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ABSTRA CT

STATISTICAL ISSUES IN INDIVIDUAL AND POPULATION BIOEQUIVALENCE

The US Food and  D rug A dm instration (FDA) has proposed new regulations th a t 

address the ‘prcscribability’ and ‘sw itchability’ of new formulations of already- or nearly- 

approved drugs. These new criteria arc known, respectively, as population  and  individual 

biocquivalcnce. T he sub ject of biocquivalcncc has been fertile ground for statistica l re­

search over the past 3 decades, and the  introduction of these new criteria has created new 

sta tis tica l problems to  be explored. T h e  focus of this investigation is the development of 

new tests for individual and population biocquivalcncc based on the generalized p-valuc 

(G PV ) methodology o f T sui and W eerahandi (JASA, 1989). We show th a t the  GPV has 

good statistical properties and avoids a  m ajor shortcoming of other testing  procedures 

for individual biocquivalcncc. In particu lar, the GPV is shown to be m ore powerful than 

any  o f the known testing  procedures for population biocquivalcncc, including the test rec­

om m ended by the FDA, for likely biocquivalcncc study designs. We also examine the 

asym pto tic relative efficiencies of likely candidate designs for b o th  individual and popu­

lation  biocquivalcncc, an d  compare these large-sample results w ith em pirical calculations 

derived from power sim ulations. We also construct generalized confidence intervals for 

biocquivalcncc param eters and exam ine their properties.

R ichard J . M cNally 
D epartm ent o f S tatistics 
Colorado S ta te  University 
Fort Collins, Colorado 80523 
Fall 2002
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Chapter 1

IN T R O D U C T IO N

1.1 W hat is B ioequivalence?

Before a pharm aceutical p roduct can be m arketed in North A m erica and the Euro­

pean Union, it m ust be studied extensively to dem onstrate the effectiveness and safety of 

its intended use. P a rt of the evaluation process of a  new chemical en tity  (NCE) is called 

pharmacokinetics, which is a detailed characterization of how a d rug  p roduct is absorbed, 

d istributed, metabolized, and excreted in biological system s. In hum ans, pharm aceutical 

compounds and m etabolites of in terest arc studied in body fluids th a t  can be collected 

w ithout the use of overly invasive procedures. P articu lar attention is paid  to  the presence 

of the therapeutic moiety in the circulatory system. Pharm aceutical researchers arc inter­

ested in the bioavailability of a  com pound an d /o r its active m etabolitc(s). Bioavailability 

characterizes the absorption of an  specific dosage form  through the  in tended route of ad ­

m inistration into th e  circulation o f an organism. In  th is investigation, we are concerned 

w ith the bioavailability of oral dosage forms, i.e., how well orally adm inistered products 

arc absorbed through the gastrointestinal trac t into th e  systemic c irculation . Knowing th e  

pharmacokinetics of a compound is v ital in determ ining the dosing regim en th a t should 

be used. It also has implications for the  both efficacy and  safety of a  product.

The development of a pharm aceutical product is a  long process, which usually cul­

m inates in large-scale clinical studies th a t provide th e  bulk of the p ro o f th a t a  product is 

effective and safe. Because of the  considerable expense th a t pharm aceutical m anufactur­

ers incur in bringing new and beneficial products to m arket, they are  afforded a period o f 

exclusivity under US paten t law. O nce a  paten t expires for a drug p roduct, other m anu­

facturers are allowed to  market th e  sam e product. T h e  products p roduced  by the la tte r
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group of m anufacturers are referred to  as generic drugs. T h e  current au th o rity  to approve 

and  to regulate generic drugs in th is country was given by the US Congress to  the Food 

and  Drug A dm inistration (FDA) th rough  the Drug P rice C om petition and  P aten t Term 

R estoration Act of 1984. Similar agencies in the E uropean  Union regulate generic drugs 

in those jurisdictions. It is the responsibility of these regulatory  agencies to  determ ine the 

conditions under which generic drugs may be marketed.

The chemical s tru c tu re  and properties of the NCE arc  docum ented in the  New Drug 

Application (NDA) when it is su b m itted  to the FDA for approval. T h e  NDA also lists 

the  excipients th a t arc  used to form ulate the drug p ro d u c t. However, exactly how the 

drug product is form ulated is proprietary . Although an  innovator m ust make certain 

disclosures concerning the  m anufacturing process to  assure the FDA th a t this process 

is adequately controlled to  gain approval, there arc m any aspects o f th e  m anufacturing 

process th a t are not sub ject to public disclosure. Therefore, it cannot be taken for granted 

th a t any generic m anufacturer can produce a product th a t  exactly, o r even sufficiently, 

duplicates the action  of the innovator’s product or an o th er generic p roduc t. Therefore, 

before they can m arket their form ulation of a  specific p roduct, the generic m anufacturer 

m ust provide the FDA w ith evidence th a t the generic p roduc t can be expected to  be as 

safe and effective as the innovator’s product or any o th er product on th e  m arket. There 

arc a few products th a t may be approved on the basis of in vitro d issolution testing. 

