = 0.82991
ssr =0.42181 b =0.75669
sst = 2.07850 SSRIT = 0.29876

For IBE, the 95% upper bounds for @;5g are 1.338 and 1.3564 for the MLS and GCI
intervals, respectively. The upper bounds are quite similar, and both are well within the
equivalence region for IBE. For PBE, the 95% upper bounds for © pge are 1.93625 and
1.1043 for the MLS and GCI intervals, respectively. Hypothesis tests based on these upper
bounds would reach contrary conclusions, since the regulatory bound is 8p = 1.7448. This
is not surprising in light of previous results, since we have shown that test procedures based
on these MLS intervals, as well as the FDA test procedure, had much lower power and
larger sample size requirements than the generalized p-value (the testing analogue of the

GCI) test procedure for PBE.

7.4 Simulation Studies

Simulation studics were done to assess the performance of the GCI intervals and
to compare them to the MLS intervals for IBE and PBE. The tables below show the
proportion of times that either the GCI or MLS interval contained the actual value of the

appropriate parameter (O;gg or ©pgg). There were 5000 simulated data sets generated
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for cach sct of parameters. Coverage of the GCI was calculated for cach simulated data
sct using 10000 scts of Monte Carlo points. The nominal level of coverage for all intervals

is 95%. All simulations were done using SAS® Version 8.2 for Windows.
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7.4.1 Individual Bioequivalence

The performance of GCI and MLS intervals were evaluated for the following param-
cter values: § = (0.05,0.15),0p = (0.01,0.1,0.15,0.2),owr = (0.15,0.2,0.23,0.3,0.3),
owr/owr = (0.8,1.0,1.2), and n = (8,12,16,20). These paramecter combinations repre-

sent a large range of values of ©;pg relevant to the experimental situation. The results

are shown in Table 2.

153

Table 2a. Covcrage of MLS and GCI intervals for IBE

d =0.05,0wr/ownr = 0.8

cp =0.01

ownr =0.13

ownr =0.2

ownr = 0.23

own =0.3

own = 0.3

MLS GCI

MLS GCI

MLS GCI

MLS GCI

MLS GCI

12
16
20

0.966 0.975
0.961 0.967
0.963 0.964
0.967 0.967

0.967 0.982
0.970 0977
0.967 0.972
0.967 0.974

0.963 0.975
0.968 0.974
0971 0.976
0.966 0.968

0.960 0.974
0.961 0.970
0.966 0.973
0.963 0.966

0.961 0.974
0.962 0.973
0.960 0.970
0.964 0.968

op =0.10

own =0.13

ownr = 0.2

ocwnr = 0.23

own =03

own =0.5

MLS GCI

MLS GCI

MLS GCI

MLS GCI

MLS GCI

12
16
20

0.967 0.972
0.970 0.971
0.964 0.962
0.971 0.967

0.961 0.973
0.966 0.973
0.963 0.968
0.962 0.965

0.963 0.974
0.969 0.974
0971 0.974
0.965 0.967

0.968 0.978
0.965 0.973
0.967 0.971
0.964 0.967

0.969 0.982
0.962 0.972
0.968 0.977
0.967 0.972

op =0.15

own = 0.15

own = 0.2

OCWR = 0.23

own =03

own =0.9

MLS GClI

MLS  GCI

MLS  GCI

MLS GCI

MLS GCi

0.967 0.972
0.973 0971
0.971 0.966
0.970 0.965

0.96+ 0.970
0.961 0.962
0.961 0.939
0.959 0.957

0.960 0.972
0.965 0.972
0.962 0.967
0.963 0.966

0.962 0.978
0.961 0.970
0.964 0.970
0.962 0.967

0.964 0.977
0.962 0.971
0.966 0.975
0.962 0.969

op =0.2

aown =0.13

owr =0.2

ownr = 0.23

ownr =103

own = 0.3

MLS GCI

MLS GCI

MLS GCI

MLS GCI

MLS GCI

0.969 0.971
0.973 0971
0.969 0.968
0.972 0.966

0.956 0.958
0.953 0.952
0.962 0.932
0.957 0.949

0.958 0.969
0.965 0.968
0.962 0.966
0.963 0.965

0.961 0.975
0.961 0.970
0.965 0.968
0.963 0.967

0.964 0.976
0.960 0.969
0.967 0.975
0.964 0.968
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Table 2a. (con’t) Coverage of MLS and GCI intervals for IBE
6 =013, cwT/ownr =0.8
op = 0.01
ownr = 0.15 ownr = 0.2 ocwn = 0.23 own = 0.3 own =03
n | MLS GCI | MLS GCI [ MLS GCI | MLS GCI | MLS GCI
8 10965 0.964 | 0968 0.969 { 0.965 0.967 | 0.966 0.971 | 0.964 0.973
12 [ 0.960 0.957 | 0.962 0.961 | 0.970 0.970 | 0.966 0.966 | 0.968 0.971
16 | 0.961 0.956 | 0.961 0.959 | 0.968 0.968 | 0.967 0.968 | 0.966 0.968
20| 0.960 0.958 | 0.961 0.959 | 0.964 0.964 | 0.965 0.964 | 0.968 0.968
op =0.10
owr = 0.15 owr = 0.2 own = 0.23 own =0.3 ownr = 0.5
n ! MLS GCI | MLS GCI|MLS GCI | MLS GCI | MLS GCI
8 | 0973 0966 | 0.962 0.962 | 0.963 0.968 | 0.970 0.973 | 0.969 0.980
12 { 0.970 0.963 | 0.965 0.959 { 0.971 0.970 | 0.969 0.969 | 0.967 0.970
16 | 0.962 0.954 | 0.960 0.953 { 0.971 0.969 | 0.971 0.970 |{ 0.973 0.976
20| 0966 0.958 | 0.958 0.952 | 0.966 0.964 | 0.964 0.963 | 0.972 0.972
op =0.15
own = 0.13 ownr = 0.2 own = 0.23 ocwn =03 ownr =03
n | MLS GCI | MLS GCI | MLS GCI | MLS GCI | MLS GClI
8 10974 0965 ] 0.967 0.960 | 0.966 0.967 | 0.968 0.972 | 0.965 0.976
12 | 0.981 0.964 | 0.966 0.952 | 0.973 0.966 | 0.968 0.967 | 0.967 0.969
16 | 0.977 0964 | 0.966 0.948 | 0.969 0.963 | 0.971 0.968 | 0.973 0.973
20} 0976 0.961 | 0.965 0.951 | 0.966 0.961 | 0.968 0.964 | 0.964 0.964
ocp =0.2
ownr =0.15 ownr = 0.2 own = 0.23 own =03 own =03
n | MLS GCI | MLS GCI | MLS GCI | MLS GCI | MLS GClI
8§ | 0974 0.965 | 0.965 0.952 | 0.963 0.965 | 0.965 0.971 | 0.964 0.975
12 | 0.980 0.966 | 0.964 0.946 { 0.970 0.965 | 0.967 0.966 | 0.967 0.969
16 | 0.980 0.966 | 0.968 0.948 | 0.968 0.961 | 0.970 0.967 | 0.972 0.973
20 | 0.981 0.963 | 0.964 0.942 | 0.969 0.961 | 0.969 0.964 | 0.964 0.965
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Table 2b. Coverage of MLS and GCI intervals for IBE

4 =0.05,owr/ownr = 1.0
op =0.01
own = 0.15 own =0.2 ownr = 0.23 ownr =03 own = 0.3
n | MLS GCI | MLS GCI | MLS GCI | MLS GCI | MLS GCI
8 | 0968 0978 | 0.968 0979 | 0.963 0.975 | 0.963 0.974 | 0.962 0.975
12 1 0.962 0.968 | 0.968 0.974 | 0.968 0.974 | 0.961 0.973 | 0.962 0.974
16 [ 0.966 0.968 | 0.965 0.969 | 0.970 0.976 | 0.966 0.973 | 0.962 0.969
20 [ 0.969 0.970 [ 0.966 0.968 | 0.964 0.968 | 0.961 0.967 | 0.962 0.968
op =0.10
ownr = 0.15 own = 0.2 own = 0.23 ocwn =03 own = 0.3
n | MLS GCI | MLS GCI | MLS GCI | MLS GCI | MLS GCI
8 [0.968 0.974 ] 0.962 0970 | 0.963 0.975 | 0.968 0.979 | 0.970 0.982
1210971 0.973 | 0.965 0.970 | 0.969 0.974 | 0.968 0.975 | 0.963 0.973
16 | 0.967 0.964 | 0.961 0.964 | 0.969 0975 | 0.965 0.972 | 0.968 0.977
20 [ 0.971 0.969 | 0.960 0.961 | 0.964 0.968 | 0.962 0.967 { 0.967 0.971
op =0.13
own = 0.15 ownr = 0.2 owr = 0.23 ownr =03 ownr = 0.3
n | MLS GCI | MLS GCI | MLS GCI | MLS GCI | MLS GCI
8 10969 0974 0.963 0970 | 0.961 0.975 { 0.964 0.978 | 0.965 0.978
12 | 0.973 0.973 | 0.961 0.961 | 0.967 0.972 | 0.961 0.974 | 0.963 0.972
16 | 0.971 0.969 | 0.961 0.958 | 0.962 0.967 | 0.964 0.971 | 0.968 0.976
20 [ 0.970 0.964 { 0.958 0.955 | 0.963 0.968 | 0.961 0.967 | 0.961 0.968
op = 0.2
ownr = 0.13 ownr = 0.2 owr = 0.23 ocwr =03 own = 0.5
n | MLS GCI | MLS GCI | MLS GCI | MLS GCI | MLS GCI
8 [ 0968 0973 (0.955 0.959 | 0.960 0.970 | 0.962 0.978 | 0.965 0.977
12 1 0.973 0.972 | 0.953 0.952 | 0.965 0.970 | 0.961 0.971 | 0.962 0.972
16 | 0.969 0.968 | 0.961 0.933 | 0.961 0.966 | 0.962 0.971 [ 0.966 0.975
20 [ 0.971 0.968 | 0.957 0.949 | 0.961 0.965 | 0.960 0.967 | 0.963 0.969
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(con’t) Coverage of MLS and GCI intervals for IBE

éd =013, cwTr/own = 1.0
op =0.01
own =0.15 ownr =0.2 own = 0.23 own =03 awnr =0.3
n | MLS GCI | MLS GCI | MLS GCI | MLS GCI | MLS GCI
8 [ 0971 0.968 | 0.970 0.968 | 0.963 0.968 { 0.965 0.971 { 0.964 0.972
12 ] 0.962 0.959 { 0.964 0.960 | 0.969 0.970 | 0.967 0.968 { 0.965 0.973
16 | 0.963 0.960 | 0.961 0.956 | 0.969 0.969 | 0.969 0.970 | 0.965 0.969
2010962 0958 | 0.961 0.958 | 0.964 0.966 | 0.965 0.966 | 0.967 0.968
ocp =0.10
own =0.15 ownr = 0.2 own = 0.23 cwn =03 own =0.3
n | MLS GCI | MLS GCI | MLS GCI | MLS GCI | MLS GCI1
8 | 0973 0.968 | 0.964 0.962 | 0.966 0.969 | 0.967 0.975 | 0.969 0.981
12 1 0.972 0.963 | 0.964 0.960 | 0.970 0.970 | 0.971 0.972 | 0.968 0.972
16 | 0.965 0.957 | 0.960 0.951 | 0.970 0.969 | 0.972 0.971 | 0.974 0.976
20 | 0.968 0.961 | 0.959 0.949 | 0.966 0.966 | 0.965 0.965 | 0.969 0.972
op =0.135
ownr = 0.15 own =0.2 own = 0.23 ocwn =03 own =0.5
n | MLS GCI | MLS GCI | MLS GCI | MLS GCI1 | MLS GCl
8 [ 0.977 0.966 | 0.967 0.961 | 0.967 0.969 | 0.966 0.975 | 0.966 0.977
12 | 0.981 0.967 | 0.963 0.951 | 0.971 0.969 | 0.969 0.969 | 0.964 0.969
16 | 0.979 0.964 | 0.964 0.948 [ 0.967 0.964 { 0.971 0.970 { 0.973 0.976
20 |1 0977 0.963 | 0.963 0.930 | 0.966 0.962 | 0.967 0.964 | 0.963 0.966
op =02
own = 0.13 ownr = 0.2 ownr = 0.23 own =03 own = 0.3
n | MLS GCI | MLS GCI | MLS GCI | MLS GCI | MLS GCI
8 10975 0.967 | 0965 0.9354 { 0.964 0.966 | 0.966 0.975 | 0.965 0.976
12 | 0.981 0.967 { 0.963 0.945 | 0.971 0.966 { 0.966 0.967 | 0.964 0.969
16 | 0.980 0.967 | 0.966 0.948 | 0.968 0.963 { 0.968 0.969 | 0.973 0.975
20 | 0.981 0.963 | 0.963 0.941 | 0.967 0.961 | 0.968 0.965 | 0.963 0.966
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Table 2¢. Coverage of MLS and GCI intervals for IBE

§ =0.05,cwr/owr =12
op =0.01
awn = 0.13 own =02 own = 0.23 ocwnr =0.3 ownr = 0.5
n | MLS - GCI | MLS GCI | MLS GCI | MLS GCI | MLS GCI
8 | 0.972 0979|0966 0.977 | 0.963 0.974 | 0.962 0.973 | 0.962 0.975
12 |1 0966 0.971 | 0.967 0.970 | 0.967 0.975 | 0.961 0.974 | 0.962 0.973
16 | 0.971 0.968 { 0.963 0.965 | 0.967 0.976 | 0.965 0.973 | 0.961 0.970
20| 0970 0.969 | 0.965 0.963 | 0.963 0.968 | 0.961 0.968 | 0.960 0.968
op = 0.10
own =0.13 own =02 own = 0.23 own = 0.3 own = 0.5
n | MLS GCI | MLS GCI | MLS GCI | MLS GCI | MLS GCl1
8 | 0970 0974 0962 0.969 | 0.966 0.976 | 0.967 0.980 | 0.969 0.981
1210973 0972 | 0.964 0.968 | 0.963 0.972 | 0.967 0.974 | 0.963 0.973
16 | 0.969 0.968 | 0.958 0.959 | 0.965 0.973 { 0.965 0.973 | 0.967 0.977
201 0974 0970} 0.939 0.958 | 0.961 0.965 ) 0.962 0.967 | 0.966 0.972
ocp =0.15
own =0.13 owna =0.2 own =023 own =0.3 own = 0.5
n | MLS GCI | MLS GCI | MLS GCI | MLS GCI | MLS GClI
8§ | 0971 0976 ) 0963 0.970 | 0.962 0.975| 0.966 0.979 | 0.965 0.977
121 0976 0974 | 0.962 0.960 { 0.968 0.973 | 0.962 0.974 | 0.962 0.972
16 | 0.973 0.971 | 0.960 0.957 | 0.961 0.967 | 0.963 0.971 | 0.968 0.976
20 | 0.973 0967 | 0.958 0.954 | 0.960 0.967 | 0.960 0.966 | 0.960 0.968
op =0.2
own = 0.13 own = 0.2 own =0.23 owr =0.3 own = 0.5
n | MLS GCI [ MLS GCI | MLS GCI | MLS GCI | MLS GCI
8 | 0.965 0.966 | 0.957 0.960 | 0.961 0.971 [ 0.966 0.976 { 0.960 0.975
12 1 0.971 0971 | 0.953 0.953 | 0.966 0.971 { 0.962 0.971 | 0.959 0.972
16 | 0.972 0.969 { 0.960 0.951 | 0.965 0.972 | 0.959 0.968 | 0.957 0.970
20 10973 0.967 | 0.957 0.948 | 0.967 0.973 | 0.959 0.966 | 0.958 0.966
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Table 2c. (con’t) Coverage of MLS and GCI intervals for IBE
4 =0.15,cwr/ownrn =12
agp = 0.01
ownr = 0.15 own = 0.2 ownr = 0.23 own =0.3 own =0.5
n | MLS GCI | MLS GCI | MLS GCI | MLS GCI | MLS GCI
8 10977 0971 ] 0.968 0.967 [ 0.965 0.969 | 0.966 0.972 ! 0.964 0.973
12 ] 0.968 0.962 | 0.965 0.959 | 0.970 0.970 | 0.967 0.970 | 0.965 0.972
16 | 0.968 0.960 | 0.962 0.954 | 0.969 0.969 | 0.969 0.970 | 0.964 0.968
20 | 0.966 0.960 | 0.964 0.958 | 0.964 0.965 | 0.966 0.968 | 0.966 0.969
op =0.10
own = 0.15 own = 0.2 ocwn = 0.23 own =03 ownr =0.5
n | MLS GCI | MLS GCI | MLS GCI | MLS GCI | MLS GcCI
8 {0976 0970|0962 0.959 [ 0.965 0.969 | 0.968 0.976 | 0.970 0.981
12 | 0.974 0.967 | 0.964 0.960 { 0.971 0.970 | 0.971 0.974 | 0.966 0.973
16 | 0.970 0.959 | 0.961 0.948 | 0.970 0.969 | 0.971 0.973 | 0.971 0.976
20 | 0.970 0.963 | 0.958 0.946 | 0.965 0.964 | 0.966 0.963 | 0.968 0.972
op = 0.15
own = 0.15 own =02 ocwn = 0.23 own =0.3 own =0.3
n | MLS GCI | MLS GCI | MLS GCI | MLS GCI | MLS GCI
8 {0977 0.968 | 0.966 0.962 | 0.968 0.970 | 0.969 0.975 | 0.966 0.977
12 | 0.980 0.967 | 0.967 0.933 | 0.970 0.570 | 0.969 0.970 | 0.964 0.969
16 | 0.979 0.966 | 0.965 0.947 [ 0.966 0.965 | 0.970 0.970 | 0.974 0.976
20 ] 0.979 0.964 | 0.964 0.950 | 0.967 0.962 | 0.968 0.965 | 0.963 0.966
ocp =02
own =0.13 own = 0.2 owr = 0.23 ocwn =0.3 ownr = 0.3
n | MLS GCI | MLS GCI | MLS GCI | MLS GCI | MLS GCI
0.975 0968 | 0.964 0.956 | 0.964 0.969 | 0.967 0.975 | 0.966 0.977
12 | 0.981 0.968 | 0.962 0.944 | 0.969 0.968 | 0.968 0.969 | 0.964 0.969
16 | 0.983 0.967 | 0.967 0.948 | 0.967 0.964 | 0.970 0.971 | 0.975 0.976
20 | 0.980 0.964 | 0.962 0.941 | 0.966 0.962 | 0.967 0.966 | 0.963 0.965

The GCI intervals appear to do well at maintaining the nominal coverage, with only
6 out of 480 paramecter combinations in Table 2 having observed coverage values less than
94.7%. These 6 cases all occur when owr = 0.2, the changeover point from reference
to constant-scaling. In Chapter 3, we observed that the GPV (the testing analogue of
the GCI) was sometimes slightly anti-conservative for IBE when owgr = 0.2. The MLS
intervals maintain the nominal coverage probability throughout Table 2. As a down side

of their solid coverage, test procedures for IBE that use MLS intervals tend to have less

power than the Hyslop/FDA and GPV procedures (Quiroz et al., 2002).
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7.4.2 Population Bioequivalence

Table 3 shows simulation results for GCI and MLS intervals for PBE for the
following sets of parameters: & = (0.05,0.15),p = (0.7,0.8,0.9),0wr = owr =
(0.15,0.23,0.3,0.5),0pT /owr = opr/owr = (1,2), and n = (8,12,16, 20). Note that
the value of ®pgg for these parameter combinations is less than 1, which puts them well

within the region of equivalence.

Table 3a. Estimated coverage of procedures MLS and GPV for PBE
d =0.05
opr =ogp = 0.15 [ opr =0gr =03 | opr =0gp =0.23 I opr =0ogn = 0.46
ocwr =ownr = 0.15 ogwr =own = 0.23
n p MLS GCI MLS GClI MLS GCI MLS GCI
§ 0.7]0.9710 0.9680 0.9810 0.9632 0.9682 0.9622 0.9714 0.9512
0.8 | 0.9746 0.9642 0.9878  0.9364 | 0.9664 0.9538 0.9874 0.9538
0.9 | 0.9790 0.9620 0.9944  0.9512 0.9758 0.9622 0.9916 0.9572
12 0.7 | 0.9630 0.9630 09736  0.9474 | 0.9642 0.9594 0.9786 0.954+4
0.8 | 0.9696 0.957 0.9896 0.9506 | 0.9730 0.9616 0.9886 0.9526
0.9 | 0.9772 0.9572 0.9936 0.9482 | 0.9742 0.957 0.9950 0.9572
16 0.7 | 0.9570 0.9490 09792 0.9508 | 0.9680 0.9602 0.9766 0.9528
0.8 | 0.9674 0.9532 0.9888  0.9548 | 0.9686 0.9562 0.9890 0.9574
0.9 | 0.9726 0.9542 0.9956 0.9530 | 0.977 0.9612 0.9962 0.9534
20 0.7 | 0.9730 0.9620 0.9810 0.9532 | 0.9618 0.9520 0.9786 0.9504
0.8 | 0.9704 0.9556 0.9882 0.9508 | 0.9702 0.9580 0.9900 0.9530
0.9 | 0.9784 0.9590 0.9944  0.9510 | 0.9738 0.9564 0.9954 0.9570
opr =0pp =03 | opr =0gpn=0.6 | ogr =0ogr = 0.3 ogr =0 = 1.0
owr = own =03 owr = own = 0.5
n P MLS GCI MLS GCI MLS GCl MLS GCI
8 0.7 ] 0.9688 0.9628 09774 0.9534 | 0.9636 0.9614 0.9790 0.9532
0.8 | 0.9704 0.9390 0.9840 0.9520 | 0.9732 0.9648 0.9828 0.9502
0.9 | 0.9744 0.957 0.9946 0.9534 | 0.9766 0.9654 0.9936 0.9522
12 0.7 | 0.9688 0.9614 09774 0.9526 | 0.9686 0.9636 0.9766 0.9548
0.8 | 0.9716 0.9600 0.9882 0.9540 | 0.9724 0.9618 0.9832 0.9528
0.9 | 0.9772 0.9614 0.9934 0.9526 | 0.9794 0.9606 0.9948 0.9528
16 0.7 | 0.9698 0.9586 0.9826 0.9592 | 0.9654 0.9570 0.9786 0.9496
0.8 | 0.9742 0.9584 09876 0.9544 | 0.9722 0.9576 0.9876 0.957
0.9 | 0.9764 0.9568 0.9934 0.9512 | 0.9816 0.9644 0.9958 0.9492
20 0.7 | 0.9686 0.9606 0.9786 0.9524 | 0.9664 0.9572 0.9802 0.948+4
0.8 | 0.9688 0.9352 0.9856 0.9476 | 0.9704 0.9556 0.9842 0.9442
0.9 | 0.9732 0.9540 0.9948 0.9508 | 0.9772 0.9592 0.9970 0.9490
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Table 3b. Estimated coverage of procedures MLS and GPV for PBE

6=0.15
opr =opp =0.15 1 ogr =ogpn =03 | ogr =o0gr =0.23 l opT =ogp = 0.46
owr =awr = 0.15 owrt =dwnr = 0.23
n p MLS GCI MLS GClI MLS GCI MLS GCI
8 0.7 0.9640 0.9490 0.9810 0.9566 | 0.9664 0.9556 0.9716 0.9478
0.8 | 0.9668 0.9432 0.9852 0.9514 | 0.9670 0.9538 0.9872 0.9536
0.9 | 0.9732 0.9496 0.9942  0.9492 | 0.9752 0.9544 0.9938 0.9582
12 0.7 | 0.9700 0.9510 0.9744  0.9414 | 0.9632 0.9534 0.9776 0.9548
0.8 | 0.9708 0.9410 0.9890 0.9464 | 0.9682 0.9518 0.9892 0.9524
0.9 | 0.9738 0.9404 0.9928 0.9502 | 0.9742 0.9500 0.9952 0.9554
16 0.7 | 0.9540 0.9340 0.9784  0.9470 | 0.9636 0.9516 0.9762 0.9506
0.8 | 0.9644 0.9388 0.9880 0.9534 | 0.9684 0.9482 0.9888 0.9584
0.9 | 0.9708 0.9428 0.9956 0.9516 | 0.9746 0.9518 0.9936 0.9526
20 0.7 | 0.9680 0.9450 0.9790 0.9492 | 0.9606 0.9462 0.977 0.9486
0.8 | 0.9692 0.9430 0.9850 0.9526 | 0.9706 0.9336 0.9884 0.9518
0.9 | 0.9784 0.9456 0.9936 0.9516 | 0.9730 0.9496 0.9954 0.9554
opr =0gpn =03 | ogpr =0gr =06 | opr =0or =0.3 ocgr =opp = 1.0
gwr =owpr = 0.3 owr =ownr = 0.5
n P MLS GCI MLS GCl1 MLS GC1 MLS GCl1
8 0.7 0.9652 0.9582 0.9792 0.9544 | 0.9626 0.9388 0.9788 0.9552
0.8 | 0.9712 0.957! 0.9852 0.9512 | 0.9744 0.9638 0.9832 0.9512
0.9 | 0.9722 0.9554 0.9956  0.9528 | 0.9738 0.9630 0.9936 0.9518
12 0.7 { 0.9668 0.9540 0.9780 0.9524 | 0.9664 0.9604 0.9768 0.9528
0.8 { 0.9714 0.9558 0.9890 0.9542 | 0.9694 0.9600 0.9838 0.9530
0.9 | 0.9762 0.9584 0.9928 0.9518 | 0.9796 0.9604 0.9940 0.9516
16 0.7 ] 0.9672 0.9546 0.9826 0.9566 | 0.9628 0.9554 0.9770 0.9498
0.8 { 0.9700 0.9538 0.9876 0.9548 | 0.9712 0.9572 0.987- 0.9566
0.9 | 0.977 0.9552 0.9944  0.9502 | 0.9808 0.9628 0.9964 0.9504
20 0.7 ] 0.9632 0.9528 0.9802 0.9492 | 0.9630 0.9556 0.9788 0.9494
0.8 | 0.9680 0.9520 0.9864 0.9474 | 0.9700 0.9552 0.9856 0.9432
0.9 | 0.9744 0.9332 0.9956 0.9478 | 0.9752 0.9574 0.9970 0.9502

coverage probability, with only 1 out of 96 coverage values less than 94.7%. When J
increases to 0.15, there are more cascs where the coverage probabilities of the GCI are
slightly lower than the nominal level. With 12 out of 96 values less than 94.7%, and
2 values less than 94%. On the other hand, the coverage of the MLS intervals is quite
high, sometimes exceeding 99.5%. Neither result is surprising. Chapter 3 showed that the
GPV, the testing analogue of the GCI, produced slightly anti-conservative tests of PBE,
cspecially as the absolute value of § increased. They also showed that MLS intervals for

PBE produced very conservative test procedures, which had a detrimental effect on the

power of these procedures.
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Table 3 addresses the coverage of intervals for @ pge when the hypothesis of cquiv-
alence, which here is the alternative hypothesis, is true. Since we are also interested in
the performance of these intervals when the null hypothesis of non-equivalence is true, we
present Table 4 for completeness, which shows simulation results for parameter combina-

tions that produce values of Oppgg greater than 2, well outside the region of equivalence.

Table 4. Estimated coverage of procedures MLS and GPV for PBE

d =0.15
opr =03 ogr = 0.46 ogr = 0.6 opr = 1.0
epr = 0.15 ogp = 0.23 ogr =0.3 ogr =0.5
owr = 0.15 owr = 0.23 owr =03 owt = 0.5
own = 0.1 own = 0.2 own = 0.2 own =04
n p MLS GCI MLS GClI MLS GCl1 MLS GCI
8 0.7] 09528 0.9406 | 0.9638 0.9366 | 0.9736 0.9424 | 0.9728 0.9412
0.8 | 0.9534 0.9304 | 0.9790 0.9444 | 0.9824 0.9440 | 0.9790 0.9464
0.9 | 0.9572 0.9326 | 0.9832 0.9428 | 0.9894 0.9446 | 0.9874 0.9468
12 0.7 109524 0.9306 | 0.9724 0.9470 | 0.9738 0.9438 | 0.9708 0.9432
0.8 | 0.9636 0.9406 | 0.9816 0.9470 | 0.9854 0.9474 | 0.9798 0.9482
0.9 | 0.9610 0.9356 | 0.9870 0.9522 | 0.9896 0.9496 | 0.9872 0.9452
16 0.7 ] 0.9590 0.9446 | 0.9708 0.9470 | 0.9804 0.9502 | 0.9746 0.9456
0.8 [ 0.9570 0.9400 | 0.9834 0.9508 | 0.9852 0.9476 | 0.9810 0.9534
0.9 | 0.9662 0.9416 | 0.9870 0.9468 | 0.9912 0.9480 | 0.9900 0.9440
20 0.7] 0.9572 0.9454 | 0.9706 0.9466 | 0.9770 0.9472 | 0.9748 0.9412
0.8 | 0.9610 0.9406 | 0.9796 0.9450 | 0.9838 0.9430 | 0.9774 0.9430
0.9 | 0.9584 0.9352 | 0.9878 0.9502 | 0.9910 0.9468 | 0.9894 0.9484

The coverage of the GCI in Table 4 is slightly lower than the nominal coverage
probability, with most values less than 95%, but only 5 out of 48 less than 94%, and none
less than 93%. On the other hand, the MLS intervals all maintain the nominal coverage,
although some coverage probabilitics are very high, sometimes in cxcess of 99%. Again,

ncither result is surprising, in light of the results of Chapter 3. We will discuss these result

further in the next section.

7.5 Discussion

The generalized confidence intervals (GCI) for IBE appear to do quite well in main-
taining the nominal coverage probability, and to be comparable to the corresponding MLS
intervals of Quiroz et al. (2002) with respect to this coverage. The only circumstance

where the coverage of the GCI intervals dips very slightly below the nominal level is when
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ownr = 0.2, the changeover point from constant to reference scaling. GCI intervals for
PBE can tend to have coverage slightly below the nominal level, cspecially as § starts to
deviate from 0. We saw in Table 3 that the coverage of the deteriorates slightly when
d goes from 0.05 to 0.15. However, it scems that values of § greater than 0.1 are rare
in bioequivalence studies (Henney, 1999), at least for gencric products that have gained
regulatory approval in the past 2 decades. Other than the obvious selection bias, this ob-
servation suggests that the mecan is a relatively casy mark to hit for a competent chemist
at a generic manufacturer, even though he does not know the the explicit details of how
the innovator (i.e., reference) product was compounded. Taking this and the fact that
some sort of average bioequivalence is needed in order to conclude PBE (FDA, 2001), the
practical significance of the GCIs for PBE falling slightly below the nominal level may
be attenuated. On the other hand, the MLS intervals are very solid when it comes to
maintaining nominal coverage. But, as we will see, their application in testing procedures
for bioequivalence can tend to be overly conservative, especially with respect to PBE.
Having primarily cxamined interval coverage in this paper, the question of compar-
ative interval length comes to mind. We address this question by referring to 2 other
sources. The first is Chiang (2001}, whose method of surrogate variables (SV) is exactly
the same as the procedure we have outlined for GCIs. Table 8 in Chiang shows ratios
of interval lengths for cqual-tailed SV (GCI) and MLS intervals for a parameter that is
estimated by taking the difference of means squares, similar to the constant-scaled criteria
for IBE and PBE. This table shows that the 2 methodologics produce intervals for this
parameter that arc almost identical in length. Table 10 in Chiang shows ratios of intervals
lengths for a ratio parameter that is estimated by a difference of mean squares is the nu-
merator and has a mean square in the denominator, similar to the reference-scaled criteria
for IBE and PBE. Here there appears to be a tendency for the cqual-tailed SV (GCI) in-
terval to be slightly shorter than its MLS counterpart. These results suggest that the GCI
intervals for bioequivalence should at least be no longer than the MLS intervals. Even
more suggestive are the power results we presented in Chapter 3 (note that the generalized

p-value (GPV) is the hypothesis testing analog of the GCI). There we showed that the
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GPYV had slightly better power than the MLS procedure for IBE, and that the GPV was
significantly more powerful than the MLS for PBE. The large power difference between
the GPV and both the MLS and FDA tests for PBE appears to be due to the latter 2
tests ignoring the statistical dependence between the sufficient statistics in this problem.
This lcads to intervals that are excessively long for PBE, as we saw in the example given
above. Since the gencralized test variable (GTV) of the GPV and the gencralized pivotal
quantity of the GCI are closely related (they are almost always either identical or onc a
onc-to-one function of the other), we expect GCI intervals to shorter than MLS intervals
in critical cases for IBE, and in general for PBE.

In our cxperience with GPVs in the previous chapters, we have found that conclusions
drawn from examining 4 period study designs tend to generalize to 3 period study designs
and cven to the cvaluation of PBE in a 2 x 2 study design. Therefore, we expect our
results for GCls also to generalize to other study designs. This assertion also scems to
be confirmed by some special cases we have looked at for other designs used to assess
biocquivalence.

In this chapter, we have presented GPQs and GCls for IBE and PBE arc in the same
scale, respectively, as O;pr and Opgg. We can as casily generate GPQs and GCls for
the lincarized criteria of the FDA guidance document, or for any arbitrary scale that we
choose. As noted above, Quiroz et al argued that an advantage of the MLS confidence
intervals over the intervals derived by Hyslop et al. is that their MLS intervals, as our
GClIs, arc in the same scale as O;gg and ©pgg. We would temper this assertion with
the following observations. The scale of the linearized criteria is the same as the scale
of the variance of the mean difference of the log-transformed data. This may lend some
intuitive interpretation to intervals based on the linearized criteria-often the variance of
the mcan on a log-transformed scale is interpreted as a squared cocfficient of variation
(CV?)-although it should be noted that the length of these intervals is a function of the
treatment variances, which is probably why the FDA chose to implement scaled criteria
for IBE and PBE. The GCI and MLS intervals, on the other hand, are on a unitless scale.

Quiroz et al appear to take for granted that this scale has ‘more meaningful interpretations
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(pg. 1840)." The individual and population biocquivalence criteria are constructed by
taking a distance metric (Schall and Luus, 1992) and dividing by a scale factor based on
the variation of the reference formulation. Consider the statement, ‘the distance between
formulations is less than or equal to 1.5 times the reference variance with 95% certainty.’
Because of the novelty of the the parameters in question, we are not sure what the meaning
of this statcment would be to a pharmacologist, other than whether 1.3 is greater or less
than the regulatory upper bound. Thercfore, it is not necessarily given that one scale is
preferable to any other. However, as investigators and regulatory agencies gain greater
cxperience with IBE and PBE, it is possible that the intervals that both we and Quiroz
et al. have proposed will also gain intuitive meaning, potentially making them useful tool
for assessing IBE and PBE. It should also be noted that, since the GPQ for the linearized
criteria is a onc-to-one function of the GPQ that we present, we can generate GCIs with
the exact same coverage probabilitics as those we computed above on the same scale as
the Hyslop/FDA intervals.