For most products, however, addition  evidence of equivalence to the b ran d  nam e product 

th a t must provided. T his evidence is derived through com parative bioavailability studies, 

also known as biocquivalence (BE) studies. Allowing generic products to  be approved 

based on the evidence of biocquivalcncc studies circum vents the need for expensive and 

time-consuming clinical studies. T h is often leads to drugs being available on the  m arket at 

lower prices. The chief rationale for approvals based only on  com parative pharm acokinetic 

d a ta , w ithout the benefit of direct clinical observation, is th e  fundam enta l bioequivalence 

assumption.

W hen two d ru g  products are  equivalent in the ra te  and  extent to  which the

active drug ingredient or therapeu tic  moiety is absorbed  and becomes available
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at th e  s ite  o f drug action, it is assum ed th a t they will be therapeutically  

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

Therefore, evidence th a t a generic product has equivalent bioavailability to  the  inno­

vator p roduc t is considered evidence th a t the generic will have the  sam e therapeutic effect 

and the sam e safety profile as the  innovator. T h e  evidence of biocquivalcncc contained in 

these studies is subm itted  to the  FDA in an  A bbreviated  New D rug A pplication (ANDA). 

It should be noted th a t the fundam ental biocquivalence assum ption only applies to  p rod ­

ucts regulated by the FDA C enter for Drug E valuation  and Research (CDER). T here arc 

currently no generic biologic products (i.e., those products regulated by the C enter for 

Biologic Evaluation and Research (CBER)). For example, a com pany cannot m arket its 

own version o f erythropoietin (E PO ), a  hormone im portan t in the production of red blood 

cells, based on the evidence of a  biocquivalcncc study.

There a rc  o ther situations in which biocquivalence studies arc  im portant. Before 

receiving m arketing  approval, the  drug product used in clinical tria ls  is usually m ade in 

small batches under conditions qu ite  different from  full commercial production. Therefore, 

the NDA m ust contain evidence th a t drug p ro d u c t from large-scale production batches 

is equivalent to  the much sm aller batches used in clinical trials. T h e  FDA m ay also 

require a  m anufacturer to dem onstrate biocquivalcncc after a  significant change in  the 

m anufacturing process or a change in the site o f m anufacture. Therefore, situations in 

which a m anufacturer, even an  innovator, m ust show its own products  arc biocquivalcnt 

axe not uncom m on.

1.2 B ioequivalence Basics: P harm acokinetics

This section is intended to  give the basic concepts of biocquivalence and pharm acoki­

netics necessary for understanding what follows. Pharm acokinetics is the science o f how 

drugs arc absorbed , distributed, metabolized, an d  excreted by biological organisms. I t  is 

sometimes characterized as w hat the  body does to  th e  drug, as opposed to pharmacody­

namics, w hich is w hat the drug does to the body. As p a rt of the  prcclinical development
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of a drug product, its pharm acokinetics are studied in  one or more m am m alian species 

{e.g., rats, dogs), by adm inistering a  radioisotope-enhanced version of the d rug  to groups 

of animals. T he absorption, d istribu tion , metabolism , an d  excretion of the drug m e as­

sessed by the assaying the quantity  o f radio-labelled d ru g  in various targe t organs and 

body fluids a t various times. In hum an pharm acokinetic studies, we are necessarily lim­

ited t.o assaying the quantity  of the d ru g  product in the  blood (more properly, cither whole 

blood or blood plasm a) and excreta. O f particular in terest is how well orally adm inistered 

products arc absorbed from the gastro in testinal trac t in to  the systemic circulation and 

how quickly they are elim inated. T h e  assum ption here is th a t the pharmacological action 

of a  therapeutic moiety a t a given tim e is directly related  to  the quantity o f it in the blood 

or plasma.

The most common instrum ent for assessing biocquivalcncc in hum ans is a  crossover 

study  with a single dose per trea tm ent period. These studies involve healthy volunteers 

adm inistered cither the test (generic) o r reference (innovator) product in each treatm ent 

period. They usually enroll 12 to 40 sub jects evaluated over 2 to 4 trea tm en t periods. 

Such studies arc generally accepted as th e  safest and m ost sensitive m ethod of evaluating 

biocquivalcncc.

During each trea tm ent period, th e  absorption of th e  d rug  product is assessed by tak ­

ing plasm a sam ples from each subject a t  several times, and  then assaying the  samples to 

determ ine the concentration of the d ru g  or other m etabolites of interest in the plasma. 

A lthough the choice of sampling tim es depends on th e  absorption characteristics of a 

product, generally blood sampling is m ore frequent in  th e  first few hours a fte r adminis­

tra tio n  of the d ru g  product, and th en  less frequent la te r  on. The ra te  and  ex ten t of the 

absorption of a  d rug  product into th e  system ic circulation is assessed using th e  following 

pharm acokinetic m etrics:

1 . A U C -thc area  under the p lasm a/b lo o d  concentration-tim e curve-the prim ary  mea­

sure of th e  ex tent of drug absorp tion . AUC can  b e  measured from  tim e of ad­

m inistration to  the  time of th e  last blood sam ple {AU C o-t), or to  w hen it is, in
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theory, completely elim inated from the system ic circulation {AU C q- qc). T he la tter 

param eter requires calculating the elim ination ra te  constan t o f the drug.

2. C m ax-thc  m axim um  plasm a conccntration-thc prim ary m easure of the ra te  o f drug 

absorption.

3. T m ax -th c  time a t which Cm ax occurs. T he Tm ax, in conjunction  w ith the Cm ax, 

characterizes the ra te  of drug absorption.

Figure 1.1: P lot to illustrate the trapezoidal rule.
s

4

3

2

o

3
in

JSQ-

12 16 20 

Time (hr)

24 28 32

T hroughout our discussion of biocquivalence, we will be in terested  prim arily in the 

param eters AUC and C m ax. AUC is calculated for each sub ject during  each trea tm en t 

period using the trapezoidal rule for numerical integration. T h e  trapezoidal rule is illus­

tra ted  in Figure 1.1. T h e  dark  shaded area shows the con tribu tion  o f the tim e period 

from H our 12 to Hour 16 to  the  to ta l AUC, which is the sum  o f a ll o f the trapczoids th a t 

can be construct from th e  curve in Figure 1.1. T he Cm ax is es tim ated  by the m axim um
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observed plasm a concentration for a given sub ject in a  given s tu d y  period. T he increased 

sam pling frequency in th e  period im m ediately following p roduct dosing should ensure th a t 

the observed Cm ax is reasonably close to  its  tru e  value. T he sam pling frequency in this 

period m ust also be sufficient to ensure th a t  the observed Cm ax docs not occur a t  the first 

sam pling tim e (FDA, 2000). The estim ate of the Tm ax is th en  measured on a discrete 

scale, i.e., it must occur a t  one of the sam pling points. Because o f this and the large num­

ber of tics in the T m ax d a ta , this param eter is usually evaluated using non-param ctric 

or categorical methods. Although sponsors (i.e., drug m anufacturers) arc not stric tly  re­

quired to  show th a t th e ir product is equivalent to  the reference product w ith respect to 

T m ax, it is custom ary to  do some assessment of th is m etric for biocquivalcncc.

S ta tis tica l approaches to  biocquivalcncc have evolved over th e  past few decades as 

generic drugs have become an im portant public health  issue in th e  United S ta tes and in 

o ther developed nations. T h e  general idea is th a t  we wish to  show th a t  the test formulation 

T ,  frequently a generic product, is equivalent to a  reference form ulation R , m ost usually a 

b rand  nam e product already  on the m arket. Because of the poten tially  high variability of 

the responses between hum an subjects to  th e  above param eters, biocquivalcncc o f orally 

adm inistered  drugs is assessed almost exclusively using crossover studies.

Since we arc try ing  to  demonstrate equivalence, the p roper null hypothesis in the 

biocquivalcncc problem is one of non-equivalence. But in the  early  history of biocquiva­

lcncc. it was not generally recognized th a t dem onstrating equivalence is different from the 

usual hypothesis testing setting, where one sets ou t to  show th a t  two trea tm ents are dif­

ferent by first assuming th a t they are the sam e. Therefore, som e early  approaches to this 

problem  had to be abandoned  when they were subsequently foim d to  have little  scientific 

o r s ta tis tica l bases. One early  biocquivalence approach, the 75/75 rule, concluded th a t two 

form ulations were bioequivalent if the ind ividual treatm ent ra tios, Yt / Y r , were between

0.75 an d  1.25 for a t least 75% of the sub jects in a  study. T h is approach was intuitively 

appealing, b u t was d ropped  when it was show n th a t it had poor sta tis tica l p roperties (see 