In conclusion, we would recommend the GCI over MLS intervals on two counts: the
coverage of the GCI intervals appears to be adequate, and the GCI intervals are analogous
to testing procedures, namely the GPV tests, that are more powerful than tests derived
from the MLS intervals. We feel that the slight anti-conservativeness of the GCI intervals
for PBE is preferable to the overly conservative MLS intervals, given the significant power

advantage of the former over the latter.
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Chapter 8

CONCLUSION

8.1 Summary of Primary Conclusions

In this dissertation, we have derived new tests for the FDA individual and popula-
tion bioequivalence paramecters using the generalized p-value methodology, we have used
genceralized confidence intervals to construct interval estimates for these same parameters,
and we have shown that these methods produce viable ways to evaluate these same pa-
rameters. These methods have been derived for the most likely experimental designs for
cvaluating biocequivalence, and have been rigorously assessed for a large part of the likely
parameter space. In the course of these investigations, we have addressed the following

important statistical and practical issucs:

1. We have derived a test that is not discontinuous when one switches from constant

to reference scaling in the bioequivalence criteria.

2. We have derived a test that is more powerful than the test reccommended by the FDA
for population biocquivalence. This test was constructed by taking into account the
dependence structure of the summary statistics, going beyond the assumption that
most rescarchers in field have made: that the statistics used to estimate the variance

component functions are independent.

3. We have examined the efficiency, both asymptotically and empirically, of the most
likely bioequivalence study designs. We have also presented a strong case for using
the sequence-balanced 3-period crossover design instead of the 3-period design in

the FDA guidance.
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4. We have suggested strategics for addressing some of the issues related to particular

designs, e.g., the non-identifiability of 0% and o3, in the 3S3P design.

A somewhat unusual characteristic of the FDA bioequivalence parameters is that
they are functions of both fixed cffects and variance components. From the success of the
genceralized p-value and the gencralized confidence interval in assessing these parameters,
it appcars that these methods should be useful for assessing genceral functions of fixed and
variance parameters from linecar mixed models. We believe that this dissertation represents

significant contributions to a very timely and important topic.
8.2 Topics for Future Study

8.2.1 Theoretical properties of GPVs and GClIs

Our investigations have concentrated on the propertics of gencralized p-values and
gencralized confidence intervals for specific functions of the parameters of a lincar mixed
model for relatively small samples. Other investigations into similar problems have been
conducted by other researchers, such as Zhou and Mathew (1994) and Chiang (2001). Zhou
and Mathew (1996) stated that ‘the test based on the generalized p value [sic] does have
theoretical justifications, and many theoretical propertics are known.” However, proofs for
the results that they cite are not available in the published litterature. Weerahandi gives
other propertics in his book (1995) where he relies on the results that Meng (1994) derived
for posterior predictive p-valucs, e.g., that the size of a GPV test is bounded by 2a, where
o is the nominal size of the test. The results of Meng appear only to be applicable when
there is a Bayesian test that corresponds to the GPV test, as with the Behren-Fisher
problem.

As we have noted, GPV tests have many similarities to both fiducial and Bayesian
methods. The link to fiducial appears to be very strong, but the lack of a general theory of
fiducial infcrence-fiducial arguments for a specific inferential approach are usually made

on a case by case basis—weakens the usefulness of this connection. A stronger connection
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to Bayesian methods would endow the GPV and GCI with many desirable propertics, but
at present this connection is somewhat tenuous. Establishing a stronger, more gencral
link between the GPV and the PPV, i.e., whether and when one can derive a discrepancy
variable and specify a prior distribution so that the 2 methods give identical answers,

would be extremely useful in documenting the theorctical properties of the GPV and

GCI.

8.2.2 Analytic approximations

There is little or no literature on the actual sampling (or even approximate) distribu-
tions of the generalized test variable and gencralized pivotal quantity. With the availability
of relatively inexpensive computing power, one can calculate GPVs and GClIs for a partic-
ular sct of data practically instantancously. But the study of statistical propertiecs requires
simulation studies that use much more time and computing power. Thercfore, analytic
methods such as saddlepoint approximations would be very useful. While good second-
order (or higher) approximations would not be likely to replace the Monte Carlo methods
for computing GPVs and GCIs for individual data sets, they could prove indispensable
for studying properties such as statistical power and the median length of GCIs. Such ap-
proximations could also be very useful in studying how variations of underlying parameter
values and sufficient statistics effect the propertics of GPV tests, e.g., why does the size
of test increase when aw g is close to og = 0.2. They could also be useful for exploring the

theorctical propertics of the GPV and GCI, assisting in the investigations in the previous

subscction.

8.2.3 Interval estimates for the subject-by-formulation interaction

One of the problems with the disaggregate criteria approach for individual is that
the distribution of the subject-by-formulation interaction, 0%, is generally intractable
(Chow and Liu, 2000). Fortunately, all of the methods that we have discussed—the Howe
mecthod (1974), the modified large sample method (Burdirk and Graybill, 1992), and

the GCI-can be used to compute approximate intervals for this parameter. Even the
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methodology of Tukey (1951) and Williams (1962) can be adapted to this problem. Given
the importance of this parameter to the FDA, a study of the relative merits of cach of the
above methodologics with respect to the interval estimation of 0%, is in order. And since
the variability of estimates of 0% appears to be a function of the within-subject variabilites
(Endreyi, Taback, and Tothfalusi , 2000), study of an appropriately scaled version of the
subject-by-formulation interaction might also be merited. One intriguing candidate for a
scaled subject-by-formulation interaction is
b
TT + Tivr

a function for which an *exact’ interval estimate cxists.

8.2.4 Population equivalence

Placcbo-controlled clinical trials have historically been the standard route for eval-
uating the cfficacy of novel therapics. But the proliferation of me too products (e.g., a
novel calcium-channel blocker currently in clinical development for the treatment of hy-
pertension is a me too drug, since there are several calcium-channel blockers that have
alrcady been approved and marketed for this indication) has led to concerns, especially
in the international community, concerning the standard of care in and appropriateness
of some placcbo-controlled clinical trials. More and more, developers of me too drugs
are being encouraged to use active controls instead of placcbos in their clinical trials. In
an active-control trial, the goal is to show the non-inferiority of the novel product with
respect to the appropriate active control. The hypothesis of non-inferiority is the union of
the hypotheses of cquivalence and superiority. Many of the issues of non-inferiority trials
arc discussed by Hauck and Anderson (1999). One of the issues they briefly discuss is

population equivalence. This type of equivalence could be assessed using the parameter

2 2

152 + UT - dR
b

maz(o%,od)

where § is the mean treatment difference, R is the active comparator, and T is the novel

therapy. We could conclude population equivalence if we can show that with some specified
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assurance that this paramecter is less than some upper bound that would probably have to
be determined for each case individually. Note that, in all likelihood, the data will come
from a study with a parallel-group design: in this case, the dependency between estimates
of g% and 0% is no longer an issuc. In this approach, slight supcriority of the active
comparator (i.e., § < 0) could be offset if the novel therapy has less patient-to-patient
variability. The obvious disadvantage of this approach is that we want to allow (and even
encourage) larger positive values of 4§, i.e., allow the novel therapy to be superior. An
alternative parameter might be
2

sgn(—0)6% + o2 — 0%
maz(c%, 03)

The emphasis on the tradeoff between component parameters is even stronger here than
it was for individual and population biocquivalence. However, by manipulating the sign
of 4% we lose the interpretation of the numerator as a distance metric. There is also a
question of whether this parameter provides any useful information beyond what can be

cxtracted by asscssing estimates of the mean difference paramecter 4.

8.2.5 More general dependency structures

Both Zhou and Mathew (1994) and Chiang (2001) only considered problems in which
the sufficient statistics were independently distributed. To derive our test for population
biocquivalence, we nceded to consider dependent sufficient statistics, and the multivari-
atc generalization of the x? distribution, the Wishart. McNally (2002, sce Appendix C)
discussed a similar generalization of the methodology of Wolfinger and Kass (2000) also
applied to PBE. The dependency structure in this problem is often called ezchangable or
compound symmetry in mixed models literature. Extending our methods to more genecral
dependency structure, such as first-order autoregressive or unstructured could be very usc-

ful in the analysis of longitudinal data, especially in studies with relatively small numbers

of subjects.
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8.2.6 Other topics

Here are some other topics for which the GPV methodology may prove useful:

1. Multiple comparison and testing situations, cspecially when the results of tests are

dependent on each other.

2. Mcta-analysis: recaching a single conclusion based on summary results from two or

more investigations.

3. Multiple imputation for missing data, along the lines discussed in Meng (1994).
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/titt‘ttttttt‘#ttttttttt‘t‘ttttt‘ttt‘ttt*
VER_MI3.SAS

This program does HSCI, MLS, and GPV procedures for the IBE/2S4P
of verapamil (Esinhart and Chichilli, 1994).
This is Example 1 in Chapter 3, Section 4.1.
ttttt#t‘tt‘t“tt"*“#t“tttt**tttt.ttttt/
options ps=64 1s=120 nodate nonumber;

title ’Verapamil IBE’;

libname mi3 ’j:\mi3’;

run;

*input data;

data hw$;

do sub = 10 to 32;

input seq QQ;

do period = 1 to 4;

input trt $ auc Q9;

lnauc = log(auc);

output;

end;

end;

datalines;

1 T 165.45 R 270.44 T 318.43 R 185.37
2 R 299.59 T 318.44 R 594.41 T 233.51
3 T 319.01 R 210.33 R 332.87 T 212.61
4 R 418.94 T 548.33 T 502.86 R 655.63
1 T 273.24 R 629.80 T 393.62 R 482.12
2 R 279.47 T 154.97 R 263.47 T 176.62
3 T 237.68 R 323.68 R 301.66 T 303.26
4 R 318.14 T 600.59 T 522.57 R 314.21
1T 197.89 R 251.37 T 140.54 R 115.24
2 R 390.48 T 292.85 R 275.97 T 144.20
3 T612.90 R 448.88 R 883.06 T 514.90
4 R 156.62 T 240.80 T 343.65 R 191.39
1 T 217.36 R 185.30 T 185.01 R 272.20
2 R 407.60 T 469.05 R 482.65 T 297.56
3 T 100.18 R 113.60 R 120.23 T 137.65
4R 66.86T 54.19 T 151.00 R 82.30
1 T 665.87 R 442.46 T 333.79 R 277.27
2 R 351.88 T 281.96 R 293.22 T 178.56
3T 277.50 R 167.04 R 235.89 T 191.85
4 R 240.68 T 511.24 T 447.99 R 303.57
1 T611.83 R 711.83 T 255.66 R 396.34
2R 125.98 T 203.73 R 294.89 T 284.17
3 TB849.39 R 763.20 R 517.79 T 292.56

E
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scompute est. of model parameters;

proc mixed data=hw5 method=reml maxiter=500 noitprint noclprint;
class seq sub period trt;

model lnauc=seq period trt seqsperiod(trt)/ ddfm=satterth;
random trt/subject=sub(seq) type=un g;

repeated/group=trt;

lsmeans trt;

estimate ’'F’ trt -1 1 / cl alpha=0.1;

ods output g=gm;

ods output covparms=cv;

ods output estimates=df;

run;

quit;

data cv; set cv(where=(covparm=’Residual’)) end=eof;
if group=’trt R’ then swr=estimate;

if group=’trt T’ then swt=estimate;

retain swr;

keep swr swt;

if eof then output;

run;

data gm; set gm end=eof;

if row=1 then sl=coll;

if eof then do; s2=col2; sd=sl+s2-2#coll; output; end;
retain si;

keep sd sl s2;

TUn;

=compute HSCI;

data ball; merge cv gm df (keep=estimate);
mil=(estimatesestimate+sd+swt-swr);
mi3=mil/max(swr,0.04);
e_i=sd+(swr+swt)/2;
e_d=estimatesestimate;

e_t=swt/2;

e_r=-3,9948ssur;

t=tinv(0.95,19);
h_d=(abs(estimate)+t*sqrt(0.7+*e_i/16)) »»2;
qu=cinv(0.95,19);

ql=cinv(0.05,19);

h_i=19%e_i/ql;

h_t=19=e_t/ql;

h_r=19#e_r/qu;

u_d=(h_d-e_d)»»2;

u_i=(h_i-e_i)»»2;

u_t=(h_t-e_t)*»2;

u_r=C(h_r-e_r)*s2;
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h_mi3=(e_d+e_i+e_t+e_r)+sqrt(u_d+u_i+u_t+u_r);
run;

proc print data=ball;

run;

scompute MLS;

data ting; merge cv gm df(keep=estimate);

s_0=0.04;

eta0=((1log(1.25))**2 + 0.05)/s8_0;

sn=23;

nu=19;

d=estimate;

m_i=sd+(swr+swt)/2;

m_t=sut;

M_I=SWr;

ssdrug=snsdsd;

*»+xThis stuff is direct from Burdick simulation programs=s==;
lambhat=ssdrug/(2+*M_1i);

nstar=int ((1+2slambhat)#*»2/(1+4slambhat))+1;
£f15=cinv(0.05,nu)/nu;

fu2=cinv(0.95,nu)/nu;

£f16=£finv(0.05,nstar,nu);

£f17=£finv(0.05,nu,nu);

hd=nstar/cinv(0.05,nstar)-1;

hi=1/£15-1;

ht=hi;

gr=1-1/fu2;

hdr=((1-£16) **2-(hd*£16) **2-gr«»2) /£16;
hir=((1-£17)*+2-(hi*f17)»*2-grs*2) /£17;

htr=hir;

kil=ssdrug/(sn)+(1-1/(sn))*m_i+.5+m_t;

k2=m_r;

rhohtibe=k1/k2;
k6=(hd*ssdrug/(sn))**2+(hi*(1-1/(sn))*m_i) **2+(ht#*.5+sm_t) *»2;
k7=hdr/(sn)*ssdrug*m_r+ hirs(1-1/(sn))*m_i*m_r+htr*.5¢m_t*m_r;
k8=(grsm_r)»*2;

if (m_r gt s_0) then do;
vuiber=(2+k7/(k1#*k2))*»2-4x(1-k8/k2%»2) = (1-k6/k1**»2);
umlsi=rhohtibe=( (2+k7/(k1#k2)+sqrt (vuiber))/(2* (1-k8/k2s#+2)))~-1.5;
end;

else do;

vustar=k6+(1.5) =»2sk8+1.52k7;
umlsi=(kil-1.5+*k2+sqrt(vustar))/s_0;

end;

run;

proc print data=ting;
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run;

=compute GPV;

data call; merge cv gm df (keep=estimate);
mil=(estimatesestimate+sd+swt-swr);
mi3=mil/max(swr,0.04);
s_i=sd+(swr+swt)/2;

nu=19;

c=sqrt(0.7);

=estimate;

ssu=nu*s_i;

ssv=nu#*svt;

SSW=nu*svr;

eta0=2.4948;

s0=0.04;

do i=1 to 50000;

z=normal(0);

u=2*rangam(0,nu/2);

v=2*rangam(0,nu/2) ;

=2*rangam(0,nu/2) ;
e_d=d-(c*z*sqrt(ssu/16))/sqrt(u);
e_i=ssu/u;

e_t=ssv/v;

e_r=ssw/w;
t=(((1.5*ssw)/w)+eta0smax(ssw/w,s0))/((e_d*e_d)+e_i+(e_t/2));
piv=((e_dse_d)+e_i+(e_t/2)~((1.5*ss5w)/w))/(max(ssw/w,s0));
psi=(t 1t 1);

output;

end;

proc univariate;
var psi piv;
run;

/t“l‘t““#“tt“tttl“#“‘tt“‘#t“"tt'ttt‘tt
MPH_IBE.SAS

This program does HSCI, MLS, GPV procedures,

and GCIs, for the IBE/2S4P

of methylphenidate (Meyer et al, 2000).

This is Example 2 in Chapter 3, Section 4.2.

It is also the example ir Chapter 7, Section 3.3.
#t‘tttt‘tttt"t##".t“t‘t#"t“ttt#“#tt“#‘#“/
options ps=64 1s=120 nodate nonumber;

title ’Ritalin data/IBE’;

libname mi3 ’j:\mi3’;

un;

sinput data from Excel spreadsheet provided by Drs. Meyer and Straugh;
PROC IMPORT OUT= WORK.mph
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DATAFILE= "J:\mi3\MPH.x1s"
DBMS=EXCEL2000 REPLACE;

GETNAMES=YES;
RUN;
*do log transform;
data mph; set mph;
lnauc=log(auc); #change input variable to cmax to do other analysis;
run;
scompute est. of model parameters;
proc mixed data=mph method=reml maxiter=500 noitprint noclprint;
class sequence subject week treatment;
model lnauc=sequence week treatment sequence*week(treatment)/ ddfm=satterth;
random treatment/subject=subject(sequence) type=un g;
repeated/group=treatment;
lsmeans treatment;
estimate 'F’ treatment -1 1 / cl alpha=0.1;
ods output g=gm;
ods output covparms=cv;
ods output estimates=df;
run;

data cv; set cv(where=(covparm=’Residual’)) end=eof;
if group=’Treatment 1’ then swr=estimate;

if group=’Treatment 2’ then swt=estimate;

retain swr;

keep swr swt;

if eof then output;

run;

data gm; set gm end=eof;
if row=1 then si=coll;
if eof then do; s2=col2; sd=sl+s2-2=coll; output; end;

retain si;
keep sd sl s2;
run;

*compute HSCI;

data ball; merge cv gm df(keep=estimate);
mil=(estimate*estimate+sd+swt-swr);
mi3=mil/max(swr,0.04);

eta0=2.4948;

e_i=sd+(swr+swt)/2;
e_d=estimate*estimate;

e_t=swt/2;

e_r=(-1.5-etal0*(swr gt 0.04))#*sur;
t=tinv(0.95,16);

h_d=(abs(estimate) +t*sqrt(0.8%e_i/16))*»2;
qu=cinv(0.95,16);

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



182

gl=cinv(0.05,16);

h_i=16%e_i/ql;

h_t=16*e_t/ql;

h_r=16%e_r/qu;

u_d=(h_d-e_d)s»2;
u_i=(h_i-e_i)**2;
u_t=(h_t-e_t)**2;
u_r=(h_r-e_r)ss2;
h_mi3=(e_d+e_i+e_t+e_r-0.04sxetal=(swr le 0.04));
u_mi3=h_mi3+sqrt(u_d+u_i+u_t+u_r);
run;

proc print data=ball;

run;

=compute MLS;

data ting; merge cv gm df (keep=estimate);

s_0=0.04;

eta0=((log(1.25))»*2 + 0.05)/s_0;

sn=20;

nu=16;

d=estimate;

m_i=sd+(swr+swt)/2;

m_t=swt;

m_r=swr;

ssdrug=sn*d=d;

»«»sThis stuff is direct from Burdick simulation program»x==;
lambhat=ssdrug/(2sM_i);
nstar=int((1+2=»lambhat)*s2/(1+4=lambhat))+1;
£15=cinv(0.05,nu) /nu;

fu2=cinv(0.95,nu) /nu;

£16=finv(0.05,nstar,nu);

£f17=finv(0.05,nu,nu);

hd=nstar/cinv(0.05,nstar)~-1;

hi=1/£f15-1;

ht=hi;

gr=1-1/fu2;

hdr=((1-£16) »#2-(hd*£16) *»x2-gr»=2) /£16;
hir=((1-£f17)**2-(hi*£f17) »»2-gr»«2)/£17;

htr=hir;

kl=ssdrug/(sn)+(1-1/(sn))*m_i+.5sm_t;

k2=m_r;

rhohtibe=k1/k2;
k6=(hdsssdrug/(sn) ) *»2+(hi*(1-1/(sn))*sm_i) »*2+ (ht*.5*m_t) *»2;
x7=hdr/(sn)#ssdrugsm_r+ hir*(1-1/(sn))*m_ism_r+htr*.S5*m_t*m_r;
k8=(grsm_r)»»2;

if (m_r gt s_0) then do;

vuiber=(2+k7/ (k1+k2))»#2-4%(1-k8/k2+»2)»(1-k6/k1*22);
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umlsi=rhohtibes ((2+k7/(k1sk2)+sqrt(vuiber))/(2* (1-k8/k2#%%2)))-1.5;
end;

else do;

vustar=k6+(1.5) »+2xk8+1.5%k7;

umlsi=(k1-1.5#k2+sqrt (vustar))/s_0;

end;

run;

proc print data=ting;

run;

=compute GPV;

data call; merge cv gm df (keep=estimate);
mil=(estimatesestimate+sd+swt-swr);
mi3=mi1/max(swr,0.04);
s_i=sd+(swr+swt)/2;

nu=16;

c=sqrt(0.8);

d=estimate;

ssu=nus*s_i;

SsvEnusswt;

SSW=NU*SWr;

eta0=2.4948;

s0=0.04;

do i=1 to 50000;

z=normal(0);

u=2=rangam(0,nu/2) ;

v=2*rangam(0,nu/2);

w=2»*rangam(0,nu/2) ;

e_i=ssu/u;

e_d=d-csz*sqrt(e_i/16);

e_t=ssv/v;

e_r=ssw/w;
t=(1.5%e_r+eta0*max(e_r,s0))/((e_d*e_d)+e_i+(e_t/2));
piv=((e_d*e_d)+e_i+(e_t/2)-1.5%e_r)/(max(e_r,s0));

psi=(t 1t 1);
phi=(piv gt etal);
output;

end;

proc univariate;
var psi phi piv;
run;

/t‘t‘ttt““t“‘tt#‘.“‘#‘t“t‘t“““tt.

VER_MP3.SAS

This program does HSCI, MLS, and GPV procedures for the PBE/2S4P
of verapamil (Esinhart and Chichilli, 1994).
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This is Example 1 in Chapter 3, Section 5.1.
#t#tt‘tttt.tttttt#t‘#ttt*tt“t‘tttttttt't/
options ps=64 1s=120 nodate nonumber;

title ’'Verapamil PBE’;

libname st740 ’j:\st740ph’;

run;

=input, transform data and compute statistics;
data hw5;
input seq t1 $ c1 t2 $ c2 t3 $ c3 t4 $ c4;
lal = log(cl);
la2 = log(c2);
la3 = log(c3);
lagd = log(c4);
if seq=1 then do;
ut=(lal+la3)/2;
ur=(la2+1la4)/2;
vt=(lal-la3)/sqrt(2);
vr=(la2-la4)/sqrt(2);
end;
if seq=2 then do;
ur=(lail+la3)/2;
ut=(la2+la4)/2;
vr=(lal-la3)/sqrt(2);
vt=(la2-la4)/sqrt(2);
end;
if seq=3 then do;
ut=(lal+la4)/2;
ur=(la2+1a3)/2;
vt=(lal-la4)/sqrt(2);
vr=(la2-1a3)/sqrt(2);
end;
if seq=4 then do;
ut=(la2+1a3)/2;
ur=(lal+la4)/2;
vt=(la2-1la3)/sqrt(2);
vr=(lal-la4)/sqrt(2);
end;
i=ut-ur;
datalines;
T 165.45 R 270.44 T 318.43 R 185.37
R 299.59 T 318.44 R 594.41 T 233.51
T 319.01 R 210.33 R 332.87 T 212.61
R 418.94 T 548.33 T 502.86 R 655.63
T 273.24 R 629.80 T 393.62 R 482.12
R 279.47 T 154.97 R 263.47 T 176.62
T 237.68 R 323.68 R 301.66 T 303.26

W NP DWwN -
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4 R 318.14 T 600.59 T 522.57 R 314.21
1 T 197.89 R 251.37 T 140.54 R 115.24
2 R 390.48 T 292.85 R 275.97 T 144.20
3 T 612.90 R 448.88 R 883.06 T 514.90
4 R 156.62 T 240.80 T 343.65 R 191.39
1 T 217.36 R 185.30 T 185.01 R 272.20
2 R 407.60 T 469.05 R 482.65 T 297.56
3 T 100.18 R 113.60 R 120.23 T 137.65
4R 66.86 T 54.19 T 151.00 R 82.30
1 T 665.87 R 442.46 T 333.79 R 277.27
2 R 351.88 T 281.96 R 293.22 T 178.56
3 T 277.50 R 167.04 R 235.89 T 191.85
4 R 240.68 T 511.24 T 447.99 R 303.57
1 T611.83 R 711.83 T 255.66 R 396.34
2 R 125.98 T 203.73 R 294.89 T 284.17
3 T 849.39 R 763.20 R 517.79 T 292.56

run;

scompute sigma_2{1;

proc glm data=hw5 outstat=tx(where=(_type_=’ERROR’));
class seq;

model ur=seq ut / solution;

run;

quit;

proc sort data=hw5;

by seq;

*compute statistics for each sequence;
proc univariate data=hwS noprint;

var ut ur vt vr i;

output out=st mean=il-i5 css=s1-s5;
by seq;

run;

*compute cross product for each seq.;
data xp; merge hwS(in=a) st;

by seq;

if a;

if first.seq then sxp=0;
xp=(ut-i1)»(ur-i2);

SXp=SXp+Xxp;

retain sxp;

if last.seq then output;

run;

*finish computing summary statistics;
proc univariate noprint;

var i5 s1-s5 sxp;

output out=st2 sum=i ssi sS2 sswt sswr ssi ss512;
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run,;

data st2; set st2;
nu=19;
sig2i=ssi/nu;
d=i/4;

run;

scompute HSCI;

data ball; set st2;

s_0=0.04;

eta0=((log(1.25))**2 + 0.02)/s_0;
e_d=d=d;

e_1=ss1/nu;

e_2=sswt/(2*nu) ;
e_3=-(1+etal*(sswr/nu gt s_0))*ss2/nu;
e_4=-(1+etals(sswr/nu gt s_0))»sswr/(2*nu);
t=tinv(0.95,nu);
h_d=(abs(d)+t*sqrt(0.7+sig2i/16) ) **2;
qu=cinv(0.95,nu);

ql=cinv(0.05,nu);

h_l=nu*e_1/ql;

h_2=nus*e_2/q1;

h_3=nu=*e_3/qu;

h_4=nu*e_4/qu;

u_d=(h_d-e_d)=»=2;

u_ls(h_l-e_1)s=2;

u_2=(h_2-e_2)s2;

u_3=(h_3-e_3)*=2;

u_4=(h_4-e_4)+*2;
h_mi3=(e_d+e_1+e_2+e_3+e_4-etal*s_0=*(sswr/nu le s_0))
+sqrt (u_d+u_1+u_2+u_3+u_4);

run;

proc print data=ball;
run;

scompute MLS;

data ting; set st2;
s_0=0.04;
eta0=((log(1.25))+*2 + 0.02)/s_0;
stt=2sss1/nu;
srr=2+ss2/nu;
st=sswt/nu;
sr=sswr/nu;

sn=23;

ssd=sn*d=d;
lambda=ssd/(2*sig2i);
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nstar=ceil ((1+2slambda)=*(1+2=lambda)/(1+4*lambda));
sdt=2*ssd/sn+stt+st;

ndt=ceil (sdtssdt/(4*ssdsssd/(sn*snsnstar)+(stt*stt/nu)+(st*st/nu)));
if (srr+sr gt 2+s_0) then do;

SrCsSIIr+sr;

nrc=ceil (src*src¢/ ((srr*srr/nu)+(sr*sr/nu)));
f1=finv(0.05,ndt ,nu);

£2=£finv(0.95,nu,ndt);

£f3=finv(0.05,nrc,nu);

f4=£finv(0.95,nrc,ndt);

cO=1-2/nrc;

c2=(c0-£3)»=2;

c1=((cO*(£2-1))*%2)-c2+f2»£2;

c3=(£f4-c0)»=2;

c4=((cO=(1-f1)) *=*2)-c3+f1sf1;
rhohat=(sdt-2+sig2i/sn)/src;
vul=clssdtssdt+4scssigissig2i/(sn*sn);
vu2=c3*sdt*sdt+4*c4*sig2issig2i/(sn*sn);
dt=snssdt/(2*sig2i);

if (dt le f1) then u_pber=cO*rhohat+sqrt{vul)/src-1;
else if (dt gt f1) then u_pber=cOsrhohat+sqrt(vu2)/src-1;
end;

else do;

sir=srr+sr+2*sig2i/sn;
nirsceil(sir*sir/((4*sig2i*sig2i/(sn*sn+*nu) )+(srr*srr/nu)+(sr*sr/nu)));
hi=(ndt/cinv(0.05,ndt))~-1;

g2=1-nir/cinv(0.95,nir);
c5=((1-finv(0.05,ndt ,nir) ) **2-finv(0.05,ndt ,nir)
»£inv(0.05,ndt ,nir)*hi+h1-g2*g2)/£finv(0.05,ndt,nir);
vm3=sdt+*sdtshishi+sirssir*g2*g2+c5*sdtssir;
u_pbec=(sdt-sir+sqrt(vm3))/(2+s_0);

end;

run;

proc print;

run;

scompute GPV;

data call; merge st2 tx;
=sqrt(0.7/16);
ss2onl=ss;

b=ss12/ss1;

s_0=0.04;
eta0=((log(1.25))**2 + 0.02)/s_0;
do i=1 to 100000;
z=normal(0);
z12=normal(0) ;
ul=2srangam(0,nu/2);
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u2=2srangam(0, (nu-1)/2);
ut=2*rangam(0,nu/2);

ur=2»rangam(0,nu/2);

sigut=sswt/ut;

sig2wr=sswr/ur;

sigsql=ssi/ul;

lambdasq2=ss20on1/u2;
beta=b-z12ssqrt(lambdasq2/ss1);
sigi=sqrt(sigsql+*(beta-1)+**2 + lambdasq2);
delta=d-k*sigis*z;
sigsq2=lambdasq2+betasbeta*sigsql;
gpvmp3=(delta»delta+sigsql+sig2wt/2-sigsq2-sig2wr/2)/max (sigsq2+sig2wr/2,s_0);
psi=(gpvmp3 gt etal);

output;

end;

run;

proc univariate;
var psi gpvmp3 delta;
run;

/t“t‘lt“t‘#“‘llt“tt‘tlttt#“"t‘tttt#“tt‘t‘t
MPH_PBE.SAS
This program does HSCI, MLS, GPV procedures,
and GCIs, for the PBE/2S4P
of methylphenidate (Meyer et al, 2000).
This is Example 2 in Chapter 3, Section 5.2.
It is also the example in Chapter 7, Section 3.3.
tt“‘#tttttt“t“tttttt#tttt#‘t‘tl‘tt#‘t"tttt‘t/
options ps=64 1s=120 nodate nonumber;
title ’Ritalin data/PBE’;
run;
*input data from Excel spreadsheet provided by Drs. Meyer and Straugh;
PROC IMPORT OUT= WORK.mph
DATAFILE= "j:\mi3\mph.xls"
DBMS=EXCEL2000 REPLACE;
GETNAMES=YES;
RUN;
*transpose data and do preliminary calculations;
proc transpose data=mph out=tm prefix=c;
var auc; =change variable name to cmax to get other analysis;
id week;
by sequence subject;
run;
/»
proc print;
run;
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=/
data hwS; set tm;
lal = log(cl);

la2 = log(c2);

la3 = log(c3);

lad4 = log(c4);

if sequence=3 then do;
ut=(lai+la2)/2;
ur=(1la3+la4)/2;
vt=(lal-la2)/sqrt(2);
vr=(la3-laq4)/sqrt(2);
end;

if sequence=1 then do;
ur=(lai+la2)/2;
ut=(la3+la4)/2;
vr=(lal-1la2)/sqrt(2);
vt=(la3-la4)/sqrt(2);
end;

if sequence=4 then do;
ut=(lal+la4)/2;
ur=(la2+1a3)/2;
vt=(lal-la4)/sqrt(2);
vr=(la2-1a3)/sqrt(2);
end;

if sequence=2 then do;
ut=(1la2+1a3)/2;
ur=(lal+la4)/2;
vt=(la2-1a3)/sqrt(2);
vr=(lal-la4)/sqrt(2);
end;
i=ut-ur;

run;

*compute summary statistics;

proc glm data=hwS outstat=tx(where=(_type_=’ERROR’));

class sequence;

model ur=sequence ut / solution;

run;

quit;

proc sort data=hw5;
by sequence;

proc univariate data=hwS noprint;
var ut ur vt vr i;

output out=st mean=il-i5 css=s1-s§5;
by sequence;

Tun;
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data xp; merge hwS(in=a) st;
by sequence;

if a;

if first.sequence then sxp=0;
xp=(ut-i1) *(ur-i2);
SXp=sSXp+xp;

retain sxp;

if last.sequence then output;
run;

proc univariate noprint;

var iS5 s1-s5 sxp;

output out=st2 sum=i ssl ss2 sswt sswr ssi ss12;
run;

data st2; set st2;
nu=16;

mut=gsi/nu;
mur=ss2/nu;
mwt=sswt/nu;
mwr=sswr/nu;
sig2i=ssi/nu;
d=i/4;

run;

*proc print;

run;

*compute HSCI;

data ball; set st2;
s_0=0.04;
etal0=((1log(1.25))=»2 + 0.02)/s_0;
e_d=d=d;

e_l=mut;

e_2=mwt/2;
e_3=-(1+etal)=»mur;
e_4=~(1+etal)»mwr/2;
t=tinv(0.95,nu);
h_d=(abs(d)+t*sqrt(0.8*sig2i)/4)»*2;
qu=cinv(0.95,nu) ;
ql=cinv(0.05,nu);
h_i=nu=e_1/ql;
h_2=nu»e_2/ql;
h_3=nuse_3/qu;
h_4=nu*e_4/qu;
u_d=(h_d-e_d)»»2;
u_l=(h_1-e_1)=22;
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[}

(h_2~e_2)=*2;

(h_3-e_3)*»2;

(h_4-e_4)==2;
mp3=(e_d+e_1+e_2-mur-mwr/2)/(mur+mwr/2);
lmp3=e_d+e_1+e_2+e_3+e_4;
h_mp3=1mp3+sqrt{u_d+u_1+u_2+u_3+u_4);
run;

u.?2
u_3
u_4

proc print data=ball;

run;

scompute MLS;

data ting; set st2;

s_0=0.04;

etal=((log(1.25))*2 + 0.02)/s_0;

stt=2+ss1/nu;

srr=2#+ss2/nu;

st=sswt/nu;

sr=sswr/nu;

sn=20;

ssd=sn»*d*d;

lambda=ssd/(2*sig2i);
nstar=ceil((1+2=lambda)=*(1+2+lambda)/(1+4=1lambda));
sdt=2+ssd/sn+stt+st;

ndt=ceil (sdt*sdt/(4*ssd*»ssd/(sn*sn*nstar)+(stt*stt/nu)+(st*st/nu)));
if (srr+sr gt 2+s_0) then do;

SrC=SIrr+sr;

nrc=sceil(srcssrc/ ((srr*srr/nu)+(sr*sr/nu)));
£f1=£finv(0.05,ndt,nu);

£2=£finv(0.95,nu,ndt) ;

£3=finv(0.05,nrc,nu);

f4=finv(0.95,nrc,ndt);

c0=1-2/nrc;

c2=(c0-£3)*»2;

cl1=((cO*(£2-1) ) #»2)-c2+£f2»£2;

c3=(£f4-c0)»=x2;

c4=((cO*(1-£f1))s»2)-c3»f1sf];
rhohat=(sdt-2+sig2i/sn)/src;
vul=clesdtssdt+4*c2ssigissig2i/(sn#*sn);
vu2=c3s»sdtssdt+4*cdssigi*sig2i/(sn*sn);
dt=sn*sdt/(2*sig2i);

if (dt le f1) then u_pber=cOsrhohat+sqrt(vul)/src~1;
else if (dt gt f1) then u_pber=cOsrhohat+sqrt (vu2)/src-1;
end;

else do;

sir=srr+sr+2+sig2i/sn;
nir=ceil(sirssir/((4*sig2i*sig2i/(sn*sn*nu) )+ (srr*srr/nu)+(sr*sr/nu)));
h1=(ndt/cinv(0.05,ndt))~1;
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g2=1-nir/cinv(0.95,nir);

c5=((1-finv(0.05,ndt ,nir))*+2-£finv(0.05,ndt,nir)
»finv(0.05,ndt,nir)»hi*h1-g2+g2)/£finv(0.05,ndt ,nir);
vm3=sdt*sdtshlshl+sirssirsg2+g2+c5+sdt*sir;
u_pbec=(sdt-sir+sqrt(vm3))/(2+s_0);

end;

run;

proc print;
run;

proc print;

run;

scompute GPV;

data call; merge st2 tx;

nu=16;

k=sqrt(0.8/16);

ss2onl=ss;

b=ss12/ss1;

s_0=0.04;

eta0=((log(1.25))**2 + 0.02)/s_0;
do j=1 to 50000;

z=normal (0) ;

z12=normal (0) ;
ul=2+rangam(0,nu/2);
u2=2*rangam(0, (nu~1)/2);
ut=2*rangam(0,nu/2) ;
ur=2srangam(0,nu/2) ;
sig2wt=sswt/ut;

sig2wr=sswr/ur;

sigsql=ssi/ul;
lambdasq2=ss2oni/u2;
beta=b-z12*sqrt(lambdasq2/ss1);
sigi=sqrt(sigsql=(beta-1)**2 + lambdasq2);
delta=d-k=*sigisz;
sigsq2=lambdasq2+betasbetassigsql;
gpvmp3=(deltasdelta+sigsql+sig2wt/2~-sigsq2-sig2wr/2)/max(sigsq2+sig2wr/2,s_0);
psi=(gpvmp3 gt etal);

output;

end;

run;

proc univariate;
var psi gpvmp3d delta;

run;

/ttt‘t‘t‘t‘t#‘#‘.t‘t“t‘.‘t‘t‘tt“.tt“#‘t‘t
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SIMIBE.SAS

This program does the test size simulations
for IBE/2S4P.

Chapter 3, Section 6.1, Table 2.
ttttt““t“t‘t“t“‘tttttt.tttttttttt‘ttt‘/
options ps=66 1s=120 nodate nonumber mprint;
libname mi3 ’c:\My Documents\My SAS Files\V8’;
*ibname mi3 ’j:\mi3’;

title ’Simulations for IBE’;

run;

%macro simibe(del,sd,swt,swr,nsim,ngp,seed,ds);

title2 "delta=kdel, sigma_d=&sd sigma_wt=&Lswt sigma_wr=&swr";
sCreate simulation data sets;

data sim;

ssx»Input model parameter valuesssss;
sigd=&sd;

sigwt=kswut;

sigwrs&swr;

delta=kdel;

ssxxCalculate needed parameter valuess*ss;
sig2wt=siguwt*sigwt;
sig2ur=sigwrssigwr;
sig2i=sigd*sigd+sig2ut/2+sig2ur/2;
sigi=sqrt(sig2i);
mi3=(delta*delta+sig2i+0.5*sig2wt-1.5*sig2uwr)/max(sig2wr,0.04);
call symput(’MI3’,mi3);

sx»sCompute simulated values***s;
junk=int (100000*ranuni (&seed)) ;

do n=6,12,18,24;

nu=2s(n-1) ;

k=1/sqrt(2=n);

do i=1 to &nsim;

z=normal(0) ;

u=2srangam(0,nu/2);
v=2srangam(0,nu/2);
w=2*rangam(0,nu/2);
d=deltatk*sigisz;

sswt=sig2wtsu;

Sswrasigursv;

Ssi=sigisw;

keep n i nu d ssi sswt sswr k mi3;
output;

end;

end;

run;
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ssxsCompute HSCIs»xx;

data ball; set sim;

s_0=0.04;

eta0=((log(1.25))**2 + 0.05)/s_0;
s2wr=ssvwr/nu;

e_d=d=d;

e_i=ssi/nu;

e_t=sswt/(2*nu);
e_r=(-3.9948+(s2wr gt s_0)-1.5%(s2ur le s_0))»*s2ur;
t=tinv(0.95,nu);
h_d=(abs(d)+t*k*sqrt(e_i))*=*2;
qu=cinv(0.95,nu) ;
ql=cinv(0.05,nu);

h_i=ssi/ql;

h_t=nu*e_t/ql;

h_r=nu*e_r/qu;

u_d=(h_d-e_d)=»*2;
u_i=(h_i-e_i)=»2;
u_t=Ch_t-e_t)=*2;
u_r=(h_r-e_r)**2;
h_mi3=(e_d+e_i+e_t+e_r-etald*s_0*(s2wr le s_0))+sqrt(u_d+u_i+u_t+u_r);
phi=(h_mi3 1t 0);

keep n i phi h_mi3;

run;

proc univariate data=ball noprint;
var phi;

by n;

output out=h3 mean=hsci;

run;

ssxsCompute Ting-Burdickss=s;

data ting; set sim;

s_0=0.04;

eta0=((log(1.25))**2 + 0.05)/s_0;

sn=2=n;

m_i=ssi/nu;

m_t=sswt/nu;

m_r=sswr/nu;

ssdrug=sn#*d=d;

*#»»2This stuff is direct from Burdick simulation program===x;
lambhat=ssdrug/(2*M_i) ;

nstar=int ((1+2*1lambhat)#**2/(1+4*lambhat))+1;
£15=cinv(0.05,nu)/nu;

fu2=cinv(0.95,nu)/nu;
f16=finv(0.05,nstar,nu);
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£f17=£inv(0.05,nu,nu);

hd=nstar/cinv(0.05,nstar)-1;

hi=1/£f15-1;

ht=hi;

gr=1-1/fu2;

hdr=((1-£16)*»2-(hd*£16) »«2-gr»=2) /f16;
hir=((1-£17)»%2-(hisf17)»=2-gr*»2)/f17;

htr=hir;

ki=ssdrug/(sn)+(1-1/(sn))*m_i+.5*m_t;

k2=m_r;

rhohtibe=k1/k2;
k6=(hd*ssdrug/(sn) ) **2+(hi*(1-1/(sn))*m_i)**2+(ht*.5*m_t)*+2;
k7=hdr/(sn)*ssdrugsm_r+ hir*(1-1/(sn))sm_ism_r+htr*.5*m_t*m_r;
k8=(gr*m_r)*=2;

if (m_r gt s_0) then do;
vuiber=(2+k7/(k1#k2))*»2-4%(1-k8/k2*%2)x(1-k6/k1**2) ;
umlsi=rhohtibes* ( (2+k7/(k1xk2)+sqrt(vuiber))/(2* (1-k8/k2#*2)))-1.5;
end;

else do;

vustar=k6+(1.5) **=2sk8+1.5+Kk7;
umlsi=(k1~1.5%k2+sqrt(vustar))/s_0;

end;

chi=(umlsi 1t etal);

run;

proc univariate data=ting noprint;
var chi;

output out=mls mean=mls;

by n;

run;

s=xxCompute GPVss=»;

data call; set sim;

s_0=0.04;

eta0=((log(1.25))**2 + 0.05)/s_0;
xi=0;

xi2=0;

do j=1 to &ngp;

z=normal(0) ;

u=2#*rangam(0,nu/2);
v=2srangam(0,nu/2) ;
w=2#*rangam(0,nu/2);

sig2i=ssi/u;
delta=d-k*z*sqrt(sig2i);
sig2wt=sswt/u;

sig2wr=sswr/v;
gpvmid=(deltasdelta+sig2i+0.5*sig2wt-1.5+sig2wr) /max(sig2vwr,s_0);
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xi=xi+(gpvmi3 gt etal);
xi2=xi2+(gpvmi3 gt mi3);
end;

p=xi/&ngp;

c=xi2/&ngp;

psiOS=(p 1t 0.05);
psi025=(p 1t 0.025);
cover=(c gt 0.05);

run;

proc univariate data=call noprint;
var psiOS psi025 cover;

output out=gpv mean=gpv5 gpv25 cover95;
by n;

run;

*merge results;

data tests; merge h3 mls gpv;
length test $ 5;

by n;

delta=&del;

sigma_d=&sd;

sigma_wt=&swt;

sigma_wrs&swr;

test="&ds";

mi3=&mi3;

run;

proc print data=tests;
run;

proc append base=mi3.testsi datastests;
run;

%mend ;

4simibe(0.315742,0.01,0.15,0.15,5000,10000,84431,1i1a) ;
%simibe(0.299655,0.1,0.15,0.15,5000,10000,79087,i1b);
%simibe (0.278016,0.15,0.15,0.15,5000,10000,71089,ilc);
%simibe(0.315742,0.01,0.20,0.20,5000,10000,38693,i2a) ;
%simibe (0.299655,0.1,0.20,0.20,5000,10000,90617,i2b) ;
%simibe(0.278016,0.15,0.20,0.20,5000,10000,26627,i2¢c) ;
%4simibe (0.363148,0.01,0.23,0.23,5000,10000,19157,i3a) ;
%simibe (0.349251,0.1,0.23,0.23,5000,10000,35393,1i3b) ;
%simibe(0.330872,0.15,0.23,0.23,5000,10000,53507,i3c) ;
%simibe(0.4737450264747,0.01,0.3,0.3,5000,10000,56401,i4a);
%simibe (0.4631785294133,0.1,0.3,0.3,5000,10000,97931,1i4b) ;
%4simibe (0.4494823134557,0.15,0.3,0.3,5000,10000,90053,i4c);
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%simibe (0.7896876142387,0.01,0.5,0.5,5000,10000,88211,i5a);
%simibe (0.7833942354153,0.1,0.5,0.5,5000,10000,31123,i5b);
%#simibe(0.775375088639,0.15,0.5,0.5,5000,10000,36931,i5¢) ;

proc print data=mi3.testsi;
run;

/t‘t#t‘tttttt‘ttt#““t“‘t‘tt‘ttttt“ttlt‘t
SIMIBEP.SAS

This program does the power/sample size simulations
for IBE/2S4P.

Chapter 3, Section 6.1, Table 3.
#tttt‘tttttt‘ttt‘t‘tttttt‘tt‘tt‘#tt“tttttt/
options ps=64 1s=120 nodate nonumber mprint;
title ’Simulation data’;

libname mi3 ’c:\My Documents\My SAS Files\V8’;
sibname mi3 ’j:\mi3’;

title ’Simulation for PBE’;

run;

Jmacro simibe(del,sd,swt,swr,nsim,ngp,nl,n2,seed,ds);

title2 "delta=fdel, sigma_d=&sd sigma_wt=&swt sigma_wr=&swr";
*create simulation data sets;

data sim;

ss»sInput model parameter values**#*=;
sigd=&sd;

sigwt=&svt;

sigwr=&swr;

delta=&del;

ss2»sCalculate needed parameter values*#*ss;
sig2ut=sigutssigut;

sig2wr=sigurssigur;
sigli=sigdssigd+sig2wt/2+sig2ur/2;
sigi=sqrt(sig2i);
mi3=(delta*delta+sig2i+0.5+sig2ut-1.5%sig2wr) /max(sig2wr,0.04);
call symput(’MI3’,mi3);

=»*xxCompute simulated valuesss#+*;

junk=int (100000*ranuni (&¢seed)) ;

do n=&n1 to &n2;

*do n=5 to 35 by 3;

nu=2#*(n-1);

k=1/sqrt(2=n);

do i=1 to &nsim;

z=normal (0);

u=2*rangam(0,nu/2) ;

v=2srangam(0,nu/2) ;
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w=2srangam(0,nu/2);
d=delta+k»sigisz;

sswt=sig2utsu;

Ssvr=sig2ursv;

ssi=giglisw;

keep n i nu 4 ssi sswt sswr k mi3;
output;

end;

end;

run;

sx+#Compute HSCI®#»x%;

data ball; set sim;

s_0=0.04;

eta0=((log(1.25))»#2 + 0.05)/s_0;
s2ur=sswr/nu;

e_d=d=d;

e_i=ssi/nu;

e_t=sswt/(2=nu) ;
e_r=(-3.9948*(s2wr gt s_0)-1.5#(s2ur le s_0))*s2ur;
t=tinv(0.95,nu) ;
h_d=(abs(d)+t*kssqrt(e_i))=»2;
qu=cinv(0.95,nu);
ql=cinv(0.05,nu);

h_i=ssi/ql;

h_t=nu*e_t/ql;

h_r=nu*e_r/qu;

u_d=(h_d-e_d)*»2;
u_i=(h_i-e_i)#*»*2;
u_t=(h_t-e_t)*»2;
u_r=(h_r-e_r)**2;
h_mi3=(e_d+e_i+te_t+e_r-etal*s_0+(s2ur le s_0))+sqrt(u_d+u_itu_t+u_r);
phi=(h_mi3 1t 0);

keep n i phi h_mi3;

run;

proc univariate data=ball noprint;
var phi;

by n;

output out=h3 mean=hsci;

run;

ssx2Compute Ting-Burdickssss;
data ting; set sim;

s_0=0.04;

eta0=((log(1.25))**2 + 0.05)/s_0;
sn=2#*n;
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m_i=ssi/nu;

m_t=sswt/nu;

m_r=sswr/nu;

ssdrug=sn»dsd;

*»»x»xThis stuff is direct from Burdick simulation programe»#*s;
lambhat=ssdrug/(2*M_1i);

nstar=int ((1+2=lambhat)*»2/(1+4*1lambhat))+1;
£15=cinv(0.05,nu) /nu;

fu2=cinv(0.95,nu)/nu;

£f16=finv(0.05,nstar,nu);

£f17=£finv(0.05,nu,nu);

hd=nstar/cinv(0.05,nstar)-1;

hi=1/£15-1;

ht=hi;

gr=1-1/fu2;

hdr=((1-£16) »»2-(hd*£16) *»»2-gr+»2)/£f16;

hir=((1-£17) ##2-(his£17)»»2-gr*«2)/£f17;

htr=hir;

k1=ssdrug/(sn)+(1-1/(sn))*m_i+.5*m_t;

k2=m_r;

rhohtibe=k1/k2;
k6=(hd*ssdrug/(sn) ) **2+(hi*(1-1/(sn))*m_i)#*2+(ht*.5sm_t) =»2;
k7=hdr/(sn)*ssdrug»sm_r+ hir»(1-1/(sn))sm_i*m_r+htrs.5*m_tem_r;
k8=(grsm_r)»=*2;

if (m_r gt s_0) then do;

vuiber=(2+k7/(k1#k2)) **2-4»(1-k8/k2#+*2)*(1-k6/k1**2);

umlsi=rhohtibe» ((2+k7/(k1*k2)+sqrt(vuiber))/(2* (1-k8/k2%%2)))-1.5;
end;
else do;

vustar=k6+(1.5) s»2«k8+1.5%k7;
umlsi=(k1-1.5sk2+sqrt(vustar))/s_0;
end;

chi=(umlsi 1t etal);

run;

proc univariate data=ting noprint;
var chi;

output out=mls mean=mls;

by n;

run;

‘tttCompuce GPVUs#xx;

data call; set sim;

s_0=0.04;

etal0=((log(1.25))*»*2 + 0.05)/s_0;
xi=0;

xi2=0;
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do j=1 to &ngp;

z=normal (0);
u=2*rangam(0,nu/2) ;
v=2srangam(0,nu/2);
w=2srangam(0,nu/2);
sigi=gsi/w;
delta=d-k*z*sqrt(sig2i);
sig2wt=sswt/u;
sig2ur=sswvr/v;
gpvmi3=(deltasdelta+sig2i+0.5+sig2wt~-1.5%8ig2wr) /max(sig2wr,s_0);
xi=xi+(gpvmi3 gt etal);
xi2=xi2+(gpvmi3 gt mi3);
end;

p=xi/kngp;

c=x12/&ngp;

psi0S=(p 1t 0.05);
cover=(c gt 0.05);

run;

proc univariate data=call noprint;
var psiOS5 cover;

output out=gpv mean=gpv5 cover95;
by n;

run;

smerge results;

data tests; merge h3 mls gpv;
length test $ 5;

by n;

delta=&del;

sigma_d=&sd;

sigma_wt=&sut;

sigma_wr=&sur;

test="&ds";

mi3=&mi3;

rum;

proc print data=tests;
run;

proc append base=mi3.poweri data=tests;
run;

Jmend;
%simibe (0.0 .01,0.15,0.15,5000,10000,5,6,65479,p1a) ;

5,0.0
%simibe(0.05,0.1,0.15,0.15,5000,10000,6,9,47041,p1b) ;
%simibe(0.05,0.15,0.15,0.15,5000,10000,10,13,45823,p1c);
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%simibe(0.05,0.01,0.20,0.20,5000,10000,8,10,54001,p2a) ;
%simibe(0.05,0.1,0.20,0.20,5000,10000,11,14,28031,p2b) ;
%simibe(0.05,0.15,0.20,0.20,5000,10000,17,21,18503,p2c) ;
%simibe(0.05,0.01,0.23,0.23,5000,10000,11,14,54577 ,,p3a) ;
%simibe(0.05,0.1,0.23,0.23,5000,10000,14,17,33893,p3b) ;
%simibe(0.05,0.15,0.23,0.23,5000,10000,20,24,79087 ,p3c) ;
%simibe(0.05,0.01,0.3,0.3,5000,10000,13,15,47939,p4a) ;
%simibe(0.05,0.1,0.3,0.3,5000,10000,14,16,41243,p4b);
%simibe(0.05,0.15,0.3,0.3,5000,10000,18,20,86453,p4c) ;
%simibe(0.05,0.01,0.5,0.5,5000,10000,12,15,26701,p5a) ;
%simibe(0.05,0.1,0.5,0.5,5000,10000,13,15,23227,pSb) ;
%simibe(0.05,0.15,0.5,0.5,5000,10000,14,16,53551,p5c) ;

proc print data=mi3.poweri;
run;

/tttt.t#tttttttt‘t.#.t‘t.tttttt“t'ttt*#.#‘t
SIMPBE.SAS

This program does the test size simulations
for PBE/2S4P.

Chapter 3, Section 6.2, Table 4.
tl‘tttttttt‘ttttt“‘tt“tlt#‘t‘t““tt*t‘t‘/
options ps=64 1s=120 nodate nonumber;=*print;
title ’Simulation data’;

libname mi3 ’‘c¢:\My Documents\My SAS Files\V8’;
sibname mi3 ’j:\mi3’;

title ’Simulation for PBE’;

run;

“macro simpbe(del,r,sbt,sbr,swt,swr,nsim,ngp,seed,ds);

title2 “"delta=&del, rho=&r, sigma_bt=&sbt
sigma_br=&sbr sigma_wt=&swt sigma_wr=&swr";
run;

screate simulation data sets;

data sim;

ss*xsInput model parameter values*xs»;
sigbt=&sbt;

sigbr=&sbr;

sigut=&sut;

sigwr=gsur;

delta=gdel;

rho=&r;

s»ssCalculate needed parameter valuesssss;
sig2bt=sigbtssigbt;

sig2br=sigbr*sigbr;

siglwt=sigwt*sigwt;
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sig2wr=sigwrssigwr;
sigsql=sig2bt+sig2ut/2;
sigsq2=sig2br+sig2wr/2;
sigl2arhossigbt*sigbr;
beta=sigl2/sigsql;
sigi=sqrt(sigsql+sigsq2-2+»s5igl2);
lambdal=gqrt(sigsql);
lambdasq2=sigsq2-sigl2+*s8igl2/sigsql;
lambda2=sqrt (lambdasq?2) ;
mp3=(delta*delta+sig2bt+sig2ut-sig2br-sig2wr) /max(sig2br+sig2vwr,0.04);
call symput(’MP3’,mp3);
ss»xCompute simulated values*sss;
junk=int (100000sranuni (&seed)) ;
do n=12,18,24;

nu=2s(n-1);

k=1/sqrt(2sn);

do i=1 to &nsim;

z=normal(0);
ul=2=rangam(0,nu/2);
u2=2*rangam(0, (nu-1)/2);
ut=2=rangam(0,nu/2);
ur=2srangam(0,nu/2) ;
z12=normal(0);

d=delta+k*sigisz;

sswt=sig2wtsut;

sswrssig2wrsur;

ssi=sigsqlsul;
ss2oni=lambdasq2#*u2;
b=beta+z12+lambda2/sqrt(ssi);
ss2=bsb*ssi+ss2onl;
sig2i=(ss2+ss1#(1-2+b))/nu;

keep n i nu d ss1 ss2 ss2onl sig2i sswt sswr b k mp3;
output;

end;

end;

run;

sxssCompute HSCIs=xs;

data ball; set sim;

s_0=0.04;

eta0=((1log(1.25))=*2 + 0.02)/s_0;
e_d=d=d;

e_l=ssl1l/nu;

e_2=sswt/(2*nu) ;

t=tinv(0.95,nu);
h_d=(abs(d)+k*t*sqrt(sig2i) ) =»2;
qu=cinv(0.95,nu);
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ql=cinv(0.05,nu);

h_1=nu*e_1/ql;

h_2=nuse_2/gl;

u_d=(h_d-e_d) *»2;

u_l=(h_1-e_1)*=2;

u_2=(h_2-e_2)*%2;

if ((ss2/nu+sswr/(2*nu)) gt s_0) then do;
e_3=-(1+etal)*ss2/nu;
e_4=-(1+etal)sssur/(2snu);
h_3=nu*e_3/qu;

h_4=nu*e_4/qu;

u_3=(h_3-e_3)*s2;

u_4=(h_4-e_4)*»2;
1mp3=e_d+e_l+e_2+e_3+e_4;
h_mp3=1mp3+sqrt (u_d+u_1i+u_2+u_3+u_4);
end;

else do;

e_3=-1sss2/nu;

e_4=~1=sswr/(2*nu);

h_3=nus*e_3/qu;

h_4=nu*e_4/qu;

u_3=(h_3-e_3)*»2;

u_4=(h_4-e_4)»s2;
lmp3=e_d+e_l+e_2+e_3+e_4-s_O=*etal;
h_mp3=1mp3+sqrt(u_d+u_1+u_2+u_3+u_4);
end;

phi=(h_mp3 1t 0);

keep n i 1lmp3 h_mp3 phi;

run;

proc univariate data=ball noprint;
var phi;

by n;

output out=h3 mean=hsci;

run;

s+22Compute Ting-Burdick=#=x;
data ting; set sim;

s_0=0.04;
eta0=((log(1.25))#**2 + 0.02)/s_0;
stt=2s3s1/nu;

srr=2+ss2/nu;

st=sswt/nu;

sr=ssvr/nu;

sn=2#*n;

ssd=sn=*d=»d;
lambda=ssd/(2#*sig2i) ;
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nstar=ceil((1+2=1lambda)*(1+2+lambda)/(1+4+lambda));
sdt=2*ssd/sn+stt+st;

ndt=ceil (sdt*sdt/(4+*ssd*ssd/(sn*sn*nstar)+(sttsstt/nu)+(st*st/nul)));
if (srr+sr gt 2+s_0) then do;

SrC3SIIr+sr;

nrc=ceil(src*src/ ((srr*srr/nu)+(sr*sr/nu)));
f1=£finv(0.05,ndt ,nu);

f2=£finv(0.95,nu,ndt);

£f3=£finv(0.05,nrc,nu);

f4=£finv(0.95,nrc,ndt);

c0=1-2/nrc;

c2=(cO-£3)*»2;

c1=((cO*(£2-1))»»2)-c2s£2s£2;

c3=(£f4-c0)»»2;

c4=((cOs(1-£1))»»2)-c3sf1sf];
rhohat=(sdt-2*sig2i/sn)/src;
vul=clssdt*sdt+4*c2»sig2issig2i/(sn*sn);
vu2=c3»sdt*sdt+4»c4»sigissig2i/ (sn#*sn);
dt=snssdt/(2ssig2i);

if (dt le f1) then u_pber=cOsrhohat+sqrt(vul)/src-1;
else if (dt gt f1) then u_pber=cO*rhohat+sqrt(vu2)/src-1;
chi=(u_pber 1t etal);

end;

else do;

sir=srr+sr+2*sig2i/sn;

nir=ceil (sirssir/((4*sig2i*sig2i/(sn*sn#*nu))+(srr*srr/nu)+(sr*sr/nu)));
hi=(ndt/cinv(0.05,ndt))-1;

g2=1-nir/cinv(0.95,nir);

¢5=((1-£inv(0.05,ndt ,nir))**2-£finv(0.05,ndt,nir)
»«£inv(0.05,ndt,nir) *h1*hi-g2#g2)/£finv(0.05,ndt ,nir);
vm3=sdt+*sdt*hlshl+sirssirsg2sg2+cSssdt*sir;
u_pbec=(sdt-sir+sqrt(vm3))/(2#*5_0);

chi=(u_pbec 1t etal);

end;

run;

proc univariate data=ting noprint;
var chi;

output out=mls mean=mls;

by n;

un;

ssssCompute GPVsasx;

data call; set sim;

s_0=0.04;

eta0=((log(1.25))**2 + 0.02)/s_0;
xi=0;
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xi2=0;

do j=1 to &ngp;

z=normal(0) ;

z12=normal(0);

ul=2»rangam(0,nu/2);

u2=2srangam(0, (nu-1)/2);

ut=2*rangam(0,nu/2);
=2*rangam(0,nu/2) ;

sig2vwt=sswt/ut;

sig2ur=ssvr/ur;

sigsql=ssi/ul;

lambdasq2=ss2on1/u2;

beta=b-z12*sqrt (lambdasq2/ss1);

sigi=sqrt(sigsql=(beta-1)**2 + lambdasq2);

delta=d-k*sigisz;

sigsq2=lambdasq2+betas*beta*sigsql;

gpvmp3=(deltardelta+sigsql+sigut/2-sigsq2-sig2wr/2)/max(sigsq2+sig2wr/2,s_0);

xi=xi+(gpvmp3 gt etal);

xi2=xi2+(gpvmp3 gt mp3);

end;

p=xi/kngp;

c=xi2/&ngp;

psiOS=(p 1t 0.05);

psi025=(p 1t 0.025);

cover=(c gt 0.05);

run;

proc univariate data=call noprint;
var psiO5 psiO25 cover;

output out=gpv mean=gpvS gpv25 cover95;
by n;

run;

smerge results;

data tests; merge h3 mls gpv;
length test $ 5;

by n;

delta=&del;

r=&T;

sigma_bt=&sbt;

sigma_br=&sbr;

sigma_wt=&sut;

sigma_wr=&svr;

test="&ds";

mp3=&mp3;

run;run;

proc print data=stests;
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proc append base=mi3.tests2f data=tests;

run;

%mend;

%simpbe(0.2641837,0.8,0.1,0.1,0.1,0.1,5000,10000,71363,d1a);
%simpbe(0.2641837,0.9,0.1,0.1,0.1,0.1,5000,10000,88241,d1b);
%simpbe (0.295366,0.8,0.2,0.2,0.1,0.1,5000,10000,54559,d1c);
%simpbe(0.295366,0.9,0.2,0.2,0.1,0.1,5000,10000,32917,d1d) ;
%simpbe(0.2641837,0.8,0.2,0.2,0.2,0.2,5000,10000,46867 ,d2a) ;
%simpbe(0.2641837,0.9,0.2,0.2,0.2,0.2,5000,10000,19237,d2b);
%simpbe(0.590733,0.8,0.4,0.4,0.2,0.2,5000,10000,31699,d2c);
%simpbe(0.590733,0.9,0.4,0.4,0.2,0.2,5000,10000,61211,d2d) ;

%simpbe (0.560418,0.8,0.3,0.3,0.3,0.3,5000,10000,85103,d3a);
%simpbe(0.560418,0.9,0.3,0.3,0.3,0.3,5000,10000,65267,d3b);

%simpbe (0.886099,0.8,0.6,0.6,0.3,0.3,5000,10000,55061,d3c);

%simpbe (0.886099,0.9,0.6,0.6,0.3,0.3,5000,10000,72277,d3d);

%simpbe (0.295366,0.8,0.2,0.173205,0.141412,0.1,5000,10000,20857 ,ela) ;
%simpbe(0.295366,0.9,0.2,0.173205,0.141412,0.1,5000,10000,32143,e1b) ;
%simpbe (0.295366,0.8,0.173205,0.2,0.1,0.141421,5000,10000,14197,,elc) ;
%simpbe (0.295366,0.9,0.173205,0.2,0.1,0.141421,5000,10000,33343,e1d) ;
%simpbe (0.590733,0.8,0.387298,0.4,0.223607,0.2,5000,10000,98321,e2a) ;
%simpbe (0.590733,0.9,0.387298,0.4,0.223607,0.2,5000,10000,54517 ,,e2b;
%simpbe(0.590733,0.8,0.4,0.387298,0.2,0.223607,5000, 10000,69497 ,e2c) ;
%simpbe (0.590733,0.9,0.4,0.387298,0.2,0.223607,5000,10000,80917,e2d) ;
%simpbe (0.886099,0.8,0.6,0.5,0.3,0.4472136,5000,10000,55061,e3a) ;
%simpbe (0.886099,0.9,0.6,0.5,0.3,0.4472136,5000,10000,72277,e3a) ;
%simpbe (0.886099,0.8,0.5,0.6,0.4472136,0.3,5000,10000,55061,e3c) ;
%simpbe (0.886099,0.9,0.5,0.6,0.4472136,0.3,5000,10000,72277,e3d) ;
%simpbe(0,0.8,0.282476626,0.1,0.1,0.1,5000,10000,75577 ,£1a);
%simpbe(0,0.9,0.282476626,0.1,0.1,0.1,5000,10000,64621,£f1b);
%simpbe(0,0.8,0.356708993,0.2,0.1,0.1,5000,10000,79043,f1c);
%simpbe(0,0.9,0.356708993,0.2,0.1,0.1,5000,10000,86923,f1d);
%simpbe(0,0.8,0.423775989,0.2,0.2,0.2,5000,10000,46867 ,f2a);
%simpbe(0,0.9,0.423775989,0.2,0.2,0.2,5000,10000,19237,£2b) ;
%simpbe(0,0.8,0.713417986,0.4,0.2,0.2,5000,10000,31699,f2c);

%simpbe (0,0.9,0.713417986,0.4,0.2,0.2,5000,10000,61211,f2d);

%simpbe (0,0.8,0.635663984,0.3,0.3,0.3,5000,10000,85103,£3a);
%simpbe(0,0.9,0.635663984,0.3,0.3,0.3,5000,10000,65267,£3b) ;
%simpbe(0,0.8,1.070126979,0.6,0.3,0.3,5000,10000,55061,£3c);

%simpbe (0,0.9,1.070126979,0.6,0.3,0.3,5000,10000,44897,£3d) ;

proc print;
run;

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



207

/ttttlttttt“ttttttttttttttttttt*‘ttttttttttt
SIMPBE_P.SAS

This program does the power/sample size simulations
for PBE/2S4P.