Haynes, 1981) and little  scientific basis. Subsequently, an  ad hoc power approach was 

adop ted , where two form ulations were bioequivalent if the s ta n d a rd  hypothesis te s t of no
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difference in the  means of the formulations ( i.e .,H o  : p t  — P R  =  0 where the /x’s represent 

the means of the respective formulations) was insignificant and if one could show th a t  the 

study had a t least 80% power to  show at least a  2 0 % difference in  formulation m eans at 

the a  =  0.05 level. Schuirm ann (1987) showed th a t this approach had the undesirable 

property  th a t it was easier it was to show biocquivalcncc if a  product had higher vari­

ability. He introduced the two one-sided tests (T O ST ) approach, under which it is more 

likely th a t one would conclude biocquivalcncc if  the mean difference of the form ulations 

has lower variability. The T O S T  approach, explained in detail below, became th e  m ethod­

ology preferred by the FDA, and  it is recom m ended in the guidance docum ent Statistical 

Procedures fo r  Dioequivalence Studies Using a Standard Two-Treatment Crossover Design 

(1992). Because the TO ST approach is equivalent to  showing th a t a 100(1 -  2a)%  confi­

dence interval is completely contained in the equivalence region, it is a proper te s t of the 

null hypothesis of non-equivalence {<:}. Hsu et al., 1994).

Three procedures strongly recommended in  the  1992 FDA guidance docum ent formed 

the foundation of the analysis of biocquivalence studies for the decade th a t followed. 

T he first was the log-transform ation of sub ject responses. T he second was Schuirm ann’s 

two one-sided tests (TOST) approach. T he th ird  was the use o f a 2 scqucncc/2 period 

crossover design as the s tandard  study design for biocquivalence studies. W ith  th e  log- 

transform ation, the param eter of interest becom es the difference in  treatm ent m eans (i.e., 

P T  — P R , where p k  is the m ean population response to formulation k ) ,  instead o f th e  ratio  

(p t / p r ) -  For responses on th e  log scale, the biocquivalence interval for which a  product 

was set a t (—0.2231,0.2231), which corresponds to  an  interval of (0.80,1.25) on th e  ratio  

scale. T he two one-sided tests  approach, w ith  each te s t a t the a  =  0.05 level, is equivalent 

to constructing  a  90% confidence interval on p r  — P R , and then  determ ining w hether 

the confidence interval is com pletely contained in  the  biocquivalence interval. S ince the 

param eter th a t  is tested in this approach concerns only the trea tm ent means, form ulations 

th a t pass the  two one-sided tests criterion (or any similar test on h t  — p r )  a re  said  to 

have average biocquivalence. T he adoption o f th e  2 x 2  crossover as the s tan d ard  study  

design for biocquivalence studies made the conduct of these studies relatively easy  and 

straightforw ard.
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1.3 Individual and P opu lation  B ioequivalence

By the tim e the  FDA issued the  1992 guidance docum ent on s ta tis tica l procedures 

for biocquivalcncc, the adequacy of average biocquivalcncc to provide sufficient evidence 

of the safety and effectiveness of generic drug p roducts was already being  questioned. For 

example, see Hauck and Anderson (1991). It was argued th a t average biocquivalcncc could 

not completely ensure th a t the sam e drug products formulated by different m anufacturers 

were interchangeable. W ith respect to individual patients, this lead to  the concept of 

‘sw itchability’, which is meant to  address the question  ‘Will a patien t whose prescription 

is switched from the  brand name to  the generic version of a drug p ro d u c t derive the sam e 

therapeutic effect from the generic as they would from  the innovator p ro d u c t? ’ Switching 

between generics produces sim ilar concerns. T he mechanics of the innovator-to-gcneric 

switch is especially critical for p atien ts  who have been titra ted  to a  specific dose of the  

brand  name product and whose control of disease s ta te  and  toleration o f trea tm en t depends 

on m aintaining the concentration o f the  active m oiety in their system ic circulation w ith in  

a  certain  range. W hen the therapeu tic  window, th e  range w ithin w hich p lasm a levels of 

a  drug or active m etabolite m ust be kept in order for a  patient to  receive therapeutic 

benefit w ithout harm ful side effects, is relatively sm all, consistency from  one product 

to another and from one dose to  another for a particu la r patient becom es crucial. T he 

product-to-product variation is called the subjcct-form ulation in teraction . The dose-to- 

dosc variation is addressed by considering the differences in the w ith in-subject variance 

for the different formulations. To assess individual biocquivalcncc, we m ust consider b o th  

the  subjcct-form ulation interaction and  the difference in w ithin-subject variability.

T he subjcct-form ulation interaction, which will b e  denoted by crp, is used to quantify  

the  variability of th e  each individual’s ratio of response to  the test form ulation versus to 

the  reference form ulation. For exam ple, suppose th a t  the mean difference in individual 

responses to two formulations (i.e., S =  m jT  — m jR , where i  is the  sequence num ber an d  

j  is the subject w ith in  a  sequence) is normally d is trib u ted  w ith m ean 0  an d  variance cr2D. 