Chapter 3, Section 6.2, Table 5.
*tttttltlttt#"t.l"t‘#tt“t“t“"‘t“tttt*t/
options ps=66 1s=120 nodate nonumber;*print;
title ’Simulation data’;

libname mi3 ’c:\My Documents\My SAS Files\V8’;
«ibname mi3 ’'j:\mi3’;

title ’Simulation for PBE’;

run;

%macro simpbe(del,r,sbt,sbr,swt,swr,nsim,ngp,seed,nl,n2,n3,n4,ds);

title2 "delta=&del, rho=&r, sigma_bt=&sbt
sigma_br=&sbr sigma_wt=&swt sigma_wragswr";
run;

screate simulation data sets;

data sim;

x»»*Input model parameter values*x*x;
sigbt=&sbt;

sigbr=&sbr;

sigut=&swt;

sigwr=&swr;

delta=g&del;

rho=kr;

»s»+xCalculate needed parameter values****;
sig2bt=sigbt#*sigbt;

sig2br=sigbr#*sigbr;

sig2wt=sigutssigut;

sig2wr=sigwr*sigur;
sigsql=sig2bt+sig2ut/2;
sigsq2=sig2br+sig2wr/2;
sigl2=rho*sigbtssigbr;

beta=sigl2/sigsql;
sigi=sqrt(sigsql+sigsq2-2+sigl2);
lambdal=sqrt(sigsql);
lambdasq2=sigsq2-sigl2*sigl12/sigsql;
lambda2=sqrt (lambdasq2) ;
mp3=(deltasdelta+sig2bt+sig2wt-sig2br-sig2wr)/max(sig2br+sig2wr,0.04);
s*2xxCompute simulated valuesssss;
junk=int (100000*ranuni (&seed)) ;

do n=&n1,&n2,&n3,&n4;

*0 n=5 to 1S5 by 2;

nu=2*(n-1) ;
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k=1/sqrt(2sn);
do i=1 to &nsim;
=normal(0);
ul=2srangam(0,nu/2);
u2=2*rangam(0, (nu-1)/2);
ut=2*rangam(0,nu/2);
ur=2*rangam(0,nu/2);
z12=normal(0);
d=deltat+kssigi*z;
sswt=siglwt*ut;
sswr=sig2wrsur;
ssi=gigsqlsul;
ss2onl=lambdasq2su?2;
b=beta+z12+lambda2/sqrt(ssl);
ss2=bsbsssil+ss2onl;
sig2i=(ss2+ss1*(1-2*b))/nu;
keep n i nu d ssl ss2 ss2onl sig2i sswt sswr b k mp3;
output;
end;
end;
run;

=xxxCompute HSCI*»»s;

data ball; set sim;

s_0=0.04;

eta0=((1log(1.25))*»*2 + 0.02)/s_0;
e_d=d=d;

e_l=ssl/nu;

e_2=ssut/(2*nu) ;

t=tinv(0.95,nu);
h_d=(abs(d)+kst*sqrt(sig2i))=*2;
qu=cinv(0.95,nu);
ql=cinv(0.05,nu);

h_1=nu»*e_1/ql;

h_2=nu*e_2/ql;

u_d=(h_d-e_d)»»2;
u_i=(h_1-e_1)*=2;
u_2=(h_2-e_2)*=»2;

if ((ss2/nu+sswr/(2+nu)) gt s_0) then do;
e_3=-(1+etal)=*ss2/nu;
e_4=-(1+etal)*sswr/(2*nu);
h_3=nu*e_3/qu;

h_4=nus*e_4/qu;

u_3=(h_3-e_3)*»2;
u_4=(h_4-e_4)»*2;
lmp3=e_d+e_l+e_2+e_3+e_4;
h_mp3=1mp3+sqrt(u_d+u_i+u_2+u_3+u_4);

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



209

end;

else do;

e_3=-1x882/nu;

e_4=-1ssswr/(2*nu);

h_3=nu*e_3/qu;

h_4=nu*e_4/qu;

u_3=(h_3-e_3)*»*2;
u_4=(h_4-e_4)**2;
lmp3=e_d+e_1+e_2+e_3+e_4-s_0O=etal;
h_mp3=1mp3+sqrt (u_d+u_1+u_2+u_3+u_4);
end;

phi=(h_mp3 1t 0);

keep n i 1mp3 h_mp3 phi;

Tun;

proc univariate data=ball noprint;
var phi;

by n;

output out=h3 mean=hsci;

run;

*xxsCompute Ting-Burdick»ss*;

data ting; set sim;

s_0=0.04;

etal0=((log(1.25))*»2 + 0.02)/s_0;
stt=2sss1/nu;

srr=2#ss2/nu;

st=sswt/nu;

sr=sswr/nu;

sn=2#n;

ssd=sn*d=*d;

lambda=ssd/(2#sig2i);
nstar=ceil((1+2+lambda)=(1+2+lambda)/(1+4=lambda));
sdt=2sssd/sn+stt+st;
ndt=ceil(sdt*sdt/(4+ssd*ssd/(sn*sn*nstar)+(sttsstt/nu)+(st*st/nu)));
if (srr+sr gt 2»s_0) then do;

STC=SIT+sr;
nrc=ceil(src#*src/({(srrssrr/nu)+(sr*sr/nu)));
f1=£finv(0.05,ndt ,nu);

£2=finv(0.95,nu,ndt);

£3=£finv(0.05,nrc,nu);

f4=finv(0.95,nrc,ndt);

c0=1-2/nrc;

c2=(c0-£3)»»2;

Ccl=((cO*(£2-1)) *#2)-c2+f2s£2;

c3=(£f4-c0)=»2;

c4=((cOs(1-£1) )»»2)-c3sf1sfl;
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rhohat=(sdt-2*sig2i/sn)/src;
vul=clssdt*sdt+4sc2+sigis*sig2i/(sn#sn);
vu2=c3ssdtssdt+4sc4*sigis»sig2i/ (sn*sn);
dt=sn»*sdt/(2ssig2i);

if (dt le f1) then u_pber=cOsrhohat+sqrt(vul)/src-1;
else if (dt gt f1) then u_pber=cO*rhohat+sqrt(vu2)/src-1;
chi=(u_pber 1t eta0);

end;

else do;

sir=srr+sr+2*sig2i/sn;
nir=ceil(sirs*sir/((4*sig2i*sig2i/(sn*sn*nu))+(srr*srr/nu)+(sr*sr/nu)));
hi=(ndt/cinv(0.05,ndt))-1;

g2=1-nir/cinv(0.95,nir) ;
c5=((1-£finv(0.05,ndt ,nir) )»*2-£finv(0.05,ndt,nir}
*£inv(0.05,ndt,nir)*h1*h1-g2*g2) /finv(0.05,ndt ,nir);
vm3=sdt*sdtshlshl+sirssirsg2»g2+cS+sdt*sir;
u_pbec=(sdt-sir+sqrt(vm3))/(2*s_0);

chi=(u_pbec 1t etal);

end;

run;

proc univariate data=ting noprint;
var chi;

output out=mls mean=mls;

by n;

run;

[ ttCompute GPVessx;

data call; set sim;

s_0=0.04;

eta0=((log(1.25))=*2 + 0.02)/s_0;
xi=0;

do j=1 to &ngp;

z=normal(0) ;

z12=normal(0);
ul=2*rangam(0,nu/2) ;
u2=2srangam(0, (nu-1)/2);
ut=2*rangam(0,nu/2) ;
ur=2»rangam(0,nu/2) ;
sig2wt=ssut/ut;

sig2wr=sswr/ur;

sigsql=ssi/ul;
lambdasq2=ss2onl/u2;
beta=b-z12+sqrt(lambdasq2/ss1);
sigi=sqrt(sigsqls(beta-1)»*2 + lambdasq2);
delta=d-k*sigisz;
sigsq2=lambdasq2+betasbeta*sigsql;
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gpvmp3=(delta*delta+sigsql+sig2wt/2-sigsq2-sig2wr/2) /max(sigsq2+sig2wr/2,s_0);
xi=xi+(gpvmp3 gt etal);
end;

p=xi/&ngp;

psios=(p 1t 0.05);
psio25=(p 1t 0.025);
run;

proc univariate data=call noprint;
var psiOS psi025;

output out=gpv mean=gpv5 gpv25;
by n;

run;

smerge results;

data tests; merge h3 mls gpv;
length test $ 5;

by n;

delta=kdel;

r=&r;

sigma_bt=&sbt;

sigma_br=&sbr;

sigma_wt=&swt;

sigma_wr=&swr;

test="&ds";

run;

proc print datastests;
run;

proc append base=mi3.power data=tests;
run;
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%simpbe(0.05,0.95,0.5,0.5,0.5,0.5,5000,10000,50503,7,8,9,10,p4b) ;
%simpbe(0.05,0.90,1.0,1.0,0.5,0.5,5000,10000,77081,6,7,9,10,p4c);
%simpbe(0.05,0.95,1.0,1.0,0.5,0.5,5000,10000,48673,5,6,8,9,p4d) ;

proc print;
run;

/t*“.‘t‘ttt“t*tt“#‘#‘“‘t#t‘ttt#.t““t“‘t#t
DRUG15A_IBE.SAS

This program does HSCI and GPV procedures

for the IBE/2S3P of Drug 15a (FDA bioequivalence website).
This is the example in Chapter 4, Section 3.4.
tt‘t‘#t‘ttt&ttt‘“t‘##“*.“t“t‘t"tt“‘#‘#““/

title ’Drug 15a/IBE’;

proc format;

value $tr ’A’= ’Test’

'B’= ’'Reference’;

run;

*input and transform data;
data drgilSa;

input SUB SEQ PERiod TRT $ AUC AUCINF Cmax;
la=log(auc);

cards;

1 21A1106.94 1202.9 59.9
4 3 1 A 347.98 422.54 30.4
531A698.06 . 17.1

8 2 1 A 1018.47 1313.37 61.2
9 21 A 306.72 469.78 20.06

12 31 A599.21 . 34.4

14 3 1 A 1407.79 1572.95 64.5
15 2 1 A 1280.25 1361.5 55
17 2 1 A 616.23 728.25 21.7
20 3 1 A 552.77 691.04 28.6
22 3 1 A 2097.65 2260.71 83.9
23 2 1 A 799.25 911.75 40.8
25 2 1 A 924.2 1169.2 35.9
28 3 1 A 972.39 1115.8 34.1
29 3 1A 419.84 . 19.4

32 2 1A 771.03 945.15 38.2
33 2 1 A 1325.16 1482.57 38.9
36 3 1 A 762.03 897.19 39.7
37 2 1 A 639.65 752.84 23.5
40 3 1 A 1354.86 1408.89 86.8
21 2 A 885.09 1008.28 49.7
34 2A424.88 . 37.9

6 4 2 A 535.15 602.41 36.7
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7 1 2 A 940.62 1100.05 36.3

10 1 2 A 780.57 900.29 26.3
11 4 2 A 90.57 142.87 14.4

13 4 2 A 1547.94 1664.23 73.9
16 1 2 A 974.45 1051.02 66

18 1 2 A 484.45 . 39.5

19 4 2 A 455.77 . 34.9

21 4 2 A 1493.88 1634.19 76.5
24 1 2 A 366.45 507.58 32.5
26 1 2 A 586.84 703.22 36.1
27 4 2 A 594.31 684.04 19.6
30 4 2 A 387.06 474.18 26.8
31 1 2 A 265.83 340.09 18

34 1 2 A 347.75 413.17 29.7
35 4 2 A 874 987.19 45.2

38 1 2 A 1222.18 . 61.3

39 4 2 A 1115.72 1267.88 28.8
2 13 A 886.29 1000.06 51.5

4 3 3 A 287.53 390.71 21.3
53 3 A 412.79 734.64 15.9

7 13 A 697.91 783.85 26

10 1 3 A 595.93 733.4 18

12 3 3 A 487.32 605.44 25.8
14 3 3 A 1534.55 1652.35 57.1
16 1 3 A 630.64 689.1 53

181 3 A 509.89 . 33.3

20 3 3 A 498.62 797.48 22.7
22 3 3 A 2317.14 2428.52 90.7
24 1 3 A 392.21 464.99 22

26 1 3 A 748.53 . 34.1

28 3 3 A 598.77 703.39 32

29 3 3 A 516.08 646.47 25.4
31 1 3 A 296.91 423.58 21.8
34 1 3 A 493.64 575.14 42

36 3 3 A 644.77 757.58 24.3
38 1 3 A 1090.89 1206.01 35.5
40 3 3 A 1242.51 1373.88 64

2 11 B 1059.96 1139.74 69

3 41 B 850.25 1052.56 45.3
6 41 B 465.81 545.11 27.6

7 11 B 653.84 804.39 32.4

10 1 1 B 804.72 1139.48 34.9
11 4 1 B 192.56 . 13.1

13 4 1 B 1508.07 1674.98 88.4
16 1 1 B 759.39 823.6 63.4

18 1 1 B 372.3 436.25 30.4

19 4 1 B 580.41 669.93 31.9
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21 4 1 B 1640.85 1821.26 51.2
24 1 1 B 131.75 167.44 26.2
26 1 1 B 480.88 605.3 28.5

27 4 1 B 627.77 744.34 22.7
30 4 1 B 383.13 430.21 29.8
31 1 1B 369.67 . 27.2

34 1 1B 424.16 463.96 54.4
35 4 1B 710.32 893.89 32.8
38 1 1B 1138.46 1272.11 80.3
39 4 1 B 1171.83 1331.54 46.7

2 B 1024.15 1263.21 47.4
2 B 254.24 362.69 16.1

2 B 1114.16 1191.76 61.6
2 B 1484.06 1822.64 50.7
2 B 569.68 649.36 31.66

O 00 N b =
NN WS

12 3 2 B 719.55 889.94 45.9
14 3 2 B 1459.8 1547.43 88.2
15 2 2 B 1128.02 1304.21 55.2
17 2 2 B 666.95 821.53 36.2
20 3 2 B 535.32 805.95 24.1
22 3 2 B 2485.93 2620.67 97.3
23 2 2 B 883.48 979.3 48.6
25 2 2 B 842.02 1005.35 29.9
28 3 2 B 1092.78 1369.75 50.8
29 3 2 B 422.41 573.86 22.9
32 2 2 B 795.97 971.09 37.4
33 2 2 B 1628.5 1762.04 71.8
36 3 2 B 737.82 884.44 54.4
37 2 2B 644.97 . 31.4

0 3 2B 1114.65 1239.1 67.4

247.03 . 11.9
1061.37 1165.1 57.8
424.78 . 37.6
1371.62 1489.25 54.3
548.73 849.72 28.19

- O 00 Wr b
NN AN
W wwwow
o wWwww

14 3B 253.92 . 20.7
13 4 3 B 1461.61 1576.15 77
15 2 3 B 1325.94 1439.3 76.3
17 2 3 B 473.69 633.78 27.6
19 4 3 B 410.86 574.26 24.7
21 4 3 B 1336.93 1484.17 52.3
23 2 3 B 727.74 913.9 42.3
25 2 3 B 762.28 1011.55 26.8
27 4 3 B 259.8 . 17.6
30 4 3 B 318.12 441.32 17.6
32 2 3B 737.7 859.5 37
33 2 3 B 1174.89 1351.98 50.4
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5 4 3 B 851.68 942 51
37 2 3 B 526.54 . 24.4
9 4 3 B 1120.5 1240.08 42.2

proc sort;

by seq sub;

run;

scompute summary statistics;

proc transpose data=drgiSa out=ti5a prefix=c;
var la;

id period;

by seq sub;

run;

data hw; set ti5a;
if seq=1 then do;
vi=(c2+c3)/2 - ci;
ul=(c2-c3)/sqrt(2);
end;

if seq=3 then do;
vi=(c1+c3)/2 - c2;
ul=(c1-c3)/sqrt(2);
end;

if seq=2 then do;
v2=c1-(c2+c3)/2;
u2=(c2-c3)/sqrt(2);
end;

if seq=4 then do;
v2=c2-(c1+c3)/2;
u2=(c1-c3)/sqrt(2);
end;

run;

proc univariate noprint;

var vl v2 ul u2;

by seq;

output out=st mean=il-i4 css=ssl-ss4;

run,

proc univariate noprint;

var il i2 ss1l-ss4;

output out=st2 sum=il i2 ssil ssi2 sswt sswr;
Tun;

data tt; set st2;
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nu=18;

k=sqrt(1/40) ;

d=(i1+i2)/4;

sig2il=ssil/nu;

sig2i2=ssi2/nu;

swr=sswr/nu;

nui=(sig2i1/(nu+2) + sig2i2/(nu+2))*+2/((sig2i1/(nu+2))**2/nu
+(51g2i2/(nu+2))**2/nu);

run;

scompute HSCI;

data ball; set tt;
mil=d«d+(sig2il+sig2i2)/2+0.25*sswt/nu~1.75*sswr/nu;
mi3=mil/max(swr,0.04);

s0=0.04;

etal0=(log(1.25)+%2+0.05)/s0;

e_il=sig2i1/2;

e_i2=5ig2i2/2;

e_d=d=d;

e_t=ssut/(4#*nu);

e_r=(-1.75-eta0*(swr gt 0.04))=*sswr/nu;
t=tinv(0.95,nui);

h_d=(abs(d) +t*kssqrt ((sig2il+sig2i2)/2))»*2;
qu=cinv(0.95,nu);

ql=cinv(0.05,nu);

h_il=nuse_il/ql;

h_i2=nuse_i2/ql;

h_t=nuse_t/ql;

h_r=nuse_r/qu;

u_d=(h_d-e_d)**2;

u_il=(h_il-e_il)»*=2;

u_i2=(h_i2-e_12)=2;

u_t=(h_t-e_t)»*2;

u_r=(h_r-e_r)**2;
h_mi3=e_d+e_il+e_i2+e_t+e_r-0.04setal*(sur le 0.04);
1_mi3=h_mi3+sqrt(u_d+u_il+u_i2+u_t+u_r);
run;

proc print data=ball;

run;

=compute GPV;

data call; set tt;

s0=0.04;
etal0=(log(1.25)+%2+0.05)/s0;
do i=1 to 50000;
z=normal(0);
ul=2srangam(0,nu/2);
u2=2srangam(0,nu/2);
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v=2srangam(0,nu/2) ;

w=2srangam(0,nu/2);

e_i=(ssil/ul + s8i2/u2)/2;

e_d=d-kszssqrt(e_i);

e_t=sswt/v;

e_r=ssvr/v;
piv=((e_d*e_d)+e_i+0.25%e_t~1.75%e_r)/(max(e_r,s0));
piva=((e_d*e_d)+ssil/ul-1.5%e_r)/(max(e_r,s0));
pivb=((e_d*e_d)+ssi2/u2+0.5%e_t-2%e_r)/(max(e_r,s0));
piv2=(e_dse_d)+e_i+0.25%e_t-1.75se_r-etal*max(e_r,s0);
pivd=e_i-0.75%e_t-0.75%e_r;

phi=(piv gt etal);

phi2=(piva gt etal);

phi3=(pivb gt etal);

psi=(pivd gt 0.04);

output;

end;

proc univariate;
var phi piv;
run;

/tt‘t“‘#t‘ttt‘tttt"ttt“‘tt‘#t“#tt“‘t‘tttt“
DRUG15A_PBE.SAS

This program does HSCI and GPV procedures

for the PBE/2S3P of Drug 15a (FDA bioequivalence website).
This is the example in Chapter 4, Section 3.4.
.tt.t.t.'ttttt‘ttt‘t"t#t..ttt‘ttttt“tt#“‘tt“/

title;

title ’'Drug 15a/PBE’;

proc format;

value $tr ’A’= ’Test’

'B’= ’Reference’;

run;

*input and transform data;
data drgilba;

input SUB SEQ PERiod TRT $ AUC AUCINF Cmax;
la=log(auc);

cards;

21 A 1106.94 1202.9 59.9
3 1 A 347.98 422.54 30.4
31A698.06 . 17.1

21 A 1018.47 1313.37 61.2
21A3

1
4
5
8
9 06.72 469.78 20.06

-

2 31A6599.21. 34.4
14 3 1 A 1407.79 1572.95 64.5
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15 2 1 A 1280.25 1361.5 55

17 2 1 A 616.23 728.25 21.7
20 3 1 A 552.77 €91.04 28.6
22 3 1 A 2097.65 2260.71 83.9
23 2 1 A 799.25 911.75 40.8
25 2 1 A 924.2 1169.2 35.9

28 3 1 A 972.39 1115.8 34.1
29 31 A 419.84 . 19.4

32 2 1 A 771.03 945.15 38.2
33 2 1 A 1325.16 1482.57 38.9
36 3 1 A 762.03 897.19 39.7
37 2 1 A 639.65 752.84 23.5
40 3 1 A 1354.86 1408.89 86.8
212 A 885.09 1008.28 49.7
34 2A424.88 . 37.9

6 4 2 A 535.15 602.41 36.7

7 12 A 940.62 1100.05 36.3
10 1 2 A 780.57 900.29 26.3
11 4 2 A 90.57 142.87 14.4

13 4 2 A 1547.94 1664.23 73.9
16 1 2 A 974.45 1051.02 66

18 1 2 A 484.45 . 39.5

19 4 2 A 455.77 . 34.9

21 4 2 A 1493.88 1634.19 76.5
24 1 2 A 366.45 507.58 32.5
26 1 2 A 586.84 703.22 36.1
27 4 2 A 594.31 684.04 19.6
30 4 2 A 387.06 474.18 26.8
311 2 A 265.83 340.09 18

34 1 2 A 347.75 413.17 29.7
35 4 2 A 874 987.19 45.2

38 1 2 A 1222.18 . 61.3

39 4 2 A 1115.72 1267.88 28.8
2 13 A 886.29 1000.06 51.5

4 3 3 A 287.53 390.71 21.3
53 3 A 412.79 734.64 15.9

7 13 A 697.91 783.85 26

10 1 3 A 595.93 733.4 18

12 3 3 A 487.32 605.44 25.8
14 3 3 A 1534.55 1652.35 57.1
16 1 3 A 630.64 689.1 53

18 1 3 A 509.89 . 33.3

20 3 3 A 498.62 797.48 22.7
22 3 3 A 2317.14 2428.52 90.7
24 1 3 A 392.21 464.99 22

26 1 3 A 748.53 . 34.1

28 3 3 A 598.77 703.39 32
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29 3 3 A 516.08 646.47 25.4
31 1 3 A 296.91 423.58 21.8
34 1 3 A 493.64 575.14 42

36 3 3 A 644.77 757.58 24.3
38 1 3 A 1090.89 1206.01 35.5
40 3 3 A 1242.51 1373.88 64
21 1B 1059.96 1139.74 69

3 41 B 850.25 1052.56 45.3

6 4 1B 465.81 545.11 27.6

7 1 1B 653.84 804.39 32.4

10 1 1 B 804.72 1139.48 34.9
11 4 1 B 192.56 . 13.1

13 4 1 B 1508.07 1674.98 88.4
16 1 1 B 759.39 823.6 63.4

18 1 1 B 372.3 436.25 30.4

19 4 1 B 580.41 669.93 31.9
21 4 1 B 1640.85 1821.26 51.2
24 1 1 B 131.75 167.44 26.2
26 1 1 B 480.88 605.3 28.5

27 4 1 B 627.77 744.34 22.7
30 4 1 B 383.13 430.21 29.8
311 1B 369.67 . 27.2

34 1 1 B 424.16 463.96 54.4
35 4 1 B 710.32 893.89 32.8
38 1 1B 1138.46 1272.11 80.3
39 4 1 B 1171.83 1331.54 46.7
1 2 2B 1024.15 1263.21 47.4
4 3 2 B 254.24 362.69 16.1
53 2B 1114.16 1191.76 61.6
8 2 2 B 1484.06 1822.64 50.7
9 2 2 B 569.68 649.36 31.66

12 3 2 B 719.55 889.94 45.9
14 3 2 B 1459.8 1547.43 88.2
15 2 2 B 1128.02 1304.21 55.2
17 2 2 B 666.95 821.53 36.2
20 3 2 B §35.32 805.95 24.1
22 3 2 B 2485.93 2620.67 97.3
23 2 2 B 883.48 979.3 48.6

25 2 2 B 842.02 1005.35 29.9
28 3 2 B 1092.78 1369.75 50.8
29 3 2 B 422.41 573.86 22.9
32 2 2 B 795.97 971.09 37.4
33 2 2 B 1628.5 1762.04 71.8
36 3 2 B 737.82 884.44 54.4
37 2 2 B 644.97 . 31.4

40 3 2 B 1114.65 1239.1 67.4

1238B 247.03 . 11.9
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3 4 3B 1061.37 1165.1 57.8
6 4 3B 424.78 . 37.6

8 2 3 B 1371.62 1489.25 54.3
9 2 3 B 548.73 849.72 28.19
11 4 3 B 2563.92 . 20.7

13 4 3 B 1461.61 1576.15 77
15 2 3 B 1325.94 1439.3 76.3
17 2 3 B 473.69 633.78 27.6
19 4 3 B 410.86 574.26 24.7
21 4 3 B 1336.93 1484.17 52.3
23 2 3 B 727.74 913.9 42.3
25 2 3 B 762.28 1011.55 26.8
27 4 3 B 259.8 . 17.6

30 4 3 B 318.12 441.32 17.6
32 2 3 B 737.7 859.5 37

33 2 3 B 1174.89 1351.98 50.4
35 4 3 B 851.68 942 51

37 2 3 B 526.54 . 24.4

39 4 3 B 1120.5 1240.08 42.2
run;

proc sort;

by seq sub;

run,;

*compute summary statistics;

proc transpose data=zdrglSa out=ti15a prefix=c;
var la;

id period;

by seq sub;

run;

data hw; set tl5a;
if seq=1 then do;
vt1=(c2+c3)/2;
vri=cl;
uwt=(c2-c3)/sqrt(2);
end;

if seq=3 then do;
vti=(c1+c3)/2;
vri=c2;
uwt=(c1-c3)/sqrt(2);
end;

if seq=2 then do;
vt2=cl;
vr2=(c2+c3)/2;
uwr=(c2-c3)/sqrt(2);
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end;

if seq=4 then do;
vt2=c2;
vr2=(cl1+c3)/2;
uwr=(c1-c3)/sqrt(2);
end;

il=vti-vri;
i2=vt2-vr2;

run;

proc univariate noprint;

var il i2 vtl vrl vt2 vr2 uwt uwr;
by seq;

output out=st mean=i1-i8 css=ss1-ss8;
run;

data xpl; merge hw(in=a) st;
vhere seq in (1,3);

by seq;

if a;

if first.seq then sxpl1=0;
xp=(vt1-i3) = (vri-i4);
sxpl=sxpl+xp;

retain sxpl;

if last.seq then output;
run;

data xp2; merge hw(in=a) st;
vhere seq in (2,4);

by seq;

if a;

if first.seq then sxp2=0;
xp=(vt2-iS) » (vr2-i6);
Sxp2=sxp2+xp;

retain sxp2;

if last.seq then output;
run;

data xp; merge xpl xp2;
by seq;
run;

proc univariate noprint;

var il i2 ss1-ss8 sxpl sxp2;

output out=st2 sum=il i2 ssil ssi2 sstl ssrl sst2 ssr2 sswt sswr sstrl sstr2;
run;

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



222

data tt; set st2;

nu=18;

k=sqrt(1/40);

d=(i1+i2)/4;

sig2il=gsil/nu;

sig2i2=sgsi2/nu;

bl=sstril/sstl;

b2=sstr2/sst2;
ssrtl=ssril-sstrissstri/ssti;
ssrt2=ssr2-sstr2+sstr2/sst?2;
sr=0.5%(ssr1/nu+ssr2/nu+sswr/(2*nu) ) ;
nui=(sig2i1/(nu+2) + sig2i2/(nu+2))=+2/((sig2i1/(nu+2))**2/ny
+(sig2i2/(nu+2))*»*2/nu);

run;

scompute HSCI;

data ball; set tt;

mil=d*d+0.5+(sst1/nu + sst2/nu + 0.S5*sswt/nu)-sr;
mi3=mil/max(sr,0.04);

s0=0.04;

eta0=(log(1.25)*=2+0.02)/s0;

e_d=d=d;

e_til=sst1/(2+nu);

e_t2=sst2/(2snu);

e_wt=sswt/(4*nu);
e_rl=-(0.5+etal)*ssri/nu;
e_r2=-(0.5+etal)#*ssr2/nu;
e_wr=-(0.25+etal)*sswr/nu;
t=tinv(0.95,nui);
h_d=(abs(d)+tsk*sqrt((sigil+sig2i2)/2))»»2;
qu=cinv(0.95,nu);

ql=cinv(0.05,nu);

h_tl=nu=*e_t1/ql;

h_t2=nu*e_t2/ql;

h_wt=nu=*e_wt/ql;

h_ri=nuse_rl/qu;

h_r2=nu=*e_r2/qu;

h_wr=nuse_wr/qu;

u_d=(h_d-e_d)»=2;

u_ti=(h_til-e_tl)==2;
u_t2=(h_t2-e_t2)»*2;
u_wt=(h_ut-e_ut)*=»2;
u_ri=(h_ri-e_ril)=*2;
u_r2=(h_r2-e_r2)s=2;
u_wr=(h_wr-e_wr)ss2;
h_mi3=e_d+e_tli+e_t2+e_wt+e_ri+e_r2+e_wr;
1_mi3=h_mi3+sqrt(u_d+u_til+u_t2+u_wt+u_ri+u_r2+u_vr);
run;
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proc print data=ball;

run;

scompute GPV;

data call; set tt;

s0=0.04;

etal=(log(1.25)**2+0.02)/s0;

do i=1 to 250000;

z=normal(0);

zbl=normal (0) ;

zb2=normal (0) ;

uti=2»rangam(0,nu/2);

ut2=2srangam(0,nu/2);

uri=2srangam(0, (nu-1)/2);

ur2=2srangam(0, (nu-1)/2);

wt=2srangam(0,nu/2);

wr=2«rangam(0,nu/2);
bel=bil-zblssqrt(ssrt1/(urissstl));

be2=b2-2zb2*sqrt (ssrt2/(ur2ssst2));
t_d=(ssti=(1-bel)*=*2 + ssrt1/url + sst2=(1-be2)**2 + ssrt2/ur2)/20;
e_d=d-ksz*sqrt(t_d);

e_t=sstl/utl + sst2/ut2 + sswt/(2=wt);
e_r=(sstl/utl)+belxbel + ssrti/url + (sst2/ut2)=be2*be2 + ssrt2/ur?2
+sswr/(2swr) ;
piv=((e_d*e_d)+0.5%e_t-0.5%e_r)/(max(0.5%e_r,s0));
phi=(piv gt etal);

output;

end;

proc univariate;
var phi piv;
run;

/“‘ttt“‘t“‘““tt“‘tt‘.##“t#““‘tt#*ttttt#
MPH_IBE3.SAS
This program does HSCI and GPV procedures
for the IBE/3S3P of methylphenidate meta-data
(adapted from Meyer et al 2000).
This is the example in Chapter 4, Section 3.8.
tt“tttt.tt“tt““‘ttt‘tttt.“‘#“tt““t“‘t“/
options ps=66 1s=120 nodate nonumber;
title ’Ritalin data/PBE’;
*libname mi3 ’j:\mi3’;
run;
*input data from Excel file provided by Meyer and Straughn;
PROC IMPORT OUT= WORK.mph

DATAFILE= "J:\mi3\MPH.xls"
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DBMS=EXCEL2000 REPLACE;
GETNAMES=YES;

RUN;

stransform and redefine the meta-data;

proc transpose data=mph out=tm prefix=c;

var auc;

id week;

by sequence subject;

run;

scompute preliminary and summary statistics;

data hwb5; set tm;

lal = log(cl);

la2 = log(c2);

la3 = log(c3);

lag = log(c4);

if sequence=3 then delete;

if sequence=1 then do;
i=la3-(lal+la2)/2;
vr=(lal-la2)/sqrt(2);
end;

if sequence=4 then do;
i=lal1-(la2+1a3)/2;
vr=(la2-1a3)/sqrt(2);
end;

if sequence=2 then do;
i=la2-(lai+la4)/2;
vr=(lal-la4)/sqrt(2);
end;

run;

proc sort data=hw5;
by sequence;

proc univariate data<=hwS noprint;
var i vr;

output out=st mean=il-i2 css=s1-s2;
by sequence;

run;

proc univariate noprint;

var il s1-s2;

output out=st2 sum=i ssi sswr;
run;

data st2; set st2;

mur=ssur/12;
mi=ssi/12;
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d=i/3;

run,

=compute HSCI;

data ball; set st2;

s_0=0.04;

etal0=((log(1.25))**2 + 0.05)/s_0;
e_d=d=d;

e_1=mi;

e_3=-3*mur/2;
e_3r=-(1.5+etal)*mur;
t=tinv(0.95,12);
h_d=(abs(d)+t*sqrt(0.6*mi)/3)*»*2;
qu=cinv(0.95,12);
ql=cinv(0.05,12);

h_1=12#e_1/ql;

h_3=12#e_3/qu;

h_3r=12se_3r/qu;
u_d=(h_d-e_d)*»2;
u_l1=(h_1-e_1)*s2;
u_3=(h_3-e_3)**2;
u_3r=(h_3r-e_3r)=**2;
mi3=(e_d+e_1+e_3)/s_0;
mi3b=(e_d+e_1+e_3)/mwr;
lmi3=e_d+e_l+e_3-etal=»s_0;
h_mi3c=1mi3+sqrt(u_d+u_1+u_3);
mi3r=(e_d+e_1)/mwr-1.5;
1lmi3r=e_d+e_1+e_3r;
h_mi3r=1mi3r+sqrt(u_d+u_1+u_3r);
run;

proc print data=ball;

run;

=compute GPV;

data call; set st2;

nu=12;

k=8qrt(0.6/9);

s_0=0.04;

eta0=((log(1.25))**2 + 0.05)/s_0;
do j=1 to 50000;

z=normal(0);

ui=2»rangam(0,nu/2);
ur=2»rangam(0,nu/2);
sig2ur=sswr/ur;
sigi=sqrt(ssi/ui);
delta=d-k*sigi*z;
gpvmid=(delta*delta+sigissigi-3*sig2wr/2) /max(sig2wr,s_0);
psi=(gpvmi3 gt etal);
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output;
end;
run;

proc univariate;
var psi gpvmi3;
run;

/tt‘t‘t‘t‘ttttt‘t‘ttt“t‘ttt#t*tttt‘*tttt

MPH_PBE3.SAS

This program does HSCI and GPV procedures for the PBE/3S3P

of men (Meyer et al 2000).

This is Example 1 in Chapter 4, Section 5.1.

tt“‘tt‘tttttttttttt“‘###‘#“t““tttt"/

options ps=64 1s=120 nodate nonumber;

title ’'Ritalin data/PBE’;

run;

sinput Excel data file provided by Meyer and Straughn;

PROC IMPORT QUT= WORK.mph
DATAFILE= "c:\my documents\my sas files\mph.xls"
DBMS=EXCEL2000 REPLACE;

GETNAMES=YES ;
RUN;

proc transpose data=mph out=tm prefix=c;
var auc; ssxsselect parameter AUC/Cmax;
id week;
by sequence subject;
run;
screate meta-data set and preliminary statistics;
data hwS; set tm;
lal = log(cl);
la2 = log(c2);
la3 = log(c3);
lad = log(c4);
if sequence=3 then delete;
if sequence=1 then do;
ur=(lal+la2)/2;
ut=1la3;
vr=(lal-la2)/sqrt(2);
end;
if sequence=4 then do;
ut=lal;
ur=(la2+la3)/2;
vr=(la2-1la3)/sqrt(2);
end;
if sequence=2 then do;
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ut=la2;
ur=(lai+la4)/2;
vr=(lal-la4)/sqrt(2);
end;
i=ut-ur;
run;
*compute summary statistics;
proc glm data=hw5 outstat=tx(where=(_type_=’ERROR’));
class sequence;
model ur=sequence ut / solution;
run;
quit;

proc sort data=hwS;
by sequence;

proc univariate data=hwS noprint;
var ut ur vr i;

output out=st mean=il-i4 css=sl-s4;
by sequence;

run;

data xp; merge hwS(in=a) st;
by sequence;

if a;

if first.sequence then sxp=0;
xp=(ut-il1)*(ur-i2);
SXp=SXp+xp;

retain sxp;

if last.sequence then output;
run;

proc univariate noprint;

var i4 sl-s4 sxp;

output out=st2 sum=i sst Ssr sswr ssi ssl2;
run;

data st2; set st2;
mut=sst/12;
mur=ssr/12;
mur=sswr/12;
mi=ssi/12;
=ss12/sst;

d=i/3;

run;

*Compute HSCI;
data ball; set st2;
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s_0=0.04;

eta0=((log(1.25))**2 + 0.02)/s_0;
e_d=d=d;

e_l=mut;

e_3=-(1+etal)*mur;
e_4=-(0.5+etal) *mur;
t=tinv(0.95,12);
h_d=(abs(d)+t»sqrt(0.6*mi)/3)*2;
qu=cinv(0.95,12);
ql=cinv(0.05,12);

h_1=12%e_1/ql;

h_3=12%e_3/qu;

h_4=12%*e_4/qu;

u_d=(h_d-e_d)==2;
u_1=(h_l-e_1)=»2;
u_3=(h_3-e_3)*=2;
u_4=(h_4-e_4)*=*2;
mp3=(e_d+e_l-mur-mwr/2)/(mur+mwr/2);
lmp3=e_d+e_l+e_3+e_4;
h_mp3=1mp3+sqrt(u_d+u_1i+u_3+u_4);
run;

proc print data=ball;

run;

=compute GPV;

data call; merge st2 tx;

nu=12;

k=sqrt(0.6/12);

ss2onl=ss;

s_0=0.04;

etal=((log(1.25))**2 + 0.02)/s_0;
do j=1 to 100000;

2=normal (0);

z12=normal(0);
ul=2srangam(0,nu/2);
u2=2+rangam(0, (nu-1)/2);
ur=2srangam(0,nu/2) ;
sig2ur=sswr/ur;

sigsql=sst/ul;
lambdasq2=ss2on1/u2;
beta=b-z12ssqrt (lambdasq2/sst) ;
sigi=sqrt(sigsql*(beta-1)**2 + lambdasq2);
delta=d-k*sigisz;
sigsq2=lambdasq2+betasbeta»sigsql;
gpvmp3=(delta*delta+sigsql-sigsq2-sig2wr/2) /max(sigsq2+sig2wr/2,s_0);
psi=(gpvmp3 gt etal);

output;
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end;
run;

proc univariate;
var psi gpvmp3;
run;

/t“‘t““‘ti‘t##ttt#““tt‘tttttttttt#t*“‘
SIMIBED3.SAS

This program does the test size simulations
for IBE/2S3P.

Chapter 4, Section 4.1, Table 2.
‘t"tt“““#l#tt"#t“‘t‘t#‘t‘*t“““t“t/
options ps364 1s=120 nodate nonumber nomprint;
libname mi3 ’c:\My Documents\My SAS Files\V8’;
sibname mi3 ’j:\mi3’;

title ’Simulation for PBE/3Pd’;

run;

Jmacro simibe(del,sd,swt,swr,nsim,ngp,seed,ds);

title2 "delta=fdel, sigma_d=&sd sigma_wt=&swt sigma_wr=&swr";
screate simulation data sets;

data sim;

s»xxsInput model parameter valuesss#*=;
sigd=&sd;

sigwtskswt;

sigwr=&swr;

delta=&del;

ss»sCalculate needed parameter valuesssss;
sig2wt=sigwt*sigut;

sig2ur=sigwrssigur;
sig2il=sigd*sigd+sig2wt+sig2ur/2;
sig2i2=sigdssigd+sig2wt/2+siglwr;
mi3=(delta*delta+sigd*sigd+sig2wt-sig2wr) /max(sig2wr,0.04);
call symput(’MI3’,mi3);

ss*»sCompute simulated valuess*sxs;

junk=int (100000*ranuni (&seed)) ;

do n=12,18,24;

nu=n-1;

k=1/sqrt(2+n);

do j=1 to &nsim;

z=normal(0) ;

i1=2srangam(0,nu/2);

i2=2srangam(0,nu/2);

v=2srangam(0,nu/2);

w=2srangam(0,nu/2) ;
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d=delta+k*sqrt(sig2il+sig2i2)»z;
Sswt=sig2wtsv;

sSswr=sig2ursv;

ssil=sig2ilsil;

Ssi2=8ig2i2%i2;

keep n j nu d ssil ssi2 sswt sswr k mi3;
output;

end;

end;

run;

/=

proc univariate;

var d ssi sswt sswr;

by n;

run;

74

«sssCompute HSCI®*xxs;

data ball; set sim;

s_0=0.04;

etal0=((log(1.25))**2 + 0.05)/s_0;
s2wr=sswr/nu;

m_il=ssil/nu;

m_i2=ssi2/nu;

e_d=d»d;

e_1=m_1i1/2;

e_2=m_i2/2;

e_t=sswt/(4*nu);
e_r=-(1.75+eta0*(s2wr gt s_0))*s2ur;
nua=(m_il/n+m_1i2/n)**2/(((m_i1/n)**2/nu)+((m_i2/n)**2/nu));
t=tinv(0.95,nua);

h_d=(abs(d) +t*k*sqrt(m_il+m_i2) ) ==»2;
qu=cinv(0.95,nu) ;

ql=cinv(0.05,nu);

h_il=nu*e_1/ql;

h_i2=nu*e_2/ql;

h_t=nu*e_t/ql;

h_r=nu*e_r/qu;

u_d=(h_d-e_d)==*2;
u_il=(h_il-e_1)**2;
u_i2=(h_i2-e_2)*»2;
u_t=(h_t-e_t)**2;

u_r=(h_r-e_r)»»2;
h_mi3=(e_d+e_1+e_2+e_t+e_r-etal=s_O=(s2uwr le s_0))
+sqrt(u_d+u_il+u_i2+u_t+u_r);
phi=(h_mi3 1t 0);

*keep n j phi h_mi3 nua t;

run;
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proc univariate data=ball noprint;
var phi nua;

by n;

output out=h3 mean=hsci;

run;

ssssCompute GPVssss;

data call; set sim;

s_0=0.04;
eta0=((log(1.25))«*2 + 0.05)/s_0;
xi=0;

do j=1 to kngp;

z=normal(0);
ul=2=*rangam(0,nu/2);
u2=2s*rangam(0,nu/2);
v=2srangam(0,nu/2);
w=2*rangam(0,nu/2);
sig2ut=sswt/v;

sig2ur=sswr/w;

sig2il=ssil/ul;

8ig2i2=s5i2/u?2;
delta=d-k*sqrt(sig2il+sig2i2)sz;
gpvmi3=(deltasdelta+(sig2il+sig2i2)/2+sig2wt/4-1.75+8ig2wr) /max(sig2wr,s_0);
xi=xi+(gpvmi3 gt etal);

end;

p=xi/&ngp;

psiOS=(p 1t 0.05);

Tun;

proc univariate data=call noprint;
var psiO5;

output out=gpv mean=gpv;
by n;

run;

smerge results;

data tests; merge h3 gpv;
length test $ 5;

by n;

delta=&del;

sigma_d=&sd;
sigma_wt=&swt;
sigma_wr=&swr;
test="&ds";

mi3=gmi3;

run;

proc print data=tests;

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



run;

232

proc append base=mi3.testsid3 data=tests;

run;
%mend;

%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0
%simibe (0.
%simibe (0
%simibe (0
fsimibe (0
%simibe (0.
%simibe (0.
%simibe (0
%simibe (0
ssimibe (0
%simibe (0
%simibe (0.
%simibe (0
s*simibe (0.
%simibe (0
%simibe (0
%simibe (0
*simibe (O
%simibe (0
%simibe (0.
%simibe (0.
*simibe (0.
%simibe (0
%simibe (0
%simibe (0
ssimibe (0

315742,0.01,0.15,0.15,5000,10000,84431,i1a);
299655,0.1,0.15,0.15,5000,10000,79087,i1b) ;
278016,0.15,0.15,0.15,5000,10000,71089,1i1c) ;

.315742,0.01,0.20,0.20,5000,10000,38693,12a) ;

299655,0.1,0.20,0.20,5000,10000,90617,1i2b) ;
278016,0.15,0.20,0.20,5000,10000,26627 ,i2¢) ;
363148,0.01,0.23,0.23,5000,10000,19157,i3a);
349251,0.1,0.23,0.23,5000,10000,35393,13b) ;
330872,0.15,0.23,0.23,5000,10000,53507,13c) ;

.4737450264747,0.01,0.3,0.3,5000,10000,56401,i4a) ;

4631785294133,0.1,0.3,0.3,5000,10000,97931,14b) ;

.4494823134557,0.15,0.3,0.3,5000,10000,90053,14¢) ;
.7896876142387,0.01,0.5,0.5,5000,10000,88211,i5a) ;
.7833942354153,0.1,0.5,0.5,5000,10000,31123,i5b) ;

775375088639,0.15,0.5,0.5,5000,10000,36931,1i5¢) ;
05,0.01,0.345966826,0.15,5000,10000,49787,i6a) ;

.05,0.1,0.331350335,0.15,5000,10000,50909,i6b) ;
.05,0.15,0.31191833,0.15,5000,10000,51973,i6¢) ;
.05,0.2,0.2824766264545,0.15,5000,10000,34141,i6d) ;
.05,0.01,0.370395794,0.20,5000,10000,53117,i7a) ;

05,0.1,0.356781508,0.20,5000,10000,54277,1i7b) ;

.05,0.15,0.338811223,0.20,5000,10000,55373,i7c) ;

05,0.2,0.31191833,0.20,5000,10000,36299,i74) ;

.05,0.01,0.426938288,0.23,5000,10000,56479,i8a) ;
.05,0.1,0.415182261,0.23,5000,10000,57503,18b) ;
.05,0.15,0.399845347,0.23,5000,10000,58601,i8¢c) ;
.05,0.2,0.3773278433,0.23,5000,10000,38501,i8d) ;
.05,0.01,0.558510833,0.3,5000,10000,59671,i9a) ;

05,0.1,0.549576519,0.3,5000,10000,60887,1i9b) ;
05,0.15,0.538083962,0.3,5000,10000,62039,1i9¢) ;
05,0.2,0.52156912304,0.3,5000,10000,43577,19d) ;

.05,0.01,0.933330878,0.5,5000,10000,65449,110a) ;
.05,0.1,0.928012138,0.5,5000,10000,66587,1i10b) ;
.05,0.15,0.921252695,0.5,5000,10000,68711,i10c) ;
.05,0.2,0.9117052857596,0.5,5000,10000,48131,i10d) ;

proc print data=mi3.testsid3;

title2;
run;
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/ttttttttt“‘tt“tttttttt‘tttt‘t#t.ttttt‘tt‘
SIMIBED_P.SAS

This program does the power/sample size simulations
for IBE/2S3P.

Chapter 4, Section 4.2, Table 3.
t“ttt‘“t‘“t‘tt.‘t“.‘t““tt.t‘ttt“ttt‘/
options ps=64 1s=120 nodate nonumber nomprint;
libname mi3 ’c:\My Documents\My SAS Files\V8’;
sibname mi3 ’j:\mi3’;

title ’Simulation for PBE/3Pd’;

Tun;

“macro simibe(del,sd,swt,swr,nsim,ngp,ni,n2,seed,ds);

title2 "delta=&del, sigma_d=&sd sigma_wt=&swt sigma_wr=&swr";
screate simulation data sets;

data sim;

s»ssInput model parameter values»=sx;
sigd=&sd;

siguwt=kswt;

sigwr=gsvr;

delta=&del;

=x»sCalculate needed parameter valuesssss;
sig2wt=sigut*sigut;

sigurssigurssigur;
sig2ilssigdssigd+sig2ut+sigwr/2;
sig2i2=sigdssigd+sig2uwt/2+sigvr;
mi3=(delta*delta+sigdssigd+sig2wt-sig2wr) /max(sig2wr,0.04);
call symput(’MI3’,mi3);

s+*»s=Compute simulated valuessss*»;
junk=int (100000*ranuni (&seed)) ;

do n=&n1 to &n2;

nu=n-1;

k=1/sqrt(2=*n);

do j=1 to &nsim;

z=normal(0);

il=2srangam(0,nu/2);
i2=2*rangam(0,nu/2);

va2srangam(0,nu/2) ;

w=2srangam(0,nu/2);
d=delta+kssqrt(sigil+sig2i2)sz;
sswt=sig2wtsv;

Sswr=sig2vrswv;

ssil=gig2ilsil;

S5i2=5ig2i2+i2;

keep n j nu d ssil 8si2 sswt sswr k mi3;
output;
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end;

end;

run;

/=

proc univariate;

var d ssi sswt sswr;

by n;

run,

=/

=ssxCompute HSCI#*xx;

data ball; set sim;

s_0=0.04;

eta0=((log(1.25))**2 + 0.05)/s_0;
s2wr=sswr/nu;

m_il=ssil/nu;

m_i2=ssi2/nu;

e_d=d=d;

e_1=m_i1/2;

e_2=m_1i2/2;

e_t=sswt/(4*nu) ;
e_r=-(1.75+eta0*(s2wr gt s_0))*s2ur;
nua=(m_il/n+m_i2/n)*=2/(((m_i1/n)**2/nu)+((m_i2/n)**2/nu));
t=tinv(0.95,nua) ;
h_d=(abs(d)+t*ks*sqrt(m_il+m_i2) ) =»2;
qu=cinv(0.95,nu) ;

ql=cinv(0.05,nu);

h_il=nu*e_1/ql;

h_i2=nu*e_2/ql;

h_t=nu*e_t/ql;

h_r=nu*e_r/qu;

u_d=(h_d-e_d)=»2;
u_il=(h_il-e_1)*=2;
u_i2=(h_i2-e_2)**2;
u_t=(h_t-e_t)*=2;

u_r=(h_r-e_r)»=»2;
h_mi3=(e_d+e_1l+e_2+e_t+e_r-etalss_0s(s2wr le s_0))
+sqrt(u_d+u_il+u_i2+u_t+u_r);
phi=(h_mi3 1t 0);

skeep n j phi h_mi3 nua t;

run;

proc univariate data=ball noprint;
var phi nua;

by n;

output out=h3 mean=hsci;

run;

sxssCompute GPVsssxs;
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data call; set sim;

s_0=0.04;

eta0=((log(1.25))**2 + 0.05)/s8_0;
xi=0;

do j=*1 to &ngp;

z=normal(0);
ul=2*rangam(0,nu/2);
u2=2srangam(0,nu/2);
v=2srangam(0,nu/2);
w=2*rangam(0,nu/2);
sig2wt=sswt/v;

sig2wr=sswr/v;

sig2il=ssil/ul;

sig2i2=ssi2/u2;
delta=d-kesqrt(sig2il+sig2i2)»z;
gpvmi3=(deltasdelta+(sig2il+sig2i2)/2+sig2wt/4-1.75+sig2wr) /max(sig2wr,s_0);
xi=xi+(gpvmi3 gt etal);

end;

p=xi/kngp;

psi0S=(p 1t 0.05);

un;

proc univariate data=call noprint;
var psiO5;

output out=gpv mean=gpv;
by n;

run;

smerge results;

data tests; merge h3 gpv;
length test $ 5;

by n;

delta=&del;

sigma_d=&sd;
sigma_wt=&sut;
sigma_wr=&swr;

test="&ds";
mi3=&mi3;
run;

proc print data=tests;
run;

proc append base=mi3.testsid3_p data=tests;
run;

/mend;
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%simibe(0.05,0.01,0.15,0.15,5000,10000,8,10,65479,pla) ;
%simibe(0.05,0.1,0.15,0.15,5000,10000,11,14,47041,p1b);
%simibe(0.05,0.15,0.15,0.15,5000,10000,17,20,45823,plc) ;
%simibe(0.05,0.01,0.20,0.20,5000,10000,15,17,54001,p2a) ;
%#simibe(0.05,0.1,0.20,0.20,5000,10000,21,24,28031,p2b) ;
%simibe(0.05,0.15,0.20,0.20,5000,10000,29,33,18503,p2¢c) ;
%simibe(0.05,0.01,0.23,0.23,5000,10000,21,25,54577,p3a) ;
%simibe(0.05,0.1,0.23,0.23,5000,10000,28,31,33893,p3b) ;
%simibe(0.05,0.15,0.23,0.23,5000,10000,41,44,79087,p3c) ;
%simibe(0.05,0.01,0.3,0.3,5000,10000,28,31,47939,p4a) ;
%simibe(0.05,0.1,0.3,0.3,5000,10000,31,35,41243,p4b) ;
%simibe(0.05,0.15,0.3,0.3,5000,10000,36,41,86453,p4c) ;
%simibe(0.05,0.01,0.5,0.5,5000,10000,27,31,26701,p5a) ;
%4simibe(0.05,0.1,0.5,0.5,5000,10000,28,32,23227,p5b) ;
%simive(0.05,0.15,0.5,0.5,5000,10000,30,35,53551,p5¢c) ;

proc print data=mi3.testsid3_p;
title2;
run;

/‘“‘l‘#“‘t‘t.“““‘t‘*t‘ttt““‘t‘#“t“t‘
SIMPBED3.SAS

This program does the test size simulations
for PBE/2S3P.

Chapter 4, Section 4.3, Table 4.
“#“t"."“““““t‘#!#*“““#ttt“t“‘/
options ps=64 1ls=120 nodate nonumber nomprint;
title ’Simulation data’;

libname mi3 ’c:\My Documents\My SAS Files\V8’;
*ibname mi3 ’j:\mi3’;

title ’Simulation for PBE/Design A’;

run;

%macro simpbe(del,r,sbt,sbr,swt,svr,nsim,ngp,seed,ds);

title2 "delta=&del, rho=&r, sigma_bt=&sbt
sigma_br=&sbr sigma_wt=&swt sigma_wr=&swr";
run;

screate simulation data sets;

data sim;

sxsxInput model parameter valuess»#*s;
sigbt=&sbt;

sigbr=&sbr;

sigut=&swt;

sigwrsksvr;

delta=&del;

rho=&r;
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#s»»Calculate needed parameter valuegsss»s;
sig2br=sigbr*sigbr;
sig2bt=sigbt*sigbt;
sig2ur=sigurssigur;
siglwt=giguwtssigut;
sigsqril=sigbrssigbr+sigurssigwr;
sigsqti=sig2bt+sigwt/2;
sigsqt2=sigbt*sigbt+siguwt*sigwt;
sigsqr2=sig2br+sigwr/2;
sigl2=rho*sigbt*sigbr;
betal=sigl2/sigsqtil;
beta2=sig12/sigsqt2;
sigil=sqrt(sigsqtl+sigsqri-2#sigl2);
sigi2=sqrt(sigsqt2+sigsqr2-2+sigl2);
lambdasql=sigsqril-sigl2ssig12/sigsqtl;
lambdal=sqrt(lambdasql);
lambdasq2=sigsqr2-sigl2»*sigl12/sigsqt2;
lambda2=sqrt(lambdasq2) ;
mp3=(deltasdelta+sig2bt+sig2ut-sig2br-sig2wr)/max(sig2br+sig2ur,0.04);
call symput(’MP3’,mp3);

«+*+Compute simulated values»*s*s;
junk=int (100000*ranuni (&seed)) ;

do n=12,18,24;

nu=n-1;

do i=1 to &nsim;

z=normal(0) ;

ut1=2*rangam(0,nu/2);

url=2*rangam(0, (nu-1)/2);
uwt=2»rangam(0,nu/2);

z12=normal(0) ;
d=delta+z*(sigil+sigi2)/(2*n);
sswt=sigwtsuwt;

sstl=sigsqtlisutl;
ssrontli=lambdasql=url;
bi=betal+z12slambdal/sqrt(sstl);
ssrl=blsblsssti+ssronti;
sig2il=(ssrontl+sst1*(1-b1)*(1-b1))/nu;
ut2=2srangam(0,nu/2);

ur2=2srangam(0, (nu-1)/2);
uwr=2»*rangam(0,nu/2);

z122=normal (0) ;

SSWr=sig2wr*uwr;

sst2=gigsqt2sut?2;
ssront2=lambdasq2#*ur?;
b2=beta2+z122+*1lambda2/sqrt(sst2);
ssr2=b2sb2+sst1+ssront2;
sig2i2=(ssront2+sst2#(1-b2)*(1-b2))/nu;
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output;

end;

end;

run;

sxssCompute HSCIs#ss;

data ball; set sim;

s_0=0.04;

eta0=((log(1.25))**2 + 0.02)/s_0;

e_d=d=d;

nuc=(((sig2i1+sig2i2)/n)*»*»2)/((8igil*»2 + sig2i2«*2)/(n*n*(n-1)));
t=tinv(0.95,nuc);
h_d=(abs(d)+t*sqrt((sig2il+s8ig2i2)/n)/2)s*2;
qu=cinv(0.95,nu);

ql=cinv(0.05,nu);

u_d=(h_d-e_d)=»»2;

u_tl=(sst1#(1/ql - 1/nu)/2)*»2;

u_t2=(sst2+(1/ql - 1/nu)/2)**2;

u_wt=(sswt*(1/ql - 1/nu)/4)=»2;

if ((ssri/nu+ssr2/nu+sswr/(2+nu))/2 gt s_0) then do;
u_ri=(ssri*(1+etal)=(1/qu - 1/nu)/2)**2;
u_r2=(ssr2s=(1+etal)*(1/qu - 1/nu)/2)*»2;
u_wr=(sswrs(1+etal)*(1/qu - 1/nu)/4)=»2;
lmp3=e_d+(sst1/nu+sst2/nu+sswt/(2*nu))/2-(1+etad)*
(ssri/nu+ssr2/nu+ssvr/(2=nu))/2;
h_mp3=1mp3+sqrt{u_d+u_tl+u_t2+u_wt+u_ri+u_r2+u_wr);
end;

else do;

u_ri=(ssri*(1/qu - 1/nu)/2)*»2;

u_r2=(ssr2*(1/qu - 1/nu)/2)»*2;

u_wr=(sswr*(1/qu - 1/nu)/4)*»2;
lmp3=e_d+(sst1/nu+sst2/nu) /2-(ssri/nu+ssr2/nu+sswr/(2#+nu) )/2-s_O0=etal;
h_mp3=1mp3+sqrt(u_d+u_ti+u_t2+u_wt+u_ri+u_r2+u_vr);
end;

phi=(h_mp3 1t 0);

keep n i 1mp3 h_mp3 phi;

un;

proc univariate data=ball noprint;
var phi;

by n;

output out=h3 mean=hsci;

run;

ssxsCompute GPVss=s;

data call; set sim;

s_0=0.04;

etal0=((log(1.25))**2 + 0.02)/s_0;
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xi=0;

x12=0;

do j=1 to &ngp;

z=normal(0) ;

212=normal(0) ;

uti=2srangam(0,nu/2);

uri=2*rangam(0, (nu-1)/2);
uwt=2*rangam(0,nu/2);

sig2wt=sswr/uwt;

sigsqtl=ssti/utl;
lambdasql=ssronti/url;
betal=bl-z12+sqrt(lambdasql/sstl);
sigil=sigsqtis(betal-1)#**2 + lambdasql;
sigsqri=lambdasql+betalsbetal*sigsqtl;
z12=normal(0);

ut2=2srangam(0,nu/2) ;

ur2=2srangam(0, (nu~1)/2);
uwr=2srangam(0,nu/2) ;

sig2wr=sswr/uvr;

sigsqt2=sst2/ut2;
lambdasq2=ssront2/ur2;
beta2=b2-z12#sqrt (lambdasq2/sst2) ;
sigi2=gigsqt2s(beta2-1)**2 + lambdasq2;
sigsqr2=lambdasq2+beta2*beta2*sigsqti;
delta=d-z#*sqrt((sigil+sigi2)/n)/2;
gpvmp3=(delta*delta+(sigsqtl+sig2wt/2+sigsqt2-sigsqri-sigsqr2-
sig2wr/2)/2) /max((sigsqri+sigsqr2+sig2wr/2)/2,s_0);
xi=xi+(gpvmp3 gt etald);

xi2=xi2+(gpvmp3 gt mp3);

end;

p=xi/&ngp;

c=xi2/&ngp;

psi=(p 1t 0.05);

cover=(c gt 0.05);

run;

proc univariate data=call noprint;
var psi cover;

output out=gpv mean=gpv5 cover95;
by n;

run;

smerge results;

data tests; merge h3 gpv;

length test $ 5;

by n;

deltasgdel;

r=&r;
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sigma_bt=&sbt;
sigma_br=&sbr;
sigma_wt=kswt;
sigma_wr=&swr;
test="&ds";
mp3=&mp3;
run;run;

proc print data=tests;
run;

proc append base=mi3.testpd3 data=tests;

run;

%mend ;

%simpbe (0.886099,0.8,0.6,0.5,0.3,0.4472136,5000,10000,55061 ,e3a) ;
%simpbe(0.886099,0.9,0.6,0.5,0.3,0.4472136,5000,10000,72277,e3b) ;
%simpbe(0.886099,0.8,0.5,0.6,0.4472136,0.3,5000,10000,55061 ,e3c) ;
%simpbe(0.886099,0.9,0.5,0.6,0.4472136,0.3,5000,10000,72277,e3d) ;
%simpbe(0,0.8,0.282476626,0.1,0.1,0.1,5000,10000,75577,f1a);
%simpbe(0,0.9,0.282476626,0.1,0.1,0.1,5000,10000,64621,£1b);
%simpbe(0,0.8,0.356708993,0.2,0.1,0.1,5000,10000,79043,f1c);
%simpbe(0,0.9,0.356708993,0.2,0.1,0.1,5000,10000,86923,f1d);
%simpbe(0,0.8,0.423775989,0.2,0.2,0.2,5000,10000,46867,f2a);
%simpbe(0,0.9,0.423775989,0.2,0.2,0.2,5000,10000,19237,£f2b) ;
%simpbe(0,0.8,0.713417986,0.4,0.2,0.2,5000,10000,31699,f2¢c);
%simpbe(0,0.9,0.713417986,0.4,0.2,0.2,5000,10000,61211,£2d);
%simpbe(0,0.8,0.635663984,0.3,0.3,0.3,5000,10000,85103,f3a);
%simpbe(0,0.9,0.635663984,0.3,0.3,0.3,5000,10000,65267,£3b) ;
%simpbe(0,0.8,1.070126979,0.6,0.3,0.3,5000,10000,55061,£3c) ;
%simpbe(0,0.9,1.070126979,0.6,0.3,0.3,5000,10000,44897,£3d) ;

proc print;
title2;
run;

/ttt"t‘ttttt##l#‘“ttt‘ttt#t‘tttt‘ttttt‘tt‘
SIMPBED3_P.SAS

This program does the power/sample size simulations
for PBE/2S3P.

Chapter 4, Section 4.4, Table S.
tt“tt‘tt#t‘#““"tttt‘tt‘ttttttt‘t‘t#tttt/
options ps=64 1s=120 nodate nonumber nomprint;
title ’Simulation data’;

libname mi3 ’c:\My Documents\My SAS Files\V8’;
sibname mi3 ’j:\mi3’;
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title ’Simulation for PBE/Design A’;
run;

%macro simpbe(del,r,sbt,sbr,swt,swr,nsim,ngp,seed,nl,n2,n3,n4,ds);

title2 "delta=&del, rho=&r, sigma_bt=&sbt
sigma_br=&sbr sigma_wt=&swt sigma_wrs&swr'";
run;

screate simulation data sets;

data sim;

s»»s»Input model parameter valuess**x;
sigbt=&sbt;

sigbr=&sbr;

sigwt=&svt;

sigwrs&swr;

delta=&del;

rho=&r;

=+*sxCalculate needed parameter valuesss#*»;
sig2br=sigbr*sigbr;
sig2bt=sigbt#*sigbt;
sig2wr=sigwr*sigur;
sig2wt=sgigut*sigut;
sigsqrl=sigbr*sigbr+sigwrssigwr;
sigsqtl=sig2bt+sig2wt/2;
sigsqt2=sigbt*sigbt+sigwt*sigwt;
sigsqr2ssig2br+sig2wr/2;
sigl2=rho*sigbt*sigbr;
betal=gigl2/sigsqti;
beta2=sigl2/sigsqt?2;
sigil=sqrt(sigsqti+sigsqri-2#8igl2);
sigi2=sqrt(sigsqt2+sigsqr2-2»sig12);
lambdasql=sigsqri-sigl2#*sigi2/sigsqtl;
lambdal=sqrt(lambdasql);
lambdasq2=sigsqr2-sigl2ssigl2/sigsqt?2;
lambda2=sqrt (lambdasq2) ;
mp3=(deltardelta+sig2bt+sig2ut-sig2br-sig2wr) /max(sig2br+sig2wr,0.04);
call symput(’MP3’,mp3);

**x+xCompute simulated valuesss=»=;
junk=int (100000*ranuni (&seed)) ;

*0 n=9 to 17;

do n=&n1,&n2,&n3,&n4;

nu=n-1;

do i=1 to &nsim;

z=normal(0);

ut1=2srangam(0,nu/2);

uri=2srangam(0, (nu-1)/2);
uwt=2srangam(0,nu/2);
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z12=normal(0) ;
d=delta+z*(sigil+sigi2)/(2*n);
sswt=sig2ut*uut;

sstl=sigsqtlsutl;

ssrontl=lambdasqlsurl;
bl=betal+z12*lambdal/sqrt(sstl);
ssri=blsbl*sstl+ssrontl;
sig2il=(ssronti+ssti*(1-b1)*(1~-b1))/nu;
ut2=2srangam(0,nu/2);

ur2=2srangam(0, (nu-1)/2) ;
uwr=2srangam(0,nu/2);

z122=normal (0) ;

sswr=sig2vwrsuwr;

sst2=gigsqt2*utl;

ssront2=lambdasq2sur?;
b2=beta2+z122xlambda2/sqrt (sst2);
§sr2=b2xb2*sstl+ssront2;
sig2i2=(ssront2+sst2+(1-b2)=(1-b2))/nu;
output;

end;

end;

Iun;

*sssCompute HSCIssss;

data ball; set sim;

$_0=0.04;

eta0=((log(1.25))#*2 + 0.02)/s_0;

e_d=dsd;
nuc=(((sig2i1+sig2i2)/n)*»2)/((sig2il**2 + sig2i2+#2)/(n*n*(n-1)));
t=tinv(0.95,nuc);
h_d=(abs(d)+t*sqrt((sig2il+sig2i2)/n)/2)*=*2;
qu=cinv(0.95,nu) ;

ql=cinv(0.05,nu);

u_d=(h_d-e_d)=»2;

u_ti=(ssti=*(1/ql - 1/nu)/2)=*2;
u_t2=(sst2*(1/ql - 1/nu)/2)**2;
u_wt=(sswt*(1/ql ~ 1/nu)/4)*»2;

if ((ssri/nu+ssr2/nu+sswr/(2*nu))/2 gt s_0) then do;
u_ri=(ssri»(1+2+eta0)*(1/qu - 1/nu)/2)**2;
u_r2=(ssr2*(1+2+*etal)*(1/qu - 1/nu)/2)**2;
u_ur=(sswur*(1+2+eta0)*(1/qu - 1/nu)/4)**2;
1lmp3=e_d+(sst1/nu+sst2/nu+sswt/(2+nu))/2-
(1+2#eta0)*(ssri/nu+ssr2/nu+ssvr/(2+nu))/2;
h_mp3=1mp3+sqrt (u_d+u_til+u_t2+u_wt+u_ril+u_r2+u_vwr);
end;

else do;

u_ri=(ssri*(1/qu - 1/nu)/2)*=»2;
u_r2=(ssr2*(1/qu - 1/nu)/2)*»2;
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u_vwr=(ssur*(1/qu - 1/nu)/4)*=*2;
lmp3=e_d+(sstl/nu+sst2/nu)/2-(ssri/nu+ssr2/nu+sswr/(2*nu))/2-s_0=*etal;
h_mp3=1mp3+sqrt (u_d+u_ti+u_t2+u_wt+u_ri+u_r2+u_vr);

end;

phi=(h_mp3 1t 0);

keep n i 1mp3 h_mp3 phi;

run;

proc univariate data=ball noprint;
var phi;

by n;

output out=h3 mean=hsci;

run;

sxxxCompute GPVesss;

data call; set sim;

s_0=0.04;

etal0=((log(1.25))*»2 + 0.02)/s_0;

xi=0;

x12=0;

do j=1 to &ngp;

z=normal(0);

z12=normal(0) ;

ut1=2srangam(0,nu/2);

uri=2srangam(0, (nu-1)/2);
uwt=2srangam(0,nu/2);

sig2ut=ssur/uwt;

sigsqti=sssti/utl;
lambdasql=ssronti/uri;
betal=bl-z12#sqrt (lambdasql/sstl);
sigil=sigsqti=(betal-1)#**2 + lambdasql;
sigsqri=lambdasql+betals*betal*sigsqtl;
z12=normal(0) ;

ut2=2s*rangam(0,nu/2);

ur2=2srangam(0, (nu-1)/2);
uwr=2*rangam(0,nu/2);

sig2wr=sswr/uwr;

sigsqt2=sst2/ut2;
lambdasq2=ssront2/ur2;
beta2=b2-z12*sqrt (lambdasq2/sst2);
sigi2=sigsqt2»(beta2~-1)**2 + lambdasq2;
sigsqr2=lambdasq2+beta2*beta2*sigsqtl;
delta=d-zssqrt((sigil+sigi2)/n)/2;
gpvmp3=(deltasdelta+(sigsqti+sig2ut/2+sigsqt2-sigsqri-sigsqr2-
sig2wr/2)/2) /max((sigsqri+sigsqr2+sig2wr/2)/2,s8_0);
xi=xi+(gpvmp3 gt etal);

xi2=xi2+(gpvmp3 gt mp3);
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end;

p=xi/&ngp;
c=xi2/kngp;
psi=(p 1t 0.05);
cover=(c gt 0.05);
run;

proc univariate data=call noprint;
var psi cover;

output out=gpv mean=gpv5 cover95;
by n;

run;

smerge results;

data tests; merge h3 gpv;

length test $ S;

by n;

delta=&del;

rafr;

sigma_bt=&sbt;

sigma_br=&sbr;

sigma_wt=&swt;

sigma_wr=&swr;

test="&ds";

mp3=&mp3 ;

run;run;

proc print datastests;
run;

proc append base=mi3.powerpd3 data=tests;

run;

Ymend ;

/=

%4simpbe(0.05,0.90,0.15,0.15,0.15,0.15,5000, 10000,20297,8,9,11,12,pla);
%simpbe(0.05,0.95,0.15,0.15,0.15,0.15,5000, 10000,41651,8,9,11,12,p1b);
%simpbe(0.05,0.90,0.30,0.30,0.15,0.15,5000, 10000,99487,10,11,14,15,p1c);
%4simpbe(0.05,0.95,0.30,0.30,0.15,0.15,5000, 10000,56821,10,11,14,15,p1d) ;
%simpbe(0.05,0.90,0.23,0.23,0.23,0.23,5000,10000,81847,10,11,14,15,p2a);
%simpbe(0.05,0.95,0.23,0.23,0.23,0.23,5000,10000,11597,10,11,14,15,p2b) ;
%simpbe(0.05,0.90,0.46,0.46,0.23,0.23,5000, 10000,29059,10,11,14,15,p2¢c);
%simpbe(0.05,0.95,0.46,0.46,0.23,0.23,5000,10000,18593,10,11,14,15,p2d) ;
=/

%simpbe(0.05,0.90,0.3,0.3,0.3,0.3,5000,10000,60737,10,11,13,14,p3a) ;
%simpbe(0.05,0.95,0.3,0.3,0.3,0. 3,5000,10000,88069,10,11,13,14,p3b) ;
%simpbe(0.05,0.90,0.6,0.6,0.3,0. 3,5000,10000,60077,10,11,14,15,p3c) ;
%simpbe(0.05,0.95,0.6,0.6,0.3,0. 3,5000,10000,47629,10,11,14,15,p3d) ;
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%simpbe(0.05,0.90,0.5,0.5,0.5,0.5,5000,10000,62299,10,11,14,15,p4a);
%simpbe(0.05,0.95,0.5,0.5,0.5,0.5,5000,10000,50503,10,11,14,15,p4b);
%simpbe(0.05,0.90,1.0,1.0,0.5,0.5,5000,10000,77081,10,11,14,15,p4c);
%simpbe(0.05,0.95,1.0,1.0,0.5,0.5,5000,10000,48673,10,11,14,15,p4d);

proc print;

title2;

run;
/tt"‘#t‘#ttttt*tit‘tt‘tt#t‘.t“tt#‘i‘ttt“‘
SIMPBED3_P.SAS

This program does the power/sample size simulations
for PBE/2S3P.