W hen cro =  0.1, less th an  3% o f individuals will have a  true equivalence ra tio  outside of
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the  interval (-0.2231,0.2231). This corresponds, on th e  original scale, to  the  ratios being 

outside of the interval (0.8,1.25), which has been th e  s tan d ard  region for biocquivalence 

since the TO ST was adopted. W hen a p  =  0.15, th e  proportion of patien ts outside the 

biocquivalcncc interval rises to alm ost 14%. W ith th e  potential for so m any patients to  

have a  mean response to  a  generic p roduct outside o f th e  interval where it can be deemed 

equivalent to the b ran d  name, regulatory  agencies becom e concerned when the point es­

tim ate  of u p  reaches th is point. O n th e  other hand, th e  variability of th e  point estim ate 

of a p  tends to increase as the variability  of the form ulations under study  increases. En- 

drcnyi, Taback, and  Tothfalusi (2000) noted th a t th e  variability of the estim ate of crp 

increases as the within-subject variance for the reference formulation {cr̂ VR)  increases. 

T his makes putting  a regulatory u p p er bound on crp problem atic. As we will sec, crp is 

a  function of the difference in the betwcen-subjcct variances and of the correlation of the 

sub ject's  response to different form ulations. A relatively high value of a p  can signify ei­

ther a relatively high difference in th e  betwcen-subjcct variation for the two formulations, 

or relatively low correlation of the responses w ithin a  sub ject from dose-to-dosc, or bo th  

of these things.

In  individual biocquivalence, we arc  also interested in how the w ithin-subject variance 

differs between the formulations under consideration. I t  m ay even be considered beneficial 

if the new form ulation has a sm aller w ithin-subject variance. There are two issues arc 

present in the assessm ent of w ithin-subject variation.

1. We need replication of form ulations within a  su b jec t to estim ate w ithin-subject 

variance (and th e  subjcct-form ulation in teraction). This leads to  biocquivalence 

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

2 . Confidence intervals on the ra tio s of variances ten d  to  be wide, even in  studies w ith  

large sample sizes. An approach to equivalence th a t  incorporates th e  elements of 

interest into a  single function m ay be more desirable.

Biocquivalence studies tend to  be much sm aller th a n  typical clinical trials. As s ta ted  

above the standard  s tu d y  design h ad  been the 2 -sequence/2 -period crossover design, and
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the num ber of subjects is typically in the range 12 to  40. Because o f the  increased cost of 

running longer studies with potentially  more subjects, the move to  3 and 4-period designs 

would be m ore acceptable if efficient designs arc  im plemented. M andating the assessm ent 

of variance ratios within the equivalence paradigm  could curtail o r effectively elim inate the 

development of generic drugs, o r could cause th e  cost of generic drugs to increase. Both 

of these circum stances could have repercussions throughout the  public health system .

Population biocquivalcncc addresses the  issue of whether a  patien t who is prescribed 

a  drug product tie novo will derive the sam e therapeutic  benefit as they would had  the 

product th a t was used in the clinical trials from which the efficacy and  safety of the  product 

was concluded. This may be necessary since th e  clinical trial m ateria l was likely produced 

on a much sm aller scale th an  the  m arketed p ro d u c t. The underly ing idea of population  

biocquivalcncc is th a t differences in the ‘u ltim a te ’ (i.e., steady-state) concentrations of 

two drug formulations depend on differences in th e  to tal variability  of these formulations, 

where the to ta l variability is th e  sum  of the betw cen-subjcct and  w ithin-subject variances. 

Population biocquivalence docs not require w ithin-subject replication , so the s tan d ard  

2  x 2  crossover design is sufficient for its assessm ent.

1.4 The N eed  for Individual B ioequivalence

Many statisticians in the  pharm aceutical industry  have questioned the need for m an­

dating the assessment of individual biocquivalcncc. In 1999, D r. Jane Henncy, th e  com­

missioner o f the FDA, stated  in the Journal o f th e  American M edical Association th a t  ‘if 

the FDA declares [on the basis of average biocquivalence] a generic drug to be th erap eu ­

tically equivalent to an innovator drug, the two products will provide the same intended

clinical effect.’ The pharm aceutical industry, th rough  various trad e  organizations, seems 

to  have taken a  strong stance against individual biocquivalence, a t least the fashion in 

which the FD A  has chosen to  implement it. T h e  purpose of th is section is to give a  short 

argum ent on why individual biocquivalence addresses legitim ate public health  concerns.