Chapter 4, Section 4.4, Table 5.
“t“tttt‘it#tttt‘*‘ttttt#tt*ttt‘tttttt‘tt‘/
options psa64 1s=120 nodate nonumber nomprint;
title ’Simulation data’;

libname mi3 ’c:\My Documents\My SAS Files\V8’;
*ibname mi3 ’j:\mi3’;

title ’Simulation for PBE/Design A’;

run;

“macro simpbe(del,r,sbt,sbr,swt,swr,nsim,ngp,seed,nl,n2,n3,n4,ds);

title2 "delta=&del, rho=kr, sigma_bt=ksbt
sigma_br=&sbr sigma_wt=kswt sigma_wr=&swr";
run;

*create simulation data sets;

data sim;

ssssInput model parameter values#*s#*;
sigbt=&sbt;

sigbr=&sbr;

sigwt=&swt;

sigursksvr;

delta=&del;

rho=&r;

ssssCalculate needed parameter values*sxx;
sig2br=sigbrssigbr;

sig2bt=sigbt*sigbt;

sig2ur=sigur*sigur;

sig2ut=sigwtssigwt;
sigsqri=sigbrssigbr+sigwrssigur;
sigsqtl=sig2bt+sig2wt/2;
sigsqt2=sigbtesigbt+sigwts»sigut;
sigsqr2=sig2br+sig2ur/2;
sigl2=rho*sigbt*sigbr;
betal=sigl2/sigsqtl;

beta2=sigl2/sigsqt2;
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sigil=sqrt(sigsqti+sigsqri-2+sig12);
sigi2=sqrt(sigsqt2+sigsqr2-2*s8igl?2);
lambdasql=sigsqri-sigl2ssigl2/sigsqtl;
lambdal=sqrt(lambdasql);
lambdasq2=sigsqr2-sigl2+*sigl2/sigsqt2;
lambda2=sqrt(lambdasq2);
mp3=(delta®delta+sig2bt+sig2wt-sig2br-sig2ur)/max(sig2br+sig2wr,0.04);
call symput(’MP3’,mp3);

s»ssCompute simulated valuessss»s;
junk=int (100000*ranuni (&seed)) ;

*0 n=9 to 17;

do n=&n1,&n2,&n3,%n4;

nu=n-1;

do i=1 to &nsim;

z=normal(0) ;

uti=2srangam(0,nu/2) ;

uri=2*rangam(0, (nu-1)/2);
uwt=2srangam(0,nu/2);

z12=normal(0) ;
d=delta+z*(sigil+sigi2)/(2#n);
sswt=sig2wtsuwt;

sstl=sigsqtisutl;
ssrontl=lambdasqls*url;
bl=betal+z12+lambdal/sqrt(sstl);
ssri=blsbisssti+ssrontl;
sig2il=(ssrontl+sst1*(1-b1)*(1-b1))/nu;
ut2=2srangam(0,nu/2);

ur2=2srangam(0, (nu-1)/2);
uwr=2srangam(0,nu/2) ;

2122=normal (0) ;

sswr=sig2wrsuwr;

sst2=sigsqt2*ut2;
ssront2=lambdasq2*ur?2;
b2=beta2+z122+*1lambda2/sqrt(sst2);
ssr2=b2xb2#sstl+ssront?;
sig2i2=(ssront2+sst2+*(1-b2)*(1-b2))/nu;
output;

end;

end;

run;

ssssCompute HSCI#*»=»;

data ball; set sim;

s_0=0.04;

eta0=((log(1.25))*=2 + 0.02)/s_0;
e_d=d=d;
nuc=(((sig2il+sig2i2)/n)**2)/((sig2il1**2 + sig2i2#*2)/(n*n*(n-1)));
t=tinv(0.95,nuc);
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h_d=(abs(d)+t*sqrt((sig2il+sig2i2)/n)/2)**2;
qu=cinv(0.95,nu);

ql=cinv(0.05,nu);

u_d=(h_d-e_d)*»2;

u_ti=(sstis(1/ql - 1/nu)/2)=»2;

u_t2=(sst2*(1/ql - 1/nu)/2)+*2;

u_wt=(ssut*(1/ql - 1/nu)/4)=#2;

if ((ssri/nu+ssr2/nu+sswr/(2#*nu))/2 gt s_0) then do;
u_ri=(ssris(1+2+etal)*(1/qu - 1/nu)/2)»*2;
u_r2=(ssr2*(1+2=*eta0)*(1/qu - 1/nu)/2)*»2;
u_wr=(sswr*(1+2xetal)*(1/qu - 1/nu)/4)**2;
lmp3=e_d+(sst1/nu+sst2/nu+sswt/(2»nu))/2-(1+2%eta0)*(ssr1/nu+ssr2/nu+sswr/(2*nu))/2;
h_mp3=1mp3+sqrt(u_d+u_ti+u_t2+u_wt+u_ri+u_r2+u_ur);
end;

else do;

u_ri1=(ssri=(1/qu - 1/nu)/2)s»2;

u_r2=(ssr2+(1/qu - 1/nu)/2)=»2;

u_wr=(sswr*(1/qu - 1/nu)/4)==2;
lmp3=e_d+(sstl/nu+sst2/nu)/2-
(ssr1/nu+ssr2/nu+sswr/(2#nu))/2-s_O=etal;
h_mp3=1mp3+sqrt(u_d+u_ti+u_t2+u_wt+u_ri+u_r2+u_wr);
end;

phi=(h_mp3 1t 0);

keep n i 1lmp3 h_mp3 phi;

run;

proc univariate data=ball noprint;
var phi;

by n;

output out=h3 mean=hsci;

run;

sxxsxCompute GPV*x#s;
data call; set sim;
s_0=0.04;
eta0=((log(1.25))**2 + 0.02)/s_0;
xi=0;

xi2=0;

do j=1 to &ngp;
z=normal(0);
z12=normal (0) ;
ut1=2=rangam(0,nu/2);
uri=2srangam(0, (nu-1)/2);
uwt=2+rangam(0,nu/2);
sig2wt=sswr/uvt;
sigsqti=ssti/utl;
lambdasql=ssronti/uri;
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betal=bl-z12#sqrt(lambdasql/sstl);
sigil=sigsqtis(betal-1)*s2 + lambdasql;
sigsqrl=lambdasql+betalsbetals*sigsqtl;
z12=normal(0);

ut2=2srangam(0,nu/2) ;

ur2=2srangam(0, (nu-1)/2);
uwr=2srangam(0,nu/2) ;

sig2wr=sswr/uvr;

sigsqt2=sst2/ut?2;
lambdasq2=ssront2/ur2;
beta2=b2-z12*sqrt (lambdasq2/sst2) ;
sigi2=sigsqt2*(beta2-1)#*+2 + lambdasq2;
sigsqr2=lambdasq2+beta2+*beta2*sigsqtl;
delta=d-z*sqrt((sigil+sigi2)/n)/2;
gpvmp3=(deltasdelta+(sigsqti+sig2ut/2+sigsqt2-sigsqri-sigsqr2-
sig2wr/2)/2) /max((sigsqri+sigsqr2+sig2wr/2)/2,s_0);
xi=xi+(gpvmp3 gt etal);

xi2=xi2+(gpvmp3 gt mp3);

end;

p=xi/&ngp;

c=xi2/&ngp;

psi=(p 1t 0.05);

cover=(c gt 0.05);

run;

proc univariate data=call noprint;
var psi cover;

output out=gpv mean=gpvS cover95;
by n;

run;

smerge results;

data tests; merge h3 gpv;

length test $ 5;

by n;

delta=&del;

r=&r;

sigma_bt=&sbt;

sigma_br=&sbr;

sigma_wt=&swt;

sigma_wr=&swr;

test="&ds";

mp3=&mp3 ;

run;run;

proc print data=stests;
run;

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



249

proc append base=mi3.powerpd3 data=tests;

run;

%mend;
%simpbe(0.05,0.90,0.15,0.15,0.15,0.15,5000,10000,20297,8,9,11,12,p1a);
%simpbe(0.05,0.95,0.15,0.15,0.15,0.15,5000,10000,41651,8,9,11,12,p1b);
%simpbe(0.0S,0.90,0.30,0.30,0.15,0.15,5000,10000.99487,10,11.14,15.p1c):
%simpbe(0.05,0.95,0.30,0.30,0.15,0.15,5000,10000,56821,10,11,14,15,p1d);
%simpbe(0.05,0.90,0.23,0.23,0.23,0.23,5000,10000,81847,10,11,14,15,p2a) ;
%simpbe(0.05,0.95,0.23,0.23,0.23,0.23,5000,10000,11597,10,11,14,15,p2b) ;
%simpbe(0.05,0.90,0.46,0.46,0.23,0.23,5000,10000,29059,10,11,14,15,p2¢);
%simpbe(0.05,0.95,0.46,0.46,0.23,0.23,5000,10000,18593,10,11,14,15,p2d) ;
%simpbe(0.05,0.90,0.3,0.3,0.3,0.3,5000,10000,60737,10,11,13,14,p3a);
%simpbe(0.05,0.95,0.3,0.3,0.3,0.3,5000,10000,88069,10,11,13,14,p3b);
%simpbe(0.05,0.90,0.6,0.6,0.3,0.3,5000,10000,60077,10,11,14,15,p3c) ;
%4simpbe(0.05,0.95,0.6,0.6,0.3,0.3,5000,10000,47629,10,11,14,15,p3d);
%simpbe(0.05,0.90,0.5,0.5,0.5,0.5,5000,10000,62299,10,11,14,15,p4a);
%simpbe(0.0S.0.95,0.5,0.5,0.5,0.5,5000,10000,50503,10,11,14.15,p4b);
%simpbe(0.05,0.90,1.0,1.0,0.5,0.5,5000,10000,77081,10,11,14,15,p4c);
%simpbe(0.05,0.95,1.0,1.0,0.5,0.5,5000,10000,48673,10,11,14,15,p4d) ;

proc print;
title?2;
run;

/‘t““t‘t‘tt‘t"lit‘tltttltt“‘t‘##.t“t‘#*t
SIMIBENB3A.SAS

This program does the test size simulations
for IBE/3S3P.

Chapter 4, Section 4.5, Table 6.
tt“*‘tt‘.#“t‘t‘ttttt‘tttt‘lt“tt“t‘t“t‘/
options ps=64 1s=120 nodate nonumber;

libname mi3 ’c:\My Documents\My SAS Files\V8’;
title ’Simulation for IBE’;

run;

%macro simibe(del,sd,swt,swr,nsim,ngp,seed,ds);

title2 "delta=kdel, sigma_d=&sd sigma_wt=&swt sigma_wr=&swr";
screate simulation data sets;

data sim;

sssxInput model parameter valuess*=ss;

sigd=&sd;

sigwt=&swut;

sigwr=&swr;

delta=&del;
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#sssCalculate needed parameter valuesss*x;
sig2ut=sigwtssigwt;
sig2ur=sigwrssigur;
sig2i=gigdssigd+sig2ut+sigwr/2;
sigi=sqrt(sig2i);
mi3=(deltasdelta+sig2i-1.5*sig2wr)/max(sig2wr,0.04);
call symput(’MI3’,mi3);
s*»xsCompute simulated valuesssss;
junk=int (100000*ranuni (&seed));
do n=8,12,16;

nu=3*(n-1);

k=1/sqrt(3+n);

do j=1 to &nsim;

z=normal(0);

i=2srangam(0,nu/2);
w=2srangam(0,nu/2);
d=delta+kssigi»z;

SSWr=sigwrsv;

ssi=gig2ixi;

keep n j nu d ssi sswr k mi3;
output;

end;

end;

run;

sssxCompute HSCI#s#s;

data ball; set sim;

s_0=0.04;

eta0=((log(1.25))**2 + 0.05)/s_0;
s2wr=sswr/nu;

e_d=d=d;

e_i=ssi/nu;

e_r=(-3.9948+(s2wr gt s_0)-1.5%(s2ur le s_0))=*s2wr;
=tinv{(0.95,nu);
h_d=(abs(d)+tskssqrt(e_1i))=s2;
qu=cinv(0.95,nu);
gql=cinv(0.05,nu);

h_i=ssi/ql;

h_r=nuse_r/qu;

u_d=(h_d-e_d)»»2;
u_i=(h_i-e_i)»*2;
u_r=(h_r-e_r)»=2;
h_mi3=(e_d+e_i+e_r-etalss_0=*(s2wr le s_0))+sqrt(u_d+u_i+u_r);
phi=(h_mi3 1t 0);

keep n j phi h_mi3;

run;
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proc univariate data=ball roprint;
var phi;

by n;

output out=h3 mean=hsci;

run;

sssxCompute GPVs»*xx»;

data call; set sim;

s_0=0.04;

etal=((log(1.25))*»2 + 0.05)/s.0;
xi=0;

do j=1 to &ngp;

z=normal (0) ;

i=2srangam(0,nu/2);
w=2srangam(0,nu/2) ;

sig2i=ssi/i;
delta=d-k»z*sqrt(sig2i);
sig2vur=ssur/v;
gpvmi3=(delta*delta+sig2i-1.5«sig2wr)/max(sig2wr,s_0);
xi=xi+(gpvmi3 gt etald);

end;

p=xi/&ngp;

psi=(p 1t 0.05);

run;

proc univariate data=call noprint;
var psi;

output out=gpv mean=gpv;
by n;

run;

smerge results;

data tests; merge h3 gpv;
length test $ 5;

by n;

delta=g&del;

sigma_d=&sd;
sigma_wt=&swt;
sigma_wrs&swr;
test="&ds";

mi3=&mi3;

proc print data=tests;

proc append base=mi3.testsinb3a data=tests;
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%mend;

%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (Q.
%simibe (0.
%simibe (0.

%simibe (0

%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.
%simibe (0.

315742,0.
299655,0.
278016,0.

315742,0
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01,0.15,0.15,5000,10000,84431,i1a) ;
1,0.15,0.15,5000,10000,79087,i1b) ;
15,0.15,0.15,5000,10000,71089,i1c) ;

.01,0.20,0.20,5000,10000,38693,i2a) ;
299655,0.
278016,0.
363148,0.

1,0.20,0.20,5000,10000,90617,i2b) ;
15,0.20,0.20,5000,10000,26627,i2c) ;
01,0.23,0.23,5000,10000,19157,i3a) ;

.775375088639,0.15
%simibe (0.
%simibe (0.

349251,0.1,0.23,0.23,5000,10000,35393,i3b) ;
330872,0.15,0.23,0.23,5000,10000,53507,13c) ;
4737450264747,0.01,0.3,0.3,5000,10000,56401,1i4a);
4631785294133,0.1,0.3,0.3,5000,10000,97931,1i4b) ;
4494823134557,0.15,0.3,0.3,5000,10000,90053,i4c) ;
7896876142387,0.01,0.5,0.5,5000,10000,88211,1i5a);
7833942354153,0.1,0.5,0.5,5000,10000,31123,i5b) ;
,0.5,0.5,5000,10000,36931,1i5¢) ;
05,0.01,0.345966826,0.15,5000,10000,49787,16a) ;
05,0.1,0.331350335,0.15,5000,10000,50909,i6b) ;

1,0.928012138,0.5,5000,10000,66587,i10b) ;
15,0.921252695,0.5,5000,10000,68711,i10c) ;

05,0.15,0.31191833,0.15,5000,10000,51973,i6¢) ;
05,0.01,0.370395794,0.20,5000,10000,53117,i7a) ;
05,0.1,0.356781508,0.20,5000,10000,54277,1i7b) ;
05,0.15,0.338811223,0.20,5000,10000,55373,17c) ;
05,0.01,0.426938288,0.23,5000,10000,56479,1i8a) ;
05,0.1,0.4151822561,0.23,5000,10000,57503,18b) ;
05,0.15,0.399845347,0.23,5000,10000,58601,18c) ;
05,0.01,0.558510833,0.3,5000,10000,59671,i9a) ;
05,0.1,0.549576519,0.3,5000,10000,60887,i9b) ;
05,0.15,0.538083962,0.3,5000,10000,62039,i9¢) ;
05,0.01,0.933330878,0.5,5000,10000,65449,i10a) ;
05,0.
5,0.

0

proc print data=mi3.testsinb3a;

title2;
run;

/‘tﬁi“‘t““‘t#‘t“‘“.ttt““.t“tt“tttt‘

SIMIBENB3B_P.SAS
This program does the power/sample size simulations
for IBE/3S3P.

Chapter 4,

Section 4.6, Table 7.

#t.t‘.ttt"t‘."".‘#“3*“““““.“““#/
options ps=64 1s=120 nodate nonumber;

libname mi3 ’c:\My Documents\My SAS Files\V8’;
title ’Simulation for IBE/power’;

run;
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%macro simibe(del,sd,swt,swr,nsim,ngp,nl,n2,seed,ds);

title2 "delta=&del, sigma_d=&sd sigma_wt=&swt sigma_wr=&swr";
screate simulation data sets;

data sim;

ss*xInput model parameter valuess*s»#*#;
sigd=ksd;

siguta&svt;

sigwr=&svr;

delta=gdel;

sxxsCalculate needed parameter valuess=ss;
siglut=sigut*sigut;
sig2ur=sigurssigur;
sig2i=sigdssigd+sig2wt+sig2ur/2;
sigi=sqrt(sig2i);
mi3=(deltasdelta+sig2i-1.5«sig2wr)/max(sig2wr,0.04);
call symput(’MI3’,mi3);

sx2+sCompute simulated valuess+s*»;
junk=int (100000sranuni (£seed)) ;

do n=&nl to &n2;

nu=3*(n~1);

k=1/sqrt(3#*n);

do j=1 to &nsim;

=normal(0);

i=2srangam(0,nu/2);
w=2srangam(0,nu/2);
d=deltatkssigisz;

SSWIr=sig2wrsw;

ssi=sig2isi;

keep n j nu d ssi ssvr k mi3;

output;

end;

end;

run;

#»xsCompute HSCI*sxs;

data ball; set sim;

s_0=0.04;

eta0=((log(1.25))*=2 + 0.05)/s_0;
s2ur=ssvr/nu;

e_d=d=d;

e_i=ssi/nu;

e_r=(-3.9948*(s2ur gt s_0)-1.5*(s2ur le s_0))=*s2wr;
t=tinv(0.95,nu);
h_d=(abs(d)+tsk*sqrt(e_i))»*2;
qu=cinv(0.95,nu);
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ql=cinv(0.05,nu);

h_i=ssi/ql;

h_r=nu*e_r/qu;

u_d=(h_d-e_d)»*2;

u_i=(h_i-e_i)**2;

u_r=(h_r-e_r)*»2;

h_mi3=(e_d+e_i+e_r-etal*s_0*(s2wr le s_0))+sqrt(u_d+u_i+u_r);
phi=(h_mi3 1t 0);

keep n j phi h_mi3;

run;

proc univariate data=ball noprint;
var phi;

by n;

output out=h3 mean=hsci;

run;

sassCompute GPVs»»s;

data call; set sim;

s_0=0.04;

eta0=((log(1.25))**2 + 0.05)/s_0;
xi=0;

do j=1 to &ngp;

z=normal (0) ;

i=2srangam(0,nu/2);
w=2srangam(0,nu/2);

sig2i=ssi/i;
delta=d-ksz*sqrt(sig2i);
sig2uwr=sswr/v;
gpvmid=(delta*delta+sig2i~1.5+sig2wr) /max(sig2wr,s_0);
xi=xi+(gpvmi3 gt etald);

end;

p=xi/&ngp;

psi=(p 1t 0.05);

run;

proc univariate data=call noprint;
var psi;

output out=gpv mean=gpv;
by n;

run;

smerge results;

data tests; merge h3 gpv;
length test $ 5;

by n;

delta=&del;

sigma_d=&sd;
sigma_wts&swt;
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sigma_wrsé&svr;
test="&ds";
mi3=&mi3;

run;

proc print data=tests;
run;

proc append base=mi3.testsinb3b_p data=tests;
run;

%mend;

%simibe(0.05,
%simibe(0.05,
%simibe (0.0S,
%simibe(0.05,
%simibe(0.05,
%simibe(0.05,
%simibe(0.05,
%simibe (0.05,

0.01,0.15,0.15,5000,10000,4,5,75211,pla);
0.1,0.15,0.15,5000,10000,5,7,71719,p1b);
0.15,0.15,0.15,5000,10000,8,10,67247,pic);
0.2,0.15,0.15,5000,10000,17,20,61673,p1d) ;
0.01,0.20,0.20,5000,10000,6,8,70663,p2a);
0.1,0.20,0.20,5000,10000,8,10,59369,p2b) ;
0.15,0.20,0.20,5000,10000,14,16,55147,p2c) ;
0.2,0.20,0.20,5000,10000,26,29,76213,p2d) ;
%simibe(0.05,0.01,0.23,0.23,5000,10000,9,11,86539,p3a);
%simibe(0.05,0.1,0.23,0.23,5000,10000,12,14,84299,p3b);
%simibe(0.05,0.15,0.23,0.23,5000,10000,16,19,52291,p3c);
%4simibe(0.05,0.2,0.23,0.23,5000,10000,27,30,54577,p3d) ;
%simibe(0.05,0.01,0.3,0.3,5000,10000,11,13,52511,p4a) ;
0.1,0.3,0.3,5000,10000,11,13,57943,p4b) ;
0.15,0.3,0.3,5000,10000,14,16,70313,p4c) ;
0.2,0.3,0.3,5000,10000,18,21,88801,p4d) ;
0.01,0.5,0.5,5000,10000,10,12,82469,p5a) ;
0.1,0.5,0.5,5000,10000,10,13,35771,p5b) ;
0.15,0.5,0.5,5000,10000,11,14,17579,p5¢c) ;
0.2,0.5,0.5,5000,10000,12,14,29231,p5d) ;

%simibe(0.05,
%simibe (0.05,
%simibe(0.05,
%simibe(0.05,
%simibe (0.05,
%simibe(0.05,
%simibe(0.05,

proc print data=mi3.testsinb3b_p;
title2;
run;

/“‘tt“tt‘t“tt‘ttt‘t‘t““it‘t##t‘t‘#t‘t#‘
SIMPBEND3.SAS

This program does the test size simulations

for PBE/3S3P.

Chapter 4, Section 4.7, Table 8.
lt‘tt‘t"tt““‘t.t."t““tt‘t#‘tt“t‘tttt‘/
options ps=64 1s=120 nodate nonumber; *nomprint;
libname mi3 ’'c¢:\My Documents\My SAS Files\V8’;
title ’Simulation for PBE’;
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run;
%macro simpbe(del,r,sbt,sbr,swt,swr,nsim,ngp,seed,ds);

title2 "delta=idel, rho=&r, sigma_bt=&sbt
sigma_br=&sbr sigma_wtag&swt sigma_wra&swr";
run;

screate simulation data sets;

data sim;

s*»xInput model parameter valuesssss;
sigbt=&sbt;

sigbr=&sbr;

sigwt=&swt;

sigwr=&sur;

delta=&del;

rho=&r;

sxssCalculate needed parameter values*s«s;
sig2br=sigbr*sigbr;
sig2ur=sigur*sigur;
sigsql=sigbt*sigbt+sigut*sigwt;
sigsq2=sig2br+sig2wr/2;
sigl2=rhossigbt=sigbr;
beta=sigl2/sigsql;
sigi=sqrt(sigsql+sigsq2-2+s8igl2);
lambdal=sqrt(sigsql);
lambdasq2=sigsq2-sigl2+*8igl2/s8igsql;
lambda2=sqrt (lambdasq2) ;
mp3=(deltasdelta+sigsql-sig2br-sig2wr)/max(sig2br+sig2wr,0.04);
call symput(’MP3’,mp3);

*sxxCompute simulated values#s*=*x»;
junk=int (100000*ranuni(&seed)) ;

do n=8,12,16;

nu=3#*(n-1);

k=1/sqrt(3+n) ;

do i=1 to &nsim;

z=normal(0);

ul=2srangam(0,nu/2);

u2=2srangam(0, (nu-1)/2);
ur=2srangam(0,nu/2};

z12=normal (0) ;

d=deltatkssigisz;

sswr=sig2wr*ur;

ssl=gigsqleul;

ss2onl=lambdasq2su?2;
b=beta+z12#+lambda2/sqrt(ssl);
8s2=bsb*ssi+ssonl;
sig2i=(ss2onl+ss1*(1-b)*(1-b))/nu;
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keep n i nu d sigsql ssi ss2 ss2onl sig2i sswr b k mp3;
output;

end;

end;

run;

sxsxCompute HSCIss»x;

data ball; set sim;

s_0=0.04;

eta0=((log(1.25))#*s2 + 0.02)/s_0;
e_d=d=*d;

t=tinv(0.95,nu);
h_d=(abs(d)+kst*sqrt(sig2i)) »»2;
qu=cinv(0.95,nu);

ql=cinv(0.05,nu);

u_d=(h_d-e_d)*»2;

u_1=(ss1*(1/ql - 1/nu))*=*2;

if ((ss2/nu+sswr/(2*nu)) gt s_0) then do;
u_2=(ss2*(1+eta0)*(1/qu - 1/nu))»»2;
u_3=(0.5+ssur*(1+eta0)*(1/qu - 1/nu))*=2;
lmp3=e_d+ssi/nu-(1+etal) *(ss2/nu+sswr/(2*nu));
h_mp3=1mp3+sqrt(u_d+u_1+u_3+u_2);

end;

else do;

u_2=(ss2+(1/qu - 1/nu))==2;
u_3=(0.5*sswr*(1/qu - 1/nu))*»2;
lmp3=e_d+ss1/nu-(ss2/nu+sswr/(2*nu))-s_O=etal;
h_mp3::1mp3+sqrt(u_d+u_1+u_2+u_3);

end;

phi=(h_mp3 1t 0);

keep n i lmp3 h_mp3 phi;

un;

proc univariate data=ball noprint;
var phi;

by n;

output out=h3 mean=hsci;

run;

“#tCompute GPV»xsx;

data call; set sim;

s_0=0.04;

eta0=((1log(1.25))*»2 + 0.02)/s_0;
xi=0;

xi2=0;

do j=1 to &ngp;

2=normal (0);
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z12=normal(0) ;

ul=2srangam(0,nu/2) ;

u2=2*rangam(0, (nu-1)/2) ;
ur=2*rangam(0,nu/2) ;

sig2wr=ssvr/ur;

sigsql=ssi/ul;

lambdasq2=ss2oni/u2;

beta=b-z12#sqrt (lambdasq2/ssl);
sigi=sqrt(sigsql*(beta-1)#**2 + lambdasq2);
delta=d-k*sigi*z;
sigsq2=lambdasq2+betas*beta*sigsql;
gpvmp3=(delta*delta+sigsql-sigsq2~-sig2ur/2) /max(sigsq2+sig2wr/2,s_0);
xi=xi+(gpvmp3 gt etald);

x12=xi2+(gpvmp3 gt mp3);

end;

p=xi/&ngp;

c=xi2/&ngp;

psi=(p 1t 0.05);

cover=(c gt 0.05);

run;

proc univariate data=call noprint;
var psi cover;

output out=gpv mean=gpv5 cover95;
by n;

un;

smerge results;

data tests; merge h3 gpv;

length test § 5;

by n;

delta=&del;

r=&r;

sigma_bt=&sbt;

sigma_br=&sbr;

sigma_wt=&swt;

sigma_wr=&swr;

test="&ds";
mp3=&mp3;
run;

proc print data=tests;
run;

proc append base=mi3.testpnd3a data=tests;
run;

%mend ;
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%simpbe(0.295366392,0.8,0.2,0.173205,0.1,0.141412,5000,10000,45557,,e1a) ;
%simpbe (0.295366392,0.9,0.2,0.173205,0.1,0.141412,5000,10000,32143,e1b);
%simpbe (0.295366392,0.8,0.173205,0.2,0.141421,0.1,5000,10000,14197,elc);
%simpbe(0.295366392,0.9,0.173205,0.2,0.141421,0.1,5000,10000,33343,e1d);
%simpbe (0.590733,0.8,0.387298,0.4,0.223607,0.2,5000,10000,98321,e2a) ;
%simpbe (0.590733,0.9,0.387298,0.4,0.223607,0.2,5000,10000,54517,e2b) ;
%simpbe (0.590733,0.8,0.4,0.387298,0.2,0.223607,5000,10000,69497 ,,e2c) ;
%simpbe(0.590733,0.9,0.4,0.387298,0.2,0.223607,5000,10000,80917,e2d) ;
%simpbe(0.886099,0.8,0.6,0.5,0.3,0.4472136,5000,10000,55061,e3a) ;
%simpbe (0.886099,0.9,0.6,0.5,0.3,0.4472136,5000,10000,72277,e3a) ;
%simpbe(0.886099,0.8,0.5,0.6,0.4472136,0.3,5000,10000,55061,e3c) ;
%simpbe(0.886099,0.9,0.5,0.6,0.4472136,0.3,5000,10000,72277,e3d) ;
%simpbe(0,0.8,0.282476626,0.1,0.1,0.1,5000,10000,75577,f1a);

%simpbe (0,0.9,0.282476626,0.1,0.1,0.1,5000,10000,64621,£f1b);
%simpbe(0,0.8,0.356708993,0.2,0.1,0.1,5000,10000,79043,f1c);
%simpbe(0,0.9,0.356708993,0.2,0.1,0.1,5000,10000,86923,f1d) ;
%simpbe(0,0.8,0.423775989,0.2,0.2,0.2,5000,10000,46867 ,£2a) ;
Asimpbe(0,0.9,0.423775989,0.2,0.2,0.2,5000,10000,19237,£2b) ;
%4simpbe(0,0.8,0.713417986,0.4,0.2,0.2,5000,10000,31699,f2¢c);
%simpbe(0,0.9,0.713417986,0.4,0.2,0.2,5000,10000,61211,f2d);
%simpbe(0,0.8,0.635663984,0.3,0.3,0.3,5000,10000,85103,£3a);
%simpbe(0,0.9,0.635663984,0.3,0.3,0.3,5000,10000,65267,£3b) ;
%simpbe(0,0.8,1.070126979,0.6,0.3,0.3,5000,10000,55061,£3c) ;
%simpbe(0,0.9,1.070126979,0.6,0.3,0.3,5000,10000,44897 ,£3d) ;

proc print;

where 1.7 1t mp3 1t 1.8;
title?;

run;

/!#tt*t“*tttl‘t*tt‘t‘t'ttt‘tt“t#t‘t‘ttt“t
SIMPBEND3_P.SAS

This program does the power/sample size simulations
for PBE.

Chapter 4, Section 4.8, Table 9.
ll‘tt“ttt#t‘.‘ltt“#““ttl‘“‘tt‘tt‘tt“tt‘/
options ps=64 1ls=120 nodate nonumber; snomprint;
libname mi3 ’c:\My Documents\My SAS Files\V8’;
title ’Simulation for PBE/Table 9’;

run;

%macro simpbe(del,r,sbt,sbr,swt,svr,nsim,ngp,seed,n1,n2,n3,nd,ds);
title2 "delta=kdel, rho=&r, sigma_bt=&sbt

sigma_br=&sbr sigma_wt=&swt sigma_wr=&swr";
run;
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screate simulation data sets;

data sim;

ssxxxInput model parameter valuesss*s;
sigbt=&sbt;

sigbr=&sbr;

sigwt=&sut;

sigwr=&svr;

deltas&del;

rho=&r;

sxssCalculate needed parameter valuess**#s;
sig2br=sigbrssigbr;
sig2wr=sigwrssigwr;
sigsql=sigbtesigbt+sigwt*sigut;
sigsq2=sig2br+sig2wr/2;
sigl2=rho*sigbts*sigbr;
beta=sigl2/sigsql;
sigi=sqrt(sigsql+sigsq2-2«sigl2);
lambdal=sqrt(sigsql);
lambdasq2=sigsq2-sigl2+*sigl2/sigsql;
lambda2=sqrt (lambdasq2) ;
mp3=(deltasdelta+sigsql-sig2br-sig2wr) /max(sig2br+sig2wr,0.04);
call symput(’MP3’,mp3);

s»xxxCompute simulated values**sx;
junk=int (100000*ranuni (&seed)) ;

do n=&n1,&n2,&n3,4n4;

nu=3+(n-1);

k=1/sqrt(3#*n) ;

do i=1 to &nsim;

z=normal (0);

ul=2*rangam(0,nu/2);

u2=2srangam(0, (nu-1)/2);
ur=2srangam(0,nu/2) ;

212=normal(0);

d=deltat+k*sigisz;

sswr=sig2vrsur;

ssl=sigsqlesul;

ss2onl=lambdasq2su2;
b=beta+z12#lambda2/sqrt(ssl);
ss2=bsb*ss1+ss2onl;
sig2i=(ss2onl+ss1*(1-b)*(1-b))/nu;
keep n i nu d sigsql ss1 ss2 ss2onl sig2i sswr b k mp3;
output;

end;

end;

run;

s+ssCompute HSCIssss;
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data ball; set sim;

s_0=0.04;

eta0=((log(1.25))**2 + 0.02)/s_0;
e_d=d»d;

t=tinv(0.95,nu);
h_d=(abs(d)+k*t*sqrt(sig2i))==2;
qu=cinv(0.95,nu);

ql=cinv(0.05,nu);

u_d=(h_d-e_d)**2;

u_1=(ss1*(1/ql - 1/nu))»s*2;

if ((ss2/nu+sswr/(2*nu)) gt s_0) then do;
u_2=(ss2*(1+eta0)*(1/qu - 1/nu))**2;
u_3=(0.5*ssur*(1+etad)*(1/qu - 1/nu))«s*2;
lmp3=e_d+ss1/nu-(1+eta0)*(ss2/nu+sswr/(2*nu));
h_mp3=1mp3+sqrt (u_d+u_1+u_3+u_2);

end;

else do;

u_2=(ss2+*(1/qu ~ 1/nu))=**2;
u_3=(0.5*sswr*(1/qu - 1/nu))*»2;
lmp3=e_d+ss1/nu-(ss2/nu+sswr/(2snu) )-s_0=etal;
h_mp3=1lmp3+sqrt (u_d+u_1+u_2+u_3);

end;

phi=(h_mp3 1t 0);

keep n i 1mp3 h_mp3 phi;

run;

proc univariate data=ball noprint;
var phi;

by n;

output out=h3 mean=hsci;

run;

ssxsCompute GPVss=»;
data call; set sim;
s_0=0.04;
eta0=((1log(1.25))*=2 + 0.02)/s_0;
xi=0;

xi2=0;

do j=1 to kngp;
z=normal(0) ;
z12=normal (0) ;
ul=2»rangam(0,nu/2);
u2=2¢rangam(0, (nu-1)/2);
ur=2s»rangam(0,nu/2) ;
sig2wr=sswr/ur;
sigsql=ssi/ul;
lambdasq2=ss2on1/u2;
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sigi=sqrt(sigsql=(beta~-1)**2 + lambdasq2);

delta=d-k*sigi*z;
sigsq2=lambdasq2+beta*beta*sigsql;

gpvmp3=(delta*delta+sigsql-sigsq2-sig2wr/2) /max(sigsq2+sigwr/2,s_0);

xi=xi+(gpvmp3 gt etal);
xi2=xi2+(gpvmp3 gt mp3);
end;

p=xi/&ngp;

c=xi2/&ngp;

psi=(p 1t 0.0S5);
cover=(c gt 0.05);

run;

proc univariate data=call noprint;
var psi cover;

output out=gpv mean=gpv5 cover95;
by n;

run;

smerge results;

data tests; merge h3 gpv;

length test § 5;

by n;

delta=&del;

r=gr;

sigma_bt=&sbt;

sigma_br=&sbr;

sigma_wt=&swt;

sigma_wr=&swvr;

test="&ds";

mp3=&mp3 ;

run;run;

proc
run;

print data=tests;

proc
run;

%mend ;

%simpbe(0.05,0.90,0
%simpbe(0.05,0.95,0
%simpbe (0.05,0.90,0
%simpbe (0.05,0.95,0.
%simpbe (0.05,0.90,0
%simpbe(0.05,0.95,0

append base=mi3.pwerpnd3a data=tests;

.15,5000,10000,20297,4,5,6,7,pla);
.15,5000,10000,41659,4,5,6,7,p1b) ;
.15,5000,10000,99487 ,4,5,7,8,p1c) ;
.15,5000,10000,56821,4,5,7,8,p1d) ;
.23,5000,10000,81847,5,6,8,9,p2a) ;
.23,5000,10000,11597,5,6,8,9,p2b) ;
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%simpbe(0.05,0.90,0.46,0.46,0.23,0.23,5000,10000,29059,4,5,7,8,p2¢c) ;
%simpbe(0.05,0.95,0.46,0.46,0.23,0.23,5000,10000,18593,4,5,7,8,p2d) ;
%simpbe(0.05,0.90,0.3,0.3,0.3,0.3,5000,10000,60737,6,7,8,9,p3a);
%simpbe(0.05,0.95,0.3,0.3,0.3,0.3,5000,10000,88069,6,7,8,9,p3b) ;
%simpbe(0.05,0.90,0.6,0.6,0.3,0.3,5000,10000,60077,4,5,7,8,p3c);
%simpbe (0.05,0.95,0.6,0.6,0.3,0.3,5000,10000,47629,4,5,7,8,p3d) ;
%simpbe(0.05,0.90,0.5,0.5,0.5,0.5,5000,10000,62299,5,6,7,8,p4a);
%simpbe(0.05,0.95,0.5,0.5,0.5,0.5,5000,10000,50503,5,6,7,8,p4b) ;
%simpbe(0.05,0.90,1.0,1.0,0.5,0.5,5000,10000,77081,4,5,7,8,p4c) ;
%simpbe(0.05,0.95,1.0,1.0,0.5,0.5,5000,10000,48673,4,5,7,8,p4d) ;
proc print;

title2;

run;

/tttt*lt‘t‘t‘*‘i‘t““‘tttt“‘t#“..‘tttt
EX2S2P_PBE.SAS

This program does FDA (HSCI) and GPV procedures for PBE
for 2x2 data (Chow and Liu, 2000, Table 3.6.1, pg. 73).
This is the example in Chapter 5, Section 3.
tt"t““tt#‘t““““t‘.“‘tttt““‘t‘t*/

options nodate nonumber 1s=120 ps=64;

title;

*Enter, transform data and define model parameters;
data chow_liu;

input seq subject period trt auc;

lauc=log(auc);

gammal=(trt=1)*((seq=1)-(seq=2));
gamma2=(trt=2)*((seq=1)-(seq=2));

cards;

1112 74.675
112173.675
1412 96.4
1421 93.25

1 512101.95
1521 102.125
161279.05
16 2169.45
11112 79.05
111 2 1 69.025
1121 2 85.95
112 21 68.7
11512 69.725
1 15 2 1 59.425
1 16 1 2 86.275
116 21 76.125
1191 2 112.675
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11921 114.875
1201 2 99.525
12021 116.25
1 2312 89.425
12321 64.175
12412 55.175
124 21 74.575
221174.825
222237.35
231186.875
232 251.925
27 1181.675
272272175
2811092.7
282277.5
291150.45
292271.875
21011 66.125
2 10 2 2 94.025
21311 122.45
2 13 2 2 124,975
21411 99.075
2 14 2 2 85.225
21711 86.35
217 2 2 95.925
21811 49.925
21822 67.1
22111 42.7
221 2 2 59.425
2221 1 91.725
22222 114.05

.o
r3

run,

proc transpose data=chow_liu out=tcl prefix=lc;
var lauc;

by seq subject;

id trt;

run;

*compute statistics;

data tcl; set tcl;

xp=lci=lc2;

d=1lc1-1c2;

run;

pProc univariate noprint;
var 1lcl 1lc2 d;
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output out=st mean=il-i3 css=s1-s3;
by seq;

run;

=compute cross product;

data xp; merge tcl(in=a) st;

by seq;

if a;

if first.seq then sxp=0;
xp=(lcl-i1)*(1c2-i2);

SXp=*SXpP+XPp;

retain sxp;

if last.seq then output;

run;

*finish computing summary statistics;
proc univariate noprint;

var i3 s1-83 sxp;

output out=st2 sum=i sst sSsr ssi ssi12;
run;

data st2; set st2;

nu=22;

mut=sst/nu;

mur=ssr/nu;

misssi/nu;
ssront=ssr-ss12sss12/sst;
=s5s12/sst;

d=i/2;

run;

scompute FDA (HSCI) test;

data ball; set st2;

s_0=0.04;

eta0=((log(1.25))*%2 + 0.02)/s_0;
e_d=d=d;

e_1l=mut;

e_3=-(1+etal) *mur;

t=tinv(0.95,nu);

h_d=(abs(d)+tssqrt(mi)/24)»=2;

qu=cinv(0.95,nu) ;

ql=cinv(0.05,nu);

h_i=nuse_1/ql;

h_3=nu*e_3/qu;

u_d=(h_d-e_d)=»2;

u_i=(h_1-e_1)s2;

u_3=(h_3-e_3)*s2;

mp3=(e_d+e_1-mur)/mur;

lmp3=e_d+te_1+e_3;

h_mp3=lmp3+sqrt(u_d+u_1+u_3);
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run,

proc print data=ball;

run;

scompute GPV;

data call; set st2;

k=sqrt(1/24);

s_0=0.04;

etal0=((log(1.25))*s2 + 0.02)/s_0;
do j=1 to 50000;

z=normal(0) ;

z12=normal(0);
ut=2srangam(0,nu/2) ;
ur=2=rangam(0, (nu-1)/2);
sigsql=sst/ut;
lambdasq2=ssront/ur;
beta=b-z12*sqrt(lambdasq2/sst);
sigi=sqrt(sigsql#(beta-1)#**2 + lambdasq2);
delta=d-k*sigisz;
sigsq2=lambdasq2+betasbeta*sigsql;
gpvmp3=(delta*delta+sigsql-sigsq2)/max(sigsq2,s_0);
psi=(gpvmp3 gt etal);

output;

end;

run;

proc univariate;
var psi gpvmp3;
run;

/lt#“““t“#.t“t“‘ttt‘t‘##‘!t“#“t‘t“‘
SIMPBEP2.SAS

This program does the test size simulations

for PBE/2x2.

Chapter 5, Section 4, Table 1.
“#tttt‘.t‘tt“tt#tttt‘t“'t‘t't‘ttttt‘t“./
options ps=64 1s=120 nodate nonumber; *nomprint;
libname mi3 ’c:\My Documents\My SAS Files\V8’;
title ’Simulation for PBE’;

run;

Jmacro simpbe(del,r,sbt,sbr,swt,swr,nsim,ngp,seed,ds) ;
title2 "delta=&del, rho=&r, sigma_bt=&sbt
sigma_br=&sbr sigma_wt=&swt sigma_wr=&swr";

run;
*create simulation data sets;
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data sim;

ss»sInput model parameter values**sx;
sigbt=ksbt;

sigbr=&sbr;

sigut=gsut;

Sigwrs&swr;

delta=&del;

rho=&r;

sss3xCalculate needed parameter values*sx=;
sig2br=sigbrssigbr;
sig2ur=sigwr*sigwr;
sigsql=sigbt*sigbt+siguwt*sigut;
sigsq2=sig2br+siglwr;
sigl2=rhossigbtssigbr;
beta=sigl2/sigsql;
sigi=sqrt(sigsql+sigsq2-2»sigl2);
lambdal=sqrt(sigsql);
lambdasq2=sigsq2-betasbeta*sigsql;
lambda2=sqrt (lambdasq?2) ;
mp3=(deltasdelta+sigsql-sigsq2) /max(sig2br+sig2ur,0.04);
call symput(’MP3’,mp3);
=sssCompute simulated valuess»s*;
junk=int (100000*ranuni (&seed)) ;

do n=8,12,16;

nu=2*(n-1);

k=1/sqrt(2#=n) ;

do i=1 to &nsim;

z=normal(0) ;

ul=2*rangam(0,nu/2);
u2=2*rangam(0, (nu-1)/2);
212=normal (0) ;

d=deltatk*sigis*z;

ssl=sigsqlsul;
ss2oni=lambdasq2#*u2;
b=beta+z12+lambda2/sqrt(ssl);
ss2=bsb*ssil+ss2oni;
sig2i=(ss2onl+ssi*(1-b)*(1-b))/nu;
keep n i nu d sigsql ssl ss2 ss2onl sig2i b k mp3;
output;

end;

end;

run;

ss»xCompute HSCI*x»x;

data ball; set sim;

s_0=0.04;

eta0=((log(1.25))*=s2 + 0.02)/s_0;
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e_d=d=d;

t=tinv(0.95,nu);
h_d=(abs(d)+kst*sqrt(sig2i))»»2;
qu=cinv(0.95,nu);
ql=cinv(0.05,nu);
u_d=(h_d-e_d)»»2;

u_1=(ss1»(1/ql - 1/nu))*»2;

if (ss2/nu gt s_0) then do;
u_2=(ss2*(1+etal)*(1/qu - 1/nu))*»*2;
lmp3=e_d+ss1/nu-(1+etal)*(ss2/nu);
h_mp3=1mp3+sqrt(u_d+u_1+u_2);

end;

else do;

u_2=(ss2*(1/qu - 1/nu))=»2;
lmp3=e_d+ss1/nu-(ss2/nu)-s_0*etal;
h_mp3=1mp3+sqrt(u_d+u_1+u_2);

end;

phi=(h_mp3 1t 0);

keep n i 1mp3 h_mp3 phi;

run;

proc univariate data=ball noprint;
var phi;

by n;

output out=h3 mean=hsci;

run;

=sxssCompute GPVsssx;

data call; set sim;

s_0=0.04;

eta0=((1log(1.25))=*2 + 0.02)/s_0;

xi=0;

xi2=0;

do j=1 to &ngp;

z=normal (0) ;

212=normal(0);

ul=2srangam(0,nu/2);

u2=2+rangam(0, (nu-1)/2);

sigsql=ss1/ul;

lambdasq2=ss2on1/u2;
beta=b-z12#*sqrt(lambdasq2/ss1);
sigi=sqrt(sigsql*(beta~1)=+2 + lambdasq2);
delta=d-k=*sigis*z;
sigsq2=lambdasq2+betasbetassigsql;
gpvmp3=(delta*delta+sigsql-sigsq2)/max(sigsq2,s_0);
xi=xi+(gpvmp3 gt etal);

xi2=xi2+(gpvmp3 gt mp3);
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end;

p=xi/&ngp;
c=x12/&ngp;
psi=(p 1t 0.05);
cover=(c gt 0.05);
run;

proc univariate data=call noprint;
var psi cover;

output out=gpv mean=gpv5 cover95;
by n;

run;

smerge results;

data tests; merge h3 gpv;

length test $ 5;

by n;

delta=&del;

r=&r;

sigma_bt=&sbt;

sigma_br=&sbr;

sigma_wt=&swt;

sigma_wr=&swr;

test="&ds";

mp3=&mp3;

run;run;

proc print data=tests;
run;

proc append base=mi3.testp2 data=tests;
run;

%mend ;

%simpbe(0.2641837,0.

8 ,0.1,0.1,5000,10000,71363,d1a) ;
%simpbe(0.2641837,0.9 0.1,0.

1,5000,10000,88241,d1b) ;

%simpbe(0.295366,0.8,0. ,0.2,0.1,0 1,5000,10000,54559,d1c);
%simpbe(0.295366,0.9,0.2,0.2,0.1,0.1,5000,10000,32917,d1d) ;
%simpbe(0.373612217,0.8,0.2,0.2,0.2,0.2,5000,10000,46867,d2a) ;
%simpbe(0.373612217,0.9,0.2,0.2,0.2,0.2,5000,10000,19237,d2b) ;
%simpbe(0.590733,0.8,0.4,0.4,0.2,0.2,5000,10000,31699,d2c);
%4simpbe(0.590733,0.9,0.4,0.4,0.2,0.2,5000,10000,61211,d2d);
%simpbe(0.560418,0.8,0.3,0.3,0.3,0.3,5000,10000,85103,d3a);
%simpbe(0.560418,0.9,0.3,0.3,0.3,0.3,5000,10000,65267,d3b) ;
%simpbe (0.886099,0.8,0.6,0.6,0.3,0.3,5000,10000,55061,d3c) ;
%4simpbe(0.886099,0.9,0.6,0.6,0.3,0.3,5000,10000,72277,d3d) ;
%simpbe (0.295366392,0.8,0.2,0.173205,0.1,0.141412,5000,10000,45557,,ela) ;
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%simpbe (0.295366392,0.9,0.2,0.173205,0.1,0.141412,5000,10000,32143,e1b) ;
%simpbe (0.295366392,0.8,0.173205,0.2,0.141421,0.1,5000,10000,14197,e1c);
%simpbe (0.295366392,0.9,0.173205,0.2,0.141421,0.1,5000,10000,33343,e1d) ;
%simpbe (0.590733,0.8,0.387298,0.4,0.223607,0.2,5000,10000,98321,e2a) ;
%simpbe (0.590733,0.9,0.387298,0.4,0.223607,0.2,5000,10000,54517 ,e2b) ;
simpbe (0.590733,0.8,0.4,0.387298,0.2,0.223607,5000,10000,69497 ,e2c) ;
%simpbe (0.590733,0.9,0.4,0.387298,0.2,0.223607,5000,10000,80917,e2d) ;
%simpbe (0.886099,0.8,0.6, ,0.3,0.4472136,5000,10000,55061 ,e3a) ;
%simpbe (0.886099,0.9,0.
8,0.

%simpbe (0.886099,0.

6,0.5
6,0.5,0.3,0.4472136,5000,10000,72277 ,e3a) ;
5,0.6,0.4472136,0.3,5000,10000,10037,e3c) ;
5,0.6,0.4

%simpbe (0.886099,0.9,0.5, ,0.4472136,0.3,5000,10000,80173,e3d) ;
%simpbe (0,0.8,0.282476626,0.1,0.1,0.1,5000,10000,75577,f1a) ;
%simpbe(0,0.9,0.282476626,0.1,0.1,0.1,5000,10000,64621,f1b);
%simpbe (0,0.8,0.356708993,0.2,0.1,0.1,5000,10000,79043,f1c) ;
%simpbe(0,0.9,0.356708993,0.2,0.1,0.1,5000,10000,86923,f1d) ;
%simpbe (0,0.8,0.423775989,0.2,0.2,0.2,5000,10000,46867 ,£2a) ;
%simpbe(0,0.9,0.423775989,0.2,0.2,0.2,5000,10000,19237,£2b) ;
‘hsimpbe (0,0.8,0.713417986,0.4,0.2,0.2,5000,10000,31699,f2¢) ;
%simpbe(0,0.9,0.713417986,0.4,0.2,0.2,5000,10000,61211,£2d) ;
%simpbe(0,0.8,0.635663984,0.3,0.3,0.3,5000,10000,85103,f3a);
%simpbe(0,0.9,0.635663984,0.3,0.3,0.3,5000,10000,65267,£3b) ;
%simpbe(0,0.8,1.070126979,0.6,0.3,0.3,5000,10000,55061,£3c) ;
%simpbe (0,0.9,1.070126979,0.6,0.3,0.3,5000,10000,44897,£3d) ;

proc print;
title?2;
run;

/‘l“t#t‘t‘t““.‘tlt##t‘l‘tt“‘l"#tttt#“t
SIMPBEP2_P.SAS

This program does the power/sample size simulations
for PBE/2x2.

Chapter 5, Section 4, Table 2.
‘##tt“t‘.‘ttt‘#‘t‘tt‘#ttt‘tttt#t‘t*ttttttt/
options ps=64 1s=120 nodate nonumber nomprint;
libname mi3 ’c:\My Documents\My SAS Files\V8’;
title ’Simulation for PBE’;

run;

%macro simpbe(del,r,sbt,sbr,swt,swr,nsim,ngp,seed,n1,n2,n3,n4,ds);

title2 "delta=&del, rho=&r, sigma_bt=&sbt sigma_br=&sbr
sigma_wt=&swt sigma_wr=&swr";

run;

*create simulation data sets;

data sim;

*ssxInput model parameter values*»sx;
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sigbt=&sbt;
sigbr=&sbr;
sigut=&sut;
sigwrs&sur;
delta=g&del;
rho=&r;
*+x*Calculate needed parameter valuessss»;
sig2br=sigbrssigbr;
sig2vur=sigurssigwr;
sigsql=sigbts*sigbt+sigutssigut;
sigsq2=sig2br+sig2wr;
sigl2=rhossigbt=sigbr;
beta=sigl2/sigsql;
sigi=sqrt(sigsql+sigsq2-2#sigl2);
lambdal=sqrt(sigsql);
lambdasq2=sigsq2-betas*beta*sigsql;
lambda2=sqrt(lambdasq?) ;
mp3=(delta*delta+sigsql-sigsq2) /max(sig2br+sig2wr,0.04);
call symput(’MP3’,mp3);
=s+*sCompute simulated valuesss*»;
junk=int (100000+ranuni (¢seed) ) ;
do n=&ni,%&n2,&n3,&n4;

*do n=5 to 20;
nu=2*(n-1);
k=1/sqrt(2sn);
do i=1 to &nsim;
z=normal(0) ;
ul=2*rangam(0,nu/2);
u2=2srangam(0, (nu-1)/2);
212=normal(0);

=delta+kesigis»z;
ssil=sigsqlsul;
ss2onl=lambdasq2#*u2;
b=beta+z12slambda2/sqrt(ss1);
ss2=bsbsssl+ss2onl;
sig2i=(ss2onl+ss1s(1-b)*(1-b))/nu;
keep n i nu d sigsql ssl ss2 ss2onl sig2i b k mp3;
output;
end;
end;
run;

=xxxCompute HSCIs#xx;

data ball; set sim;

s_0=0.04;

eta0=((log(1.25))**2 + 0.02)/s_0;
e_d=d=qd;
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t=tinv(0.95,nu);

h_d=(abs(d) +k*tssqrt(sig2i)) »=2;
qu=cinv{(0.95,nu);
ql=cinv(0.05,nu);
u_d=(h_d-e_d) **2;

u_1=(ssi1*(1/ql - 1/nu))=*=2;

if ((ss2/nu) gt s_0) then do;
u_2=(ss2*(1+etal)*(1/qu - 1/nu))**2;
lmp3=e_d+ss1/nu-(1+etal)*(ss2/nu);
h_mp3=1mp3+sqrt(u_d+u_1+u_2);

end;

else do;

u.2=(s82*(1/qu - 1/nu))**2;
lmp3=e_d+ss1/nu-(ss2/nu)-s_0*etal;
h_mp3=1mp3+sqrt(u_d+u_1+u_2);

end;

phi=(h_mp3 1t 0);

keep n i 1lmp3 h_mp3 phi;

run;

proc univariate data=ball noprint;
var phi;

by n;

output out=h3 mean=hsci;

run;

sxxsCompute GPVsss»s;

data call; set sim;

s_0=0.04;

eta0=((log(1.25))**2 + 0.02)/s_0;
xi=0;

xi2=0;

do j=1 to &ngp;

z=normal (0) ;

z12=normal(0) ;
ul=2srangam(0,nu/2);
u2=2srangam(0, (nu-1)/2);
sigsqgl=ssi/ul;
lambdasq2=ss2o0n1/u2;
beta=b-z12*sqrt(lambdasq2/ssl);
sigi=sqrt(sigsqis(beta-1)*s2 + lambdasq2);
delta=d-k*sigi»z;
sigsq2=lambdasq2+beta*beta*sigsql;
gpvmp3=(deltasdelta+sigsql-sigsq2)/max(sigsq2,s_0);
xi=xi+(gpvmp3 gt etal);
xi2=xi2+(gpvmp3 gt mp3);

end;
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p=xi/&ngp;
c=xi2/&ngp;
psi=(p 1t 0.05);
cover=(c gt 0.05);
run;

proc univariate data=call noprint;
var psi cover;

output out=gpv mean=gpvS cover9S;
by n;

run;

smerge results;

data tests; merge h3 gpv;

length test § 5;

by n;

delta=&del;

r=&r;

sigma_bt=&sbt;

sigma_br=&sbr;

sigma_wt=&swt;

sigma_wr=&swr;

test="&ds";

mp3=&mp3;

run;run;

proc print dataztests;
run;

proc append base=mi3.testp2_p data=tests;

run;

%mend;
%simpbe(0.05,0.90,0.15,0.15,0.15,0.15,5000,10000,20297,7,8,10,11,p1a);
%simpbe(0.05,0.95,0.15,0.15,0.15,0.15,5000,10C00,41651,8,9,11,12,p1b);
%simpbe(0.05,0.90,0.30,0.30,0.15,0.15,5000,10000,99487,7,8,12,13,plc);
%simpbe(0.05,0.95,0.30,0.30,0.15,0.15,5000,10000,56821,6,7,11,12,p1d);
%simpbe(0.05,0.90,0.23,0.23,0.23,0.23,5000,10000,81847,11,12,14,15,p2a);
%simpbe(0.05,0.95,0.23,0.23,0.23,0.23,5000,10000,11597,11,12,14,15,p2b) ;
%simpbe(0.05,0.90,0.46,0.46,0.23,0.23,5000,10000,29059,7,8,12,13,p2¢);
%simpbe (0.05,0.95,0.46,0.46,0.23,0.23,5000,10000,18593,7,8,12,13,p2d);
%simpbe(0.05,0.90,0.3,0.3,0.3,0.3,5000,10000,60737,11,12,14,15,p3a) ;
%simpbe(0.05,0.95,0.3,0.3,0.3,0.3,5000,10000,88069,11,12,14,15,p3b) ;
%simpbe(0.05,0.90,0.6,0.6,0.3,0.3,5000,10000,60077,7,8,12,13,p3c) ;
%simpbe(0.05,0.95,0.6,0.6,0.3,0.3,5000,10000,47629,7,8,12,13,p3d) ;
%simpbe(0.05,0.90,0.5,0.5,0.5,0.5,5000,10000,62299,11,12,14,15,p4a);
%simpbe (0.05,0.95,0.5,0.5,0.5,0.5,5000,10000,50503,11,12,14,15,p4b) ;
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%simpbe(0.05,0.90,1.0,1.0,0.
95,1.0,1.0,0.

5,0.5,5000,10000,77081,7,8,12,13,p4c) ;
%simpbe(0.05,0.95, s

0
, » ,0.5,5000,10000,48673,7,8,12,13,p4d);

proc print;

syhere 1.7 1t mp3 1t 1.8;
title2;

Tun;

/.“ttt.tttt#‘tt‘tttt“t“‘t“tttt#t“t‘tttt
SIMIBEC.SAS

This program does the interval coverage simulations
for IBE/2S4P.

Chapter 7, Section 4.1, Table 2.
tt#‘t‘#tt#ttt‘#tttt.“t#.l"*‘t#t‘#‘t‘tt‘tt/
options ps=64 1s=120 nodate nonumber mprint;
libname mi3 ’c:\My Documents\My SAS Files\V8’;
title ’Simulation for IBE intervals’;

run;

%macro simibe(del,sd,swt,swr,nsim,ngp,n1,n2,seed,ds);

title2 "delta=&del, sigma_d=&sd sigma_wt=&swt sigma_wr=&swr";
screate simulation data sets;

data sim;

ssssInput model parameter values»s*x*;
sigd=ksd;

sigwtslswut;

sigwr=&swr;

delta=g&del;

sxssCalculate needed parameter valuessx*x;
sig2wt=sigwtesigut;

sig2wr=sigur*sigur;
sigi=sigd*sigd+sig2wt/2+sig2wr/2;
sigi=sqrt(sig2i);
mi3=(delta*delta+sig2i+0.5%sig2wt-1.5%sig2wr) /max(sig2wr,0.04);
call symput(’MI3’,mi3);

=s+sCompute simulated valuessssx;

junk=int (100000*ranuni (¢seed)) ;

do n=8,12,16,20;

*do n=5 to 35 by 3;

nu=2#(n-1);

k=1/sqrt(2=n);

do i=1 to &nsim;

z=normal (0) ;

u=2srangam(0,nu/2);

v=2srangam(0,nu/2);

w=2srangam(0,nu/2);
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d=delta+kssigisz;

sswt=sig2wtsu;

sswr=siglursv;

Ssi=sig2isv;

keep n i nu d ssi sswt sswr k mi3;

output;

end;

end;

run;

s*xsxCompute Ting-Burdickss»s;

data ting; set sim;

s_0=0.04;

eta0=((log(1.25))**2 + 0.05)/s_0;

sn=2#*n;

m_i=ssi/nu;

m_t=sswt/nu;

m_r=sswr/nu;

ssdrug=sn=*d=d;

ss*»+This stuff is direct from Burdick simulation programssss;
lambhat=ssdrug/(2*M_i);
nstar=int((1+2+lambhat)*=2/(1+4*lambhat))+1;
f15=cinv(0.05,nu)/nu;

fu2=cinv(0.95,nu) /nu;

£f16=£finv(0.05,nstar,nu);

£f17=£finv(0.05,nu,nu);

hd=nstar/cinv(0.05,nstar)-1;

hi=1/£15-1;

ht=hi;

gr=1-1/fu2;

hdr=((1-£16) *»2-(hd*£16) «»2-gr=»2) /£16;
hir=((1-£f17)*#2-(his£17)»»2-gr*x2)/£f17;

htr=hir;

kil=ssdrug/(sn)+(1-1/(sn))sm_i+.5sm_t;

k2=m_r;

rhohtibe=k1/k2;
k6=(hd*ssdrug/(sn) ) »»2+(hi*(1-1/(sn))*m_i)*»2+ (ht=.5*m_t)*»2;
k7=hdr/(sn)*ssdrug*m_r+ hirs*(1-1/(sn))*m_i*m_r+htr*.5*m_tsm_r;
kB8=(gr*m_r) »*2;

if (m_r gt s.0) then do;

vuiber=(2+k7/(k1*k2)) *»2-4+(1-k8/k2**2)*(1-k6/k1*2) ;

umlsi=rhohtibe=*((2+k7/(k1#k2)+sqrt(vuiber))/(2* (1-k8/k2*%2)))~1.
end;
else do;

vustar=k6+(1.5)»x22k8+1 .5k7;
umlsi=(k1-1.5*k2+sqrt (vustar))/s_0;
end;

chi=(umlsi gt mi3);
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run;

proc univariate data=ting noprint;

var chi;

output out=mls mean=mls;

by n;

run;

ssxsCompute GCI*s»x;

data call; set sim;

s_0=0.04;

eta0=((log(1.25))+*2 + 0.05)/s_0;

xi=0;

xi2=0;

do j=1 to &ngp;

z=normal(0);

u=2srangam(0,nu/2) ;

v=2=rangam(0,nu/2) ;

w=2srangam(0,nu/2) ;

sig2i=ssi/w;

delta=d-ksz»sqrt(sig2i);

sig2wt=sswt/u;

sig2wr=sswr/v;
gpvmid=(delta*delta+sig2i+0.5*sig2wt-1.5%sig2wr)/max(sig2wr,s_0);
del2=1.5*sig2ur+mi3*max(sig2wr,s_0)-sig2i-sig2wt/2;
psi2=(probnorm((d+sqrt(abs(del2)))/(kssqrt(sig2i)))
-probnorm((d-sqrt(abs(del2)))/(k»sqrt(sig2i))))*(del2>0);
xi=xi+(gpvmi3 gt mi3);

x12=xi2+psi2;

end;

c=xi/kngp;

c2=xi2/&ngp;

cover=(c gt 0.05);

cover2=(c2 1t 0.95);

run;

proc univariate data=call noprint;
var cover cover2;

output out=gpv mean=coverl cover2;
by n;

run;

smerge results;

data tests; merge /+*h3*/ mls gpv;
length test $ 5;

by n;

delta=&del;

sigma_d=&sd;

sigma_wt=&sut;
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sigma_wr=&svr;
test="&kds";
mi3=&mi3;

run;

proc print data=tests;
run;

proc append base=mi3.coveria data=tests;

run;

%mend ;
%simibe(0.05,0.01,0.15,0.15,5000,10000,5,6,65479,pla);
%simibe(0.05,0.1,0.15,0.15,5000,10000,6,9,47041,p1b);
%simibe(0.05,0.2,0.15,0.15,5000,10000,10,13,45823,p1c);
%simibe(0.05,0.3,0.15,0.15,5000,10000,10,13,45823,p1d) ;
%simibe(0.05,0.01,0.20,0.20,5000,10000,8,10,54001,p2a) ;
%simibe(0.05,0.1,0.20,0.20,5000,10000,11,14,28031,p2b) ;
%simibe(0.05,0.2,0.20,0.20,5000,10000,17,21,18503,p2c) ;
#simibe(0.05,0.3,0.20,0.20,5000,10000,11,14,54577,p2d) ;
%simibe(0.05,0.01,0.23,0.23,5000,10000,14,17,33893,p3a) ;
4simibe (0.05,0.1,0.23,0.23,5000,10000,14,17,33893,p3b);
%simibe (0.05,0.2,0. 23,0.23,5000,10000,20,24,79087,p3c) ;
%simibe(0.05,0.3,0.23,0.23,5000,10000,20,24,79087,p3d) ;
%simibe(0.05,0.01,0.3,0.3,5000,10000,13,15,47939,p4a);
%simibe(0.05,0.1,0.3,0.3,5000,10000,14,16,41243,p4b) ;
%simibe(0.05,0.2,0.3,0.3,5000,10000,18,20,86453,p4c) ;
%simibe(0.05,0.3,0.3,0.3,5000,10000,18,20,86453,p4d) ;
%simibe(0.05,0.01,0.5,0.5,5000,10000,12,15,26701,p5a) ;
%simibe(0.05,0.1,0.5,0.5,5000,10000,13,15,23227,pSb) ;
%simibe(0.05,0.2,0.5,0.5,5000,10000,14,16,53551,p5c) ;
%simibe(0.05,0.3,0.5,0.5,5000,10000,14,16,53551,p5d) ;

proc print data=mi3.coveria;
title2;
run;

/tt‘#t‘“lt#‘tt#'t"#tt‘ttt‘tt‘tt‘tt‘tt##‘tt
SIMPBEC.SAS

This program does the interval coverage simulations
for PBE/2S4P.