Gould (2000) asserts th a t  docum ented cases involving the  failure o f the average bioe­

quivalence criterion are ‘very ra re ’. We have found examples th a t  suggest otherw ise. The
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first is from a  repo rt of study conducted by Meyer et al (2000), who exam ined the indi­

vidual biocquivalcncc of brand nam e and  generic formulations of m cthylphcnidatc a fte r 

reports of adverse d rug  reactions in  patien ts were linked to a certain generic formulation. 

Meyer et al found th a t although th e  brand name and  generic in question  were average 

biocquivalcnt (i.e., they were biocquivalcnt under th e  guidelines issued by the FDA in 

1992) with respect to  AUC and C m ax, and  the form ulations were ind iv idual biocquivalcnt 

w ith  respect to  AUC, they were not individual biocquivalcnt with respec t to Cmax. I t  

appeared th a t th e  generic had higher dosc-to-dose variation and higher m axim um  plasm a 

concentrations in m ost patients. In  som e patients, the  plasm a concentrations increased to  

th e  point where they experienced reactions such as vom iting and dizziness.

More d isturb ing  is the testim ony o f Dr. Stephen Schachtcr on b eh a lf of the Epilepsy 

Foundation to the  opening meeting o f the  FDA’s Pharm aceutical Sciences Advisory Com­

m ittee (1999). which was convened to  discuss the then  proposed FDA guidance docum ent 

on individual and population biocquivalcncc.

Let’s focus on phcnytoin and  typical example o f this problem [of switching 

both to and  between generic formulations]. Suppose that a p a tien t needs a 

minimum blood level of 10 to  control seizures an d  cannot have level over 15 in 

order to avoid disabling side effects. Let’s say th is patient is on D ILANTIN7^ ,  

which is th e  brand  name phcnytoin. On three DILANTIN a day, th e  patient 

has a level of 10. Everything is fine. The patien t is then switched to  a  generic 

version and  her blood level d rops to  8 , resulting in  seizures. T h is  generic was 

approved by th e  FDA because it fell within th e  —20% to +25%  ru le of the 

FDA. T h e  docto r checks a b lood  test, verifies th a t  the level has dropped , and 

then increases th e  dally dose to  bring  the level back up to 10. Again, everything 

was fine. Two m onths later, th e  pharm acy fills th e  prescription w ith  another 

company's generic phenytoin, an d  now the level goes up to 20. Now th e  patient 

complains o f side effects, an d  ano ther blood test, doctor’s visit, an d  possibly 

an emergency room visit result. This other generic was also approved  by the 

FDA. An additional change in  dose is made and  th e  cycle repeats.
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Dr. Schachtcr th e n  cites an actual exam ple where a  patien t who was switched to a 

generic phcnytoin required  hospitalization for their seizures. The hospital bill was nearly 

34000, while the cost difference between b ran d  name an d  generic was 34. D r. Schachtcr 

also cites a  survey o f epilepsy patients, in  which 41% of those who were switched from 

a b ran d  nam e to a  generic epilepsy m edication had worse seizure control on the generic, 

and 32% had side effects after being sw itched to the generic.

B oth  of these exam ples involve d ru g  products th a t  are used to tre a t  neurological 

conditions. The epilepsy example m ight be considered exceptional, because of the well- 

docum ented sensitivity of patients to blood levels of the  products used to  treat their 

condition. However, it is an example th a t  may be becom ing less exceptional, for the 

FDA, in  recent years, has approved p roducts with narrow  therapeutic indices (the ratio 

of the  m axim um  to lera ted  dose to th e  minimum effective dose) for conditions such as 

A lzheim er’s disease an d  schizophrenia. As these products come off p a ten t, they will be 

sub ject to  generic com petition. The poten tially  serious side effects associated w ith some of 

these breakthrough trea tm ents may have prom pted th e  FDA to be proactive in enacting 

their new  biocquivalcncc regulations, so th a t  the effect on th e  patient popu lation  of generic 

p roducts entering the  m arket for, say, schizophrenia m ay be minimized.

1.5 S ta tistics  and B ioequivalence

T h ere  arc many aspects to the deba te  on individual and  population biocquivalence. 

Most involve the m edical sciences and public health, b u t some reach in to  economic and 

even political issues. T h e  common th read  is th a t these are  all fields in which statistical 

m ethods have been o f g rea t utility. The purpose of the following investigations is to address 

some o f th e  statistica l issues that have arisen  in individual an d  population biocquivalcncc. 

We will concentrate on  how the statistics relate to pharm acology and bioavailability. O ur 

hope is th a t  the new m ethods developed here and our investigations o f th e  properties of 

study  designs for biocquivalence will have an  impact, no t ju s t  on the m edical an d  scientific 

end, b u t also on public health  and economic aspects o f bioequivalence.
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In the following chapters, we will address the sta tistica l issues of biocquivalence re­

lated to the  pharmacology of the problem. C hapter 2 sets the  statistical foundations for 

our investigation, and details the current s ta te  of the sta tis tica l evaluation o f individual 

and population biocquivalence. It also introduces the generalized p-value (G PV ) within 

the context of linear m ixed models, which will become th e  basic tools in o u r evaluation 

of biocquivalcncc. C hapter 3 introduces th e  application o f th e  G PV for assessing individ­

ual and population biocquivalcncc in studies w ith 4-pcriod crossover designs. C hapter 4  

docs the sam e for 3-pcriod crossover, and C h ap te r 5 looks a t  the  evaluation o f  population 

biocquivalence in the stan d ard  2 x 2  crossover design. C h ap ter 6  compares th e  efficiency 

of candidate crossover designs for biocquivalence studies in which individual an d  popula­

tion biocquivalence arc evaluated. C hapter 7 will explore the application o f generalized 

confidence intervals to individual and popu lation  biocquivalcncc param eters. T h e  major 

conclusions and summary of our contributions will be contained in C hapter 8 , along with 

suggestions for possible fu ture directions for research.
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Chapter 2

STATISTICA L B A C K G R O U N D  FO R IN D IV ID U A L  A N D  PO P U L A T IO N  

BIO EQ U IV A LEN C E

The new FDA guidance docum ent on statistica l aspects of biocquivalencc testing  

(US Food and D rug A dm inistration, 2001) is intended to  contain m ost of the necessary 

inform ation needed to  do the proper statistical assessm ents for biocquivalencc studies. It 

details the criteria, basic study designs, methodology, and other issues th a t arise in the  

analysis of biocquivalencc. In this chapter, we introduce the FDA’s recommended s ta tis ti­

cal model, criteria, and  methodology for individual biocquivalencc (IBE) and population 

biocquivalencc (P B E ). Then we look a t some other testing  procedures from the sta tis tica l 

lite ra tu re  for assessing IBE and PB E. Finally, we in troduce the generalized p-valuc (G PV , 

Tsui and VVccrahandi, 1989), which we will use in subsequent chapters to  construct te s ts  

for the  individual and  population biocquivalencc param eters recom m ended by the FD A, 

and  the allied concept of the generalized confidence interval (GCI, W eerahandi, 1993), 

which we will use to  construct intervals for these biocquivalencc param eters.

2.1 Study D esign  and Statistical M odel

The designs th a t we will consider for the evaluation of individual and population 

biocquivalencc are in Table 1. T he first design is a  2-scqucncc 4-period design (2S4P [we 

will use this notation, where the first number is the  num ber of sequences and the second 

is th e  number o f period, throughout]). This is the design preferred by the  FDA for th e  

assessment of individual bioequivalence (FDA, 2001). In  this design, each subject receives 

each formulation twice. Variants o f this design w ith 4 an d  6  sequences are also used. T h e  

second design is a  2-sequencc, 3-period design (2S3P) th a t is cited  in  the  current FD A
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sta tis tica l guidance docum ent for biocquivalencc. We will sometimes call th is design the 3- 

pcriod  dual design. A dual design is one where each sequence has a  countcr-scqucncc w ith  

th e  opposing treatm ent (formulation) in each period. T he 4-period designs that we will 

s tu d y  arc also dual designs. Under certain  conditions, th e  optim al design for assessment o f 

m ean effects is a  dual design (Kcnward and Jones, 1989), b u t our experim ental s ituation  

d ic ta tes  th a t we cannot make any of the  assum ptions th a t  lead to th is type of optimality, 

nor are  such assum ptions particularly relevant. A p ro p erty  th a t is apparen tly  relevant to  

o u r experim ental s ituation  is uniform within sequence o r sequence-balanced (Chinchilli an d  

E sin h art, 1996), which dictates th a t each sequence have each treatm ent the same num ber 

o f tim es, so that the  same inform ation is extracted from  each sequence. T he th ird  design 

in T able 1 is a 3-pcriod design th a t is sequence-balanced, the 3-scquencc, 3-period design 

(3S3P). We will also refer to this design the extra-reference design, since the reference 

form ulation appears twice in each sequence.