Chapter 7, Section 4.2, Tables 3 & 4.
tttt‘t‘“t“‘ttt““t.tt‘ttt‘t‘ttttttt““t/
options ps=64 1s=120 nodate nonumber;=*print;
libname mi3 ’c:\My Documents\My SAS Files\V8’;
title ’Simulation for PBE intervals’;
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run;
%macro simpbe(del,r,sbt,sbr,swt,swr,nsim,ngp,seed,nl,n2,n3,n4,ds);

data sim;

s+ssInput model parameter valuesss=x;
sigbt=&sbt;

sigbr=&sbr;

sigut=aksut;

sigwr=&swur;

delta=kdel;

rho=&r;

=xx2Calculate needed parameter values*s»=*;
sig2bt=sigbts*sigbt;
sig2br=sigbrssigbr;
sig2wut=sigut*sigut;
sig2wr=sigwrssigwr;
sigsql=sig2bt+sig2wt/2;
sigsq2=sig2br+sig2wr/2;
sigl2=rhos*sigbt*sigbr;
beta=sigl2/sigsql;
sigi=sqrt(sigsql+sigsq2-2+sigil2);
lambdal=sqrt(sigsql);
lambdasq2=sigsq2-sigl2*sig12/sigsql;
lambda2=sqrt (lambdasq2) ;
mp3=(deltasdelta+sig2bt+sig2wt-sig2br-sig2wr)/max(sig2br+sig2wr,0.04);
s+*sCompute simulated valuesssss;
junk=int (100000*ranuni (&seed) ) ;

do n=8,12,16,20;

nu=2+(n-1);

k=1/sqrt(2»n) ;

do i=1 to &nsim;

z=normal(0);

ul=2srangam(0,nu/2);

u2=2srangam(0, (nu-1)/2);
ut=2+rangam(0,nu/2) ;
ur=2+rangam(0,nu/2);

z12=normal (0) ;

d=deltatkssigisz;

sswt=sig2utsut;

sswr=sig2ursur;

ssl=gigsqlsul;

ss2oni=lambdasq2*ul;
b=beta+z12+lambda2/sqrt(ssl);
s52=bsbsssi+ss2onl;
8ig2i=(ss2+ss1+(1-2*b))/nu;

keep n i nu d ssl1 ss2 ss2onl sig2i sswt sswr b k mp3;
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output;

end;

end;

run;

ssx+Compute Ting-Burdickesss;

data ting; set sim;

s_0=0.04;

eta0=((log(1.25))*»*2 + 0.02)/s_0;

stt=2#*gs1/nu;

srr=2*8s2/nu;

st=sswt/nu;

sr=sswr/nu;

sn=2#n;

ssd=sn=d=d;

lambda=ssd/(2+s8ig2i);

nstar=ceil ((1+2slambda)*(1+2«1lambda)/(1+4slambda));
sdt=2=ssd/sn+stt+st;

ndt=ceil (sdt*sdt/(4sssd*ssd/(sn*sn*nstar)+(stt*stt/nu)+(st*st/nu)));
if (srr+sr gt 2#s_0) then do;

SIC=SIT+Sr;

nrc=ceil (src*src/((srrssrr/nu)+(sr*sr/nu)));
f1=finv(0.05,ndt,nu);

£2=finv(0.95,nu,ndt);

£3=finv(0.05,nrc,nu);

£f4=£finv(0.95,nrc,ndt);

c0=1-2/nrc;

c2=(c0-£3)*=x2;

cl=((cO*(£f2-1) ) »»2)-c2ef2ef2;

c3=(f4-c0)»»2;

c4=((cOx(1-£1)) *»2)-c3sf1efl;
rhohat=(sdt-2+8ig2i/sn)/src;
vul=clssdt*sdt+4sc2+sig2i*3ig2i/(sn=sn);
vu2=c3ssdt*sdt+4+c4+sig2issig2i/(sn*sn);
dt=snssdt/(2*sig2i);

if (dt le f1) then u_pber=cOsrhohat+sqrt(vul)/src-1;
else if (dt gt f1) then u_pber=cOsrhohat+sqrt(vu2)/src-1;
chi=(u_pber gt mp3);

end;

else do;

sir=srr+sr+2*sig2i/sn;
nir=ceil(sir»sir/((4»sig2issig2i/(sn*sn*nu) )+(srrssrr/nu)+(sr*sr/nu)));
hi=(ndt/cinv(0.05,ndt))-1;

g2=1-nir/cinv(0.95,nir);
c5=2((1-finv(0.05,ndt ,nir) ) *»*2-£finv(0.05,ndt ,nir)
*£inv(0.05,ndt ,nir)*hishi-g2+g2)/£finv(0.05,ndt ,nir);
vm3=sdt#*sdt*hl*hl+sir*sir=g2+g2+cS5ssdtssir;
u_pbec=(sdt-sir+sqrt(vm3))/(2*s_0);
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chi=(u_pbec gt mp3);
end;
run;

proc univariate data=ting noprint;
var chi;

output out=mls mean=mls;
by n;

run;

sxx2Compute GPV*s%x;
data call; set sim;

s_0=0.04;
etal0=((log(1.25))*+2 + 0.02)/s_0;
xi=0;
do j=1 to &ngp;

=normal (0);

z12=normal(0);
ul=2+*rangam(0,nu/2);
u2=2srangam(0, (nu-1)/2);
ut=2*rangam(0,nu/2);
ur=2*rangam(0,nu/2) ;
sig2wt=sswt/ut;

sig2vwr=sswr/ur;

sigsql=ssi/ul;
lambdasq2=ss2on1/u2;
beta=b-z12+sqrt(lambdasq2/ss1);
sigi=sqrt(sigsql*(beta-1)»+2 + lambdasq2);
delta=d-k*sigi»z;
sigsq2=lambdasq2+betas*beta*sigsql;
gpvmp3=(delta*delta+sigsql+sigut/2-sigsq2-sig2wr/2)/max(sigsq2+sig2wr/2,s_0);
xi=xi+(gpvmp3 1t mp3);

end;
p=xi/&ngp;

cover=(p le 0.95);
run;

proc univariate data=call noprint;
var cover;

output out=gpv mean=cover_gpV;
by n;

run;

smerge results;

data tests; merge mls gpv;
length test § 5;

by n;

delta=&del;

r=&r;
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sigma_bt=&sbt;
sigma_br=&sbr;
sigma_wt=&swt;
sigma_wr=&swr;
test="&ds";
run;

proc print data=tests;
run;

proc append base=mi3.coverp data=tests;

run;

%mend ;
%simpbe(0.0S,O.?0,0.15,0.15.0.15,0.15,1000,1000,20291,6,7,8,9,p1a);
%simpbe(0.05,0.80,0.15,0.15,0.15,0.15,5000, 10000,20297,6,7,8,9,p1b);
%simpbe(0.05,0.90,0.15,0.15,0.15,0.15,5000,10000,41659,6,7 8,9,plc);
%simpbe(0.05,0.70,0.30,0.30,0.15,0.15,5000, 10000,99487,5,6 9,10,p1d);
‘%simpbe(0.05,0.80,0.30,0.30,0.15,0.15,5000,10000,99481,5,6,9,10,ple);
%simpbe(0.05,0.90,0.30,0.30,0.15,0.15,5000, 10000,56821,5,8,9,10,p1f);
%simpbe (0.05,0.70,0.23,0.23,0.23,0.23,5000,10000,81847,7,8,9,10,p2a);
%simpbe (0.05,0.80,0.23,0.23,0.23,0.23,5000,10000,81841,7,8,9,10,p2b) ;
%simpbe(0.05,0.90,£.23,0.23,0.23,0.23,5000,10000,11597,7,8,9,10,p2¢);
Zsimpbe(0.0S,O.?0,0.46,0.46,0.23,0.23,5000,10000.29053,6,8,9,10,p2d);
%simpbe(0.05,0.80,0.46,0.46,0.23,0.23,5000,10000,29059,6,8,9,10,p2e);
%simpbe (0.05,0.90,0.46,0.46,0.23,0.23,5000,10000,18593,5,6,9 ,10,p2f);
%simpbe(0.05,0.70,0.3,0.3,0.3,0.3,5000,10000,60743,7,8,9,10,p3a);
%simpbe(0.05,0.80,0.3,0.3,0.3,0.3,5000,10000,60737,7,8,9,10,p3b);
%simpbe(0.05,0.90,0.3,0.3,0.3,0.3,5000,10000,88069,7,8,9,10,p3¢);
%simpbe(0.05,0.70,0.6,0.6,0.3,0.3,5000,10000,60083,6,8,9,10,p3d);
%simpbe(0.05,0.80,0.6,0.6,0.3,0.3,5000,10000,60077,6,8,9,10,p3e);
%simpbe(0.05,0.90,0.6,0.6,0.3,0.3,5000,10000,47629,5,8,9,10,p3f) ;
%simpbe(0.05,0.70,0.5,0.5,0.5,0.5,5000,10000,62293,7,8,9,10,p4a) ;
%simpbe(0.05,0.80,0.5,0.5,0.5,0.5,5000,10000,62299,7,8,9,10,p4b) ;
%simpbe(0.05,0.90,0.5,0.5,0.5,0.5,5000,10000,50503,7,8,9,10,p4c);
%simpbe(0.05,0.70,1.0,1.0,0.5,0.5,5000,10000,77087,6,7,9,10,p4d) ;
%simpbe(0.05,0.80,1.0,1.0,0.5,0.5,5000,10000,77081,6,7,9,10,p4e) ;
%simpbe(0.05,0.90,1.0,1.0,0.5,0.5,5000,10000,48673,5,6,8,9,p4f) ;

proc print;
run;
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Week Subject Treatment Sequence Replication Cmax AUC
1 1 10.61 40.13
11.85 45.62
9.38 43.34

8.52 53.085
6.54 34.54
7.583 34.24
8.03 39.3
8.42 28.66
6.82 33.3
6.87 39.85
8.74 35.78
8.04 42.13

10.02 72.52
12.44 70.15

8.29 64.33
18.23 93.55
7.94 27.83
9.48 30.92
5.92 24.12
6.08 22.87
6.74 28.77
7.69 34.83
4.24 21.38
4.36 19.55
8.14 33.25

10.87 39.26
11.89 35.56
6.15 22.85
5.3 33.09

6.03 33.09
2.26 16.04

O O © © 0000 W NNNNOOOOOOOOO OO OB BB P WWWWNNNDND - -

N =D WA B WN - B WN PR WNF D WRN D WN P D WN PR DWW WD WNE & WD
NN HRODNPFENDDE RS ON™ PP ODNNS PN =D DR DN DN =D NN
N =N =N DN RN NN =N RN =R DN RN =D R DD =ND~N

WWWWwWWwNNNNMMDNDNDNDNDDNNNDNDRNRNDNDNDNRNDNDNDRNNRNPS - = s P

4.03 19.585
3.85 18.67
6.1 24.44
4.1 29.61
3.12 20.51
10 6.14 28.89
10 7.38 32.74
10 6.76 30.06
10 7.7 32.42
11 5.87 36.82
11 5.15 24.5
11 6.6 28.83
11 6.7 26.41
12 10.03 53.19
12 9.02 47.59
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3 121 3 1 8.8 37.71
4 121 3 2 7.23 41.8
1 13 2 3 1 7.89 27.95
2 13 2 3 2 4.25 24

3 131 3 1 6.7 29.56

4 13 1 3 2 5.56 33.17
1 14 2 3 1 7.06 20.48
2 14 2 3 2 11 32.9

3 141 3 1 3.65 24.24
4 14 1 3 2 5.01 21.5
1 16 2 3 1t 6.58 37.49
2 15 2 3 2 18.33 45.96
3 151 3 1 7.51 34.47
4 15 1 3 2 5.27 35.35
1 16 2 4 1 6.65 27.87
2 161 4 1 6.01 23.97
3 16 1 4 2 8.82 47.7
4 16 2 4 2 7.51 35.61
1 17 2 4 1 6.85 29.37
2 17 1 4 1 5.82 23.08
3 17 1 4 2 4.9 23.41

4 17 2 4 2 6.25 37.04
1 18 2 4 1 5.21 16.55
2 181 4 1 3.9 17.57
3 181 4 2 2.9 15.48
4 18 2 4 2 3.114.94

1 19 2 4 1 6.91 39.77
2 191 4 1 7.86 33.83
3 191 4 2 4.7 22.75
4 19 2 4 2 5.12 24.17
1 20 2 4 1 12.8 52.82
2 201 4 1 11.1 47.39
3 201 4 2 9.22 56.32
4 20 2 4 2 10.7 58.61
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Bayesian Analysis of Population Bioequivalence Using the
Independence

Chain Algorithm in PROC MIXED
Richard McNally, Colorado State University, Fort Collins, CO

ABSTRACT

The statistical test for population bioequivalence given in the current FDA guidance document on this matter
ignores the dependence between summary statistics. It is very conservative in cases where there is a high
degree of correlation of subject responses between test and reference formulations, which is usuaily the case
in bioequivalence studies. Adapting the ideas of Kass and Woilfinger (2000), we use the PRIOR statement in
PROC MIXED to approximate the distribution of the population bioequivalence parameter ©pge, from which we
can construct tests based either on the probability of the upper tail region (i.e., Pr{©pge>6yp)), or on the one-
sided upper 95% confidence bound of Orse,. We show that this test can conclude population bicequivalence
when the FDA method does not. We also examine the statistical properties of this approach. The Kass and

Wolfinger approach is also compared to another altemative given by McNally at al which is also more powerful
than the FDA method, but is slightly anti-conservative.

INTRODUCTION

On 31 January 2001, the US Food and Drug Administration (FDA) issued a new guidance document Statistical
Considerations for Bioequivalence Studies (2001). This document codified the requirement that biocequivalence
studies included the assessment of population and individual bioequivalence, in addition to average
bicequivalence. Two formuiations of the same drug product are average bioequivalent if their mean difference
is within allowed limits with reasonable assurance. More specifically, two products are average bioequivant if
the 90% confidence interval of ur-ur is completely inside the interval (-0.22314,0.22314), assuming that the
original data has been log-transformed. This test procedure is equivalent to the Two One-Sided Tests
proposed by Schuirmann (1987), the formal statement of this is contained in the 1992 FDA guidance document
on statistical analyses of bioequivalence studies. But even as it was being formalized, the adequacy of
average bioequivalence (ABE) alone to assure that patients whose prescriptions are switched from a brand
name drug to a generic product would receive the same therapeutic effect was being questioned. Also
questioned was whether ABE was adequate to assure that a patient who received a generic product as a new
prescription would receive the same therapeutic benefit as with the brand-name product. In response to these
concerns, the respective concepts of individual bioequivalence (IBE) and population bioequivalence (PBE)
were developed. The recent FDA guidance document on bioequivalence gives criteria and suggested testing
methods for IBE and PBE. The test for IBE is taken from Hyslop, Hsuan, and Holder (2000), who constructed
a method for calculating an upper 95% confidence bound based on the FDA criteria. In the guidance
document, the agency adapted this procedure to construct a test for PBE. Unfortunately, some of the
summary statistics used to construct the FDA test are not statistically independent, whereas in Hyslop et a/, the
summary statistics are independent. It appears that, when observations within a subject are highly correlated,
which is usually the case in bicequivalence studies, the FDA test is very conservative. In fact, it is possible that
this test will not conclude for the same data that provides evidence of IBE. This appears to the conceptual
hierarchy that IBE is a higher standard than PBE, which in turn is a higher standard than ABE.

One approach that deals with the dependency problem was developed by McNally, lyer, and Mathew (2001).
This approach applied the generalized p-value (GPV) methodology introduced by Tsui and Weerahandi (1989).
Using the GPV, McNally et al were able to develop a mare powerfui test for the PBE criterion, aithough this test
appeared at times to be slightly anti-conservative. The present investigation examines a second approach.

We extend the work of Kass and Wolfinger (2000), who applied a variant of Monte Carlio Markov chain (MCMC)
methodology, the independence chain (IC) algorithm, to construct confidence intervals (which Bayesians would
call credible regions) for individual variance components and general functions of these components. Best of
all, the IC algorithm can be implemented using the PRIOR statement in PROC MIXED. Applying the IC
algorithm to the PBE criterion produces a test that appears to have properties similar to those of the GPV, and
is much more powerful than the FDA test.

STATISTICAL DESIGN AND MODEL
Consider the following 2-sequence/4-period crossover design

Period 1 2 3 4
Sequence1 T R T R
Sequence2 R T R T
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where T represents the test (generic) formulation and R represents the reference (innovator) formulation. To
assess population bioequivalence for data from this study design, we use the following model

Yipa=tk + Yiat + Nijk + Eija m

where i=1,2 is the sequence number, j=1..n; is the | subject in sequence i, k=T,R is the treatment, and I=1,2 is
the replicate number. Thatis to say, Yiw is the response of subject j in sequence i receiving replicate | of
treatment k. The fixed effect of treatment k is i, and the fixed effect of cell ikl is yi. The random subject
effect is nik, and the random within-subject effect is . The random subject effect has a bivariate normal
distribution for each subject with a zero mean vector and the following covariances

Varmm=o®sr  Var(njp)=c®sn  Covinyr, Njr)=p Oerder

The within-subject effect has a normal distribution with mean 0 and variance o°wx (K is the treatment). This is
the statistical model used by both Hyslop at a/ and the FDA guidance document for analyzing PBE and IBE
data. For details on this modei, see Chinchilli and Esinhart (1996).

The FDA test for PBE is based on the following summary statistics

Uir=(Yi1+Yi12)/2 Uir=(Yir1+Yjr2)/2
Vir=(Yirr-Yira)V2 Vig=(Yjr1-Yira)/N2

The problem with the FDA test arise with the joint distribution of Ujr and Ujr; they have covariance postosr, SO
that they are independent only when p=0. Now Hyslop et al (2000) computed a confidence interval for the IBE
criteria, which is a linear combination of independent components. Their exposition is based on the work of
Howe (1974), who computed a confidence interval for the difference of 2 independent mean squares. But
consider the PBE criterion

Orse = )]

where S=ur-ua, 0°rT=0%ar+0°wr and 6°1r=0°sr+0°wn. By ignoring the dependence noted above, the FDA test
appears to put much too high of a bound on linear combinations involving o”sr and o®gr, so that the FDA test is
very conservative. The same is true of the test based on the confidence intervals developed by Quiroz et a/
(2001). McNally et a/ (2001) solved this problem by decomposing the covariance matrix of the joint normal
distribution of the (Uir,Uir) pairs, which produced a test more powerful than the FDA test. This test was based
on the generalized p-value (GPV) methodology of Tsui and Weerahandi (1989). Tsui and Weerahandi noted
similarities between the numerical calculations given by the GPV method for a given problem (e.g., the
Behren-Fisher problem) and by various Bayesian formulations of the same problem. These remarks raised our
interest in approaching the PBE problem from a Bayesian perspective.

Wolfinger and Kass (2000) approached the problem of calculating confidence intervals for general functions of
variance components using a Monte Carlo Markov Chain (MCMC) method called the independerice chain
algorithm (IC). The idea is that in certain mixed models (e.g., the one-way random-effects model with balanced
group sizes) the mean squares have well-defined (i.e., Chi-squared) distributions. Theretore, we can
implement MCMC by sampling directly from the posterior distribution of the random effects. Once a set of a
random effects is generated, they can be piugged into a muiltivariate normail likelihood to generate random
realizations of the fixed effects. In other words, the posterior of the fixed effects is the likelihcod times a flat
prior {(f(x)=1). The base distribution (i.e., the distribution that generates MCMC candidate points) for the
random-effects is exact, so that MCMC samples are rejected only if they are not in the parameter space, which
may occur, for example, if an individual variance component is astimated to be negative. Even for modestly
unbalanced data, the base distribution is usually a good approximation to the true prior. This algorithm is
implemented in SAS using the PRIOR statement in PROC MIXED.

The FDA guidance document recommends that sponsors use method of moments (MoM) estimators for the
mean difference and variance components instead of restricted maximum likelihood (REML) estimators when
assessing IBE and PBE. The reason for this is given by Chen et al (2000), that REML. relies heavily on the
assumption of normality, whereas MoM does not. But Chinchilli and Esinhart showed that, for the model given
above for the 4-period crossover design, the MoM and the unrestricted REML estimates are the same (the
unrestricted REML estimates for the random-subject effects are those given by using type=un in the
RANDOM statement). Therefore, the distinction between REML and MoM may seem unimportant here. This
could be considered auspicious, since the posterior that we are using to generate MCMC samples is
conditioned on the REML estimates. The MCMC samples are also generated within the context of normal
linear models theory, which may appear to be at odds with regulatory reluctance to assume normality. But the
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only inferential method proposed for PBE that does not use normality for inference is the nonparametric
bootstrap.

INDEPENDENCE CHAIN ALGORITHM

The independence chain (IC) algorithm is a special case of rejection sampling. See Tiemey (1994) for a good
overview of MCMC methodology, including rejection sampling and, in particular, the independence chain.
Modei (1) is a special case of the general linear mixed model

y=XB +2y +¢ (3)

where y is a vector of observed responses, X is the design matrix corresponding to the fixed-effects parameter
vector 3, Z is the design matrix corresponding to the random-effects parameter vector y, and ¢ is the residual
arror vector. We assume that y and ¢ are independent and have multivariate normal distributions with mean 0
vectors and covariance matrices G and R, respectively. In the variance component setup, G and R are
diagonal matrices (i.e., the effects associated with the variance components are independent), but lor the
population bioequivalence problem we will need G to be a generai covariance matrix. Let 6 be the vector of
variance components, /.e., the components of G and R. Since we are working in the Bayesian framework, the
analysis revolves around the posterior distribution of the model parameters. The joint posterior density of
(B.v.9) is

fiB.v.8ly)=fB.via.y)fely) (4)

The basic procedure is to simulate the density f(6]y) of the variance components using an independence chain,
then, conditioning on ©, to simulate from Ap,y|8,y) as a multivariate normai distribution. We assume, with
Wolfinger and Kass, that  has a uniform prior f8)=1. Now

f8ly)e<AylB)R0O) (5)

is the posterior on 8. The prior distribution (8) that we use is the Jeffreys’ prior (Jeffreys’ prior is actually a
class of uninformative and often improper prior distributions).

Wolfinger and Kass summarized the IC algorithm for variance components in the following way:

1. Transform the variance components to approximate independence using the ratios established in the
MIVQUE(0) coefficient matrix.

2. Determine inverted-gamma densities for each transformed parameter by performing a linear
regression on a series of grid evaluations of the log-marginal posterior of the variance companents,
A8ly). This posterior is computed by taking the product of the restricted likelihood and some prior.

3. Form the base sampling density for the transformed variance components, g(6ly), by taking the

product of the inverted gamma densities from step 2.

Use an independence chain to generate a pseudo-random sample from f8ly).

Given sampied values for the variance components, use the muitivariate normal distribution to

generate observations for the mean [i.e., fixed] parameters.

o

In the independence chain algorithm (step 4), MCMC proposais are drawn from a fixed based sampling density
g(0ly). Since the proposal density is exactly the posterior for model (1), the acceptance probability of a MCMC
proposal should be close to 1. What complicates the situation for popuiation biocequivaience is that the
functions of the variance components in which we are interested are not independent. So we modify the above
method by allowing an inverted-Wishart density to be used in step 2. This should give tests constructed based
on the IC algorithm an advantage over tests that do not take statistical dependence into account.

Since we are interested in tests of hypothesis, we use the posterior distribution to construct tests for population
bioequivalence. For a general function T(B,0) of the mixed model parameters, if Ho:T(B,0)>Tq is the null
hypothesis, then we can compute an estimate of the 95-percentile of this function and compare it to the
pre-specified upper bound To. The values less than this percentile would form a one-sided 95% credible
region, the Bayesian equivalent of a confidence interval, for T(B,0). An alternative is to compute the area of the
extreme or tail region, i.e., D(X)=Pr(T(B,8)>To), where D(X) is a function of the data, called the discrepancy of
the observed data (Meng, 1994). This procedure is similar to the calculation of a frequentist p-value, and is
even more similar to the generalized p-value of Tsui and Weerahandi (1989), the methodology on which
McNally et al based their test of population bicequivalence. Caiculations of this type are not generally accepted
by Bayesians, but Rubin (1984) defended this type of test procedure as being Bayesianly justifiable under
certain circumstances, and cited the use of tail probabilities by Box and Tiao to evaluate model differences.
Rubin subsequently gave this measure of discrepancy a name, the posterior-predictive p-value. Meng
develops some of the theory of posterior-predictive p-values, and he also notes their similarity to generalized p-
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values.

IMPLEMENTING THE IC ALGORITHM IN PROC MIXED
The following is the SAS® code used to implement the IC algorithm.

data parmcrans;
input covpl-covpS;

cards;
20010
02000
00201
00010
00001
run;

proc mixed data=mph;

class treatment;

model lnauc=treatment gammal-gammaé / ddfm=satterth;
random treatment/subject=subject type=un g;
repeated/group=treatment;

estimate 'F' treatment -1 1 / cl alpha=0.1;

prior / alg=ic nsample=le4 lognote=le3 tdata=parmtrans out=sample;
run;

data pbe; set sample;
s_0=0.04;
thetal=((log(1.25))**2 + 0.02)/s_0;

thetap={{estl*estl) -covpl+covpl-covpé+covps) /max(covpl+covpd,s_0);
psi=(thetap gt thetal);
run;

proc univariate data=pbe;
var thetap psi;
run;

The first data step is needed so that PROC MIXED uses the proper transformation of the cavariance
parameters. The default action is for the procedure to generate this transformation automaticaily. For
balanced random-effects models, the coefficients of this transformation are those of the estimated mean
squares. in general, these transformations are the MIVQUE(Q) equations, normalized by dividing through by
the coefficient of the residual effect. But in the population bicequivalence model, the residual effects depend
on treatment, so the procedure cannot properly generate this transformation. Fortunately, the
tdata=parmtrans option in the PRIOR statement allows the user to specify the correct transformation.

The PROC MIXED call fits the model in equation (1) above to the log-transformed pharmacokinetic data. Here
the pharmacokinetic parameter is area under the plasma-concentration/time curve (AUC). The gammal-
gammaé are indicator variables that must be created in a data step. Since the model (1) has a mean effect for
each treatment, there are estimability conditions on the gammas. Chinchilli and Esinhart have the details on
these conditions. Using type=un in the RANDOM statement gives the method of moments estimates for the
variance components in this design. The group=treatment option in the REPEATED staternent allows us to
have separate residual terms for each treatment group. The use of the group option is what necessitates the
use of the tdata option in the PRIOR statement. The treatment contrast in the ESTIMATE statement is
needed so that estimates of the 8§ parameter in (2) wiil be included in the MCMC samples. Here the
ESTIMATE staternent options request a 90% confidence interval for the estimate of 8. This is considered
equivalent to the two one-sided tests for average bioequivalence of Schuirmann (1987).

The PRIOR statement implements the MCMC sampling routine in PROC MIXED. Here we are using the
default prior distribution in MCMC sample generation, which is the Jeffreys’, or uninformative, prior. The user
can specify their own prior by creating a data set with the distribution name and the parameters of the prior,
which is called using data=<data set>. An example of a user-specified prior is given in Wolfinger and Kass.
The user can also specific a £1at prior, {8)=1, in which case the posterior used to generate the MCMC
sampies for the variance component is the likelihood function. We have also specified the following options on
the PRIOR statement. The option alg=ic specifies that the independence chain algorithm is to be used to
generate MCMC samples as described in the previous section. Technically, this is not needed as the
independent chain is the default. The nsample=10e4 statement specifies that 10000 MCMC samples be
generated and put into the bayes data set specified in the out= statement. The default number of samples is
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1000, but Wolfinger and Kass recommend 10000 samples in order to get more accurate results. We follow the
progress of the sample generation using the Lognote=10e3 option, which causes a message to be printed on
the LOG for every 1000 samples generated. We have already discussed the use of tdata=parmtrans.
Other useful options that give information on the generation of MCMC samples can be found in the SAS online
help on PROC MIXED.

The data step that follows computes the population bioequivalence function, and both the boundary and the
indicator of the tail region. In this data step est1=8, covp1=a°gn, COVP2=p0aTOaR, COVP3=02pT, COVPA=C>wWR,
and covp5=c®wr, which can be used to calculate estimates of the population bicequivalence criterion (equation
(2)). We then use PROC UNIVARIATE to compute the percentiles of the population bicequivalence function
and the posterior-predictive p-value.

EXAMPLE: METHYLPHENIDATE

Meyer et al (2000) studied the individual bicequivalence of brand name and generic versions of
methylphenidate (better known by the brand name Ritalin™), which was evaluated using the method of Hyslop
et al (2000), whose methodology is recommended by the FDA. McNally et a/ (2001) also examined the
individual and population bioequivalence of these of these drug formulations. In examining the
pharmacaokinetic metric Area Under the concentration-time Curve (AUC), McNally et a/ used the generalized p-
value (GPV) to conclude that the brand name and generic formulations were population bioequivalent, contrary
to what would be concluded according to the methodology recommended in the FDA guidance document
(2001), and also contrary to the conceptual hierarchy that IBE is a higher standard than PBE, since Meyer et al
concluded the formulations were individual bioequivalent with respect to AUC. Bootstrap analysis seemed to
confirm the conclusions of McNally et al. The difference between the GPV and FDA tests is that the GPV test
accounts for the dependence between summary statistics, which appear to yield a more powerful test for
population bioequivalence. Since the independence chain methodology also accounts for dependence
(technically, in the Bayesian context the dependence is between the variance components), its performance
should be similar to that of the GPV test.

The parameters for the base density are v=16, 611=4.1570, 512=3.1467, 622=2.9777 for the inverted Wishart,
a=8 and $=0.4150 for the inverted gamma corresponding to o*wr. and a=8 and B=0.2723 for the inverted
gamma corresponding to o*wn. The values of parameters of the inverted gamma distribution are, respectively,
one-half the degrees of freedom for calculating the variance components and one-haif the sum of squares of
the corresponding variance component. Table 1 summarizes the methylphenidate AUC population
bioequivalence results. The first group of numbers are upper 95% confidence bounds based, respectively, on
the generalized confidence interval (Weerahandi (1993), GCl), the independence chain (ICCR), and the FDA
method. The upper bound for both the GCI and ICCR are similar and well under the regulatory upper bound of
1.7448, so that we can conciude population bioequivalence from both methods. The FDA interval is on a
ditferent scale, which requires that the upper bound be less than O in order to conclude population
bicequivalence, which it is not in the table. Therefore, from the FDA test we would draw a conclusion contrary
to that of the other 2 methods. The next 2 numbers are the areas of tail or extreme regions (i.e.,
Pr(©prge>1.7448), which are similar to the conventional frequentist p-value. The first is generalized p-value
(GPV); the second is the posterior predictive p-value (PPPV). In practice, these values can be used in the
same manner as conventional p-values to assess statistical hypotheses. Again, the values are similar and
both lead credence to the belief that the 2 formulations of methyiphenidate are population bioequivalent. The
FDA method does not yield anything comparable to a p-value.
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Table 1. Population Bioequivalence of Methylphenidate
95% Upper Bound Area of Critical Region
ICCR GCI FDA GPV PPPV
1.122 1.101 0.02836 0.0038 0.0040
Values in bold indicate the conclusion of population bicequivalence.

SIMULATIONS

We did some small simulation studies to evaluate the statistical properties of the IC testing methodology for
population bioequivalence. The size of the test was evaluated by examining various points on the boundary of
the nuil hypothesis for 6 subjects per sequence. For each set of parameter values 500 sets of individual
observations were generated. For each set of observations, 2000 MCMC points were generated which were
used to assess population bicequivalence. The estimated size of the test is percentage of replicated data sets
out of 500 that were judged to be population bioequivalent by evaluating the posterior predictive p-value at the
a=0.05 level. The test size estimates are summarized in Table 2.

The resuits in this tabie are based on a relatively small simulation samples. Therefore, the estimated sizes
should be treated as rough approximations. However, it is clear from the above table that the size of the IC
test for population bicequivalence is slightly anti-conservative for at least a good part of the parameter space.
This is most notable when § is outside of the acceptable region for average bioequivalence (i.e., |3|>log(1.25)),
as was observed by McNally et al for the GPV test. The estimated sizes are consistent with a resuit of Meng,
that the size of a test based on the posterior predictive p-value has an upper bound of 2a, where « is the
nominal significance level of the test procedure.

Table 2. Estimated Size of IC Test for Population Bioequivalence n=6

§=0.2954 8=0
aar=0.2 agr=0.1732 car=0.2 0s87=0.3567
oar=0.2 osr=0.2 0sr=0.1732 osr=0.2
owt=0.1 awt=0.1414 owt=0.1 owt=0.1

P owr=0.1 owr=0.1 owr=0.1414 owr=0.1
0.8 0.088 0.042 0.084 0.046
0.9 0.092 0.066 0.074 0.062

§=0.5807 8=0
agar=0.4 0s7=0.3873 car=0.4 os1=0.7134
osr=0.4 osr=0.4 0sr=0.3873 ogr=0.4
owr=0.2 owr=0.2236 owr=0.2 owr=0.2

0 owr=0.2 owr=0.2 own=0.2236 owr=0.2
0.8 0.066 0.060 0.056 0.046
0.9 0.066 0.070 0.054 0.044

5=0.8861 3=0
osr=0.6 oar=1.0701
08r=0.6 o0ar=0.6

P | owr=owr=0.3 | owr=owa=0.3
0.8 0.060 0.038
0.9 0.058 0.046

The power of the IC test for population bioequivalence was evaluated for §=0.05, car=08r=0.3,0.46,0.6,1.0,
owr=0wr=0.15,0.23,0.3,0.5, and p=0.9,0.95. For each set of parameter values 1000 sets of individual
observations were generated and assessed for population biocequivalence in the same manner as for the
evaluation of test size. The power of the is the number of replicated data sets out of 1000 that were judged to
be population bioequivalent, based on evaluating the posterior predictive p-value at the «=0.05 level. The

power summary in Table 3 shows the minimum number of subjects per sequence needed to achieve 80%
power, and the corresponding power.
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Table 3. Power of IC Test for Population Bioequivalence

5=0.05

0a1=08a=0.3 oar=08r=0.46

owr=0wr=0.15 owr=0wr=0.23
P N Power N Power
0.9 6 0.805 ] 0.803
0.95 6 0.843 6 0.866

ag1=08r=0.6 aar=0sr=1.0

0m=0wn=0.3 Uwr=£y_un=o-5
(Y N Power N Power
0.9 6 0.826 6 0.809
0.95 6 0.856 6 0.876

If we compare these sample size requirements and power numbers to those in McNally et al, we find that the
IC test produces similar power results to that of the generalized p-value test (GPV), and has much more power
than the FDA test. The GPV test appears to be slightly more powerful than the IC test, but the IC algorithm

appears to produce a much more acceptable test for population bioequivalence than the methodology currently
recommended by the FDA.

DISCUSSION

In the debate over the new bioequivalence standards now mandated by the FDA, individual bioequivaience has
been given most of the attention; population bioequivalence has largely been ignored. The test for individual
bioequivalence proposed by Hyslop et a/ and recommended by the FDA is relatively straightforward and works
very well for that parameter. It would be perfectly sensible to apply basically the same test to population
bicequivalence, as the FDA has done, if not for the statistical dependence between the summary statistics.
The new bicequivalence criteria are meant to address the needs of patients who could be exposed to a generic
version of a drug product under the assumption that they will derive the same therapeutic effect as they would
from the innovator product. The most critical scenario to be considered is whether a patient who is already
receiving the innovator product will derive the same therapeutic benefit if they are switched to the generic
product, which leads to individual bioequivalence. This ‘switchability’ is especially crucial when a patient has
been titrated to a specific dose. Less critical but still important is whether a patient who is prescribed the
generic product de novo will derive the same therapeutic benefit as he would had the innovator product been
prescribed. This is the idea behind population bioequivalence. Although the bioequivalence criteria do not
have any structural hierarchy, there is still a conceptual hierarchy that individual bioequivalence is a higher
standard than population bicequivalence, which in turn is a higher standard than average bioequivalence. This
is the seeming inconsistency in the methylphenidate exampie. Meyer et a/ were able to use the Hyslop method
to conclude that the test and reference formulations of methylphenidate were individual bioequivalence with
respect to AUC. McNally et al showed that the same conclusion could be reached using the GPV method and
even the confidence interval methodology of Quiroz et a/ (2001). Itis troubling that we cannot used the FDA
test to conclude population bicequivalence for the methyiphenidate, and it seems unlikely that this would be an
isolated case, given what seems to be overwheiming evidence (i.e., very low p-values and upper bounds much
lower than the upper limit of ©pge) in support of population bicequivalence that seems to come from the two
test procedures that take statistical dependence into account, the GPV and the IC tests. Therefaore, these tests

would appear to be a significant improvement on tests, such as the FDA test, that assume that summary
statistics are independent.

We may go further to assert that assuming that U;r and Ujr (the sums of observed values for the respective
treatments within subjects) are independent goes against the rationale for using crossover designs to assess
bicequivalence, that observations within a subject are highly correlated. Even in data sets where we could not
reject the null hypothesis (i.e., where we couid not conclude bicequivalence), we have observed values of the
correlation coefficient in the range of r=0.8. This is why we have assumed that the observations within subjects
are strongly correlated even when we have evaluated the size of tests for population bioequivalence. In fact,
using the method of moments estimators we have commonly observed estimated values for p of greater than 1
(this may be considered a drawback of using the method of moments, an issue that goes beyond the scope of
this paper). The point is that a testing strategy should reflect the statistical structure of the probiem. We feel
that that the GPV and IC tests for population bioequivalence are superior to the FDA test because they
acknowledge the statistical dependency in the problem.

Naturally the question arises which is the better test for population bicequivalence, the GPV or the IC
algorithm? Both Tsui and Weerahandi (1989) and Meng (1994) cite examples where the GPV gives the same
answer as the Bayesian approach with a non-informative prior, but this does not seem to be the case here.
Our tendency is to favor the GPV test, mainly for the following reasons.

1. The GPV test appears to have better power (see Table 4 for sample size requirements and power
for the GPV test).
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2. Despite seeming to be slightly less powerful, the IC algorithm does not appear uniformly to maintain
the nominal level of significance.

3. Our SAS code for the GPV test generally takes a few seconds to produce a resuit based on 50000
simulation points. The IC test generally takes 2 to 5 minutes to produce a result based on 10000
MCMC points. More points generally mean more accurate results.

Table 4. Power of GPV test for Population Bicequivalence
(from McNally et al) §=0.05

ogr=08r=0.3 os1=0ar=0.46
owr=0wr=0.15 owr=0wn=0.23
P N Power N Power
0.9 6 0.854 6 0.860
0.95 5 0.847 5 0.841
0ar=08r=0.6 oar=08r=1.0
Owr=0wr=0.3 owr=0wr=0.5
[ N Power N Power
0.9 6 0.852 6 0.861
0.95 5 0.839 5 0.842

Our conclusions with respect to the power and size of the 2 tests parallel those of Chiang (2001), who
compared the method of surrogate variables to the IC algorithm for variance components (the method of
surrogate variables is essentially the same as the methodology for Weerahandi's generalized confidence
intervals). These conclusions may appear to be rash, especially as regards the size of the IC test, since they
are based relatively small simulations for the IC test. indeed, a more extensive investigation of the statisticat
properties of the IC test for population is probably warranted, similar to what McNally et a/ have done for the
GPV test. An extensive examination of the use of informative priors in population and individual bioequivalence
may also be useful, aithough informative priors may be regarded as problematic in a regulatory setting.

The main advantage of the IC test for population over the GPV test is that, thanks to the PRIOR statement in
PROC MIXED, it is relatively straightforward to implement. There is a caveat, that the user needs to know
what covariance parameters correspond to what treatments. This depends on how the treatments are ordered
in SAS. On the other hand, the GPV test for population bicequivalence involves using a very complicated test
function. This is in contrast to the GPV test for individual bioequivalence, which is also somewhat
straightforward to program using SAS data steps. SAS code for the GPV tests for individual and population
bioequivalence is available from the author.

CONCLUSION
The independence chain (IC) algorithm provides a relatively straightforward methodology for assessing
population bicequivalence. Although the IC test may not be the best method available, it can easily be

implemented using the PRIOR statement in PROC MIXED, and it is superior to the test currently
recommended by the FDA.
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