T he assessment of individual biocquivalencc requires study designs w ith some degree 

o f w ith in  subject replication of treatm ents. All 3 designs discussed in th e  previous p ara ­

g raph  can be used to  assess IBE. T h e  fourth design in  Table 1, the  2-sequencc, 2-pcriod 

design (2 S2 P) cannot be used to assess IBE, since th e  prim ary IBE criteria  arc not es­

tim ab le  in this design. We will still consider this design, however, for the  assessment o f 

population  biocquivalencc.
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Table 1. Designs for Indiv idual and P opu la tion  Biocquivalencc

2-sequence/4-period  (2 S 4 P )
Sequence 1 T  R T  R
Sequence 2 R T  R  T

2-sequence/3-period  (2 S 3 P )
Sequence 1 T  R  T
Sequence 2 R T  R

3-sequence/3-period  (3 S 3 P )
Sequence 1 T  R R
Sequence 2 R T  R
Sequence 3 R R T

2-sequence/2-period  (2S 2P )
Sequence 1 T R
Sequence 2 R T

In  all of the designs th a t we will consider, each su b jec t receives each formulation a t  

least once. This removes from consideration the 4-scqucncc, 2-pcriod design (4S2P) fre­

quently  known as B alaam ’s design. B alaam ’s design is a  s tan d ard  2 x 2  (2S2P) crossover 

w ith uniform  sequences of the test (T T ) and reference (R R ) treatm ents appended to it. 

T his makes all of the necessary IBE param eters estim able. However, since biocquivalencc 

studies usually have a  sm all number of subjects, there is a  possibility of b ias due to the 

presence o f variant subgroups in one of the  sequences (C hen et al., 2000). Therefore, the  

FDA strongly advises against the used o f Balaam ’s design for the evaluation of bioequiv- 

alencc.

T h e  observational model from Chinchilli and E sinhart (1996) is given below.

Y i j k t  =  l l k + "iiki +  H ijk  +  t i j k i  i =  l , . . . , s ;  _/ =  1 , . . . ,  n*; k  =  T ,R ;  I =  1,2;

Here Y i j k i  is the response from subject j  in  sequence i  to  the  Ith application o f treatm ent 

k, an d  s is the num ber o f  sequences. T h e  param eters h t  an d  fin  are the population mean 

responses to trea tm ents T  and R  and  7 ,*/ is the (unknown) fixed effect corresponding to  

the Ith application of trea tm en t k  in sequence 1. The following estim ability conditions are 

im posed on the 7 ,-^.
s 2

£ X > * r = 0  for k  =  T , R  
i=l 1=1
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Furtherm ore, rjijk is a random  effect of subject j  in  sequence i w hen receiving treatm ent 

k, and tijki a rc  w ithin-subjcct random  errors. T h e  random  variables arc jointly 

independent and  distributed norm ally with m ean 0 and variance a fyk (k = R ,T ) ,  and  the 

vectors — [//,_,-/•, qij«]' arc m utually independent bivariatc norm al with zero means and 

a variance m atrix  given by

Y  -  (  a BT P°BT<TBR \
\  pCBTVBR )  '

Finally, {r j^ }  and arc m utually independent. For convenience, we also define

S =  f l f  — P R , CTp =  a ~BT "i" ^ B R  ~  2pcrB T& B R , ^ T T  =  °V V T ' an<^ ° \ r  =  a %R ^ W R ’

2.2 C riteria  for Individual and Popu lation  B ioequivalence

The crite ria  for individual and  population biocquivalencc arc based on distance m et­

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

squared distances
d{YT ,Y R)2 = E{YT - Y R)2 
d{YR,Y'R)2 = E {X r  -  Y'R)2.

The first expression is the distance between th e  tes t form ulation T  and the reference 

formulation R .  Because of the inherent variability o f the  process, th is distance is compared 

to the d istance between any 2 applications of the  reference form ulation. Shciner (1992) 

proposed com paring a  function of the  ratio  of 2 very sim ilar d istance functions-the Sheincr 

criterion is based on the distance from a  constant target value T .  He referred to as a  relative 

risk ratio
. E (Y t  — T ) 2 

1 E (Y r  — T ) 2

When we take the  target value to  be  T  — ji/t, th en  Sheiner’s criterion  can also be expressed 

as
E (Y r  — Y r )2

0.5E (Y R -  Y'R)2

This proposed criterion suffered from a  lack of s ta tis tica l power for IB E: even for a  4-period 

study w ith a to ta l o f 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 

th e  R IR  was set a t  1.44.

Schall and Luus (1993) proposed exam ining the difference of the distances, th a t is

02 =  E (Y r  -  Y r )2 -  E (Y k  -  Y r ) 2.

T h e Schall and Luus criterion appeared  to  be b e tte r w ith  respect to  statistical power, 

since it apparently requires much fewer subjects to  be  reasonably assured of concluding 

biocquivalencc.

T he evaluation of these metrics is based on w hether one is interested in individual 

o r population biocquivalencc. We will dem onstrate by evaluating the Schall and Luus 

crite rion  for both IBE and PBE. For IBE, the evaluation of the expectations is conditioned 

on the  individual subjects, yielding

0 /2  =  E (Y r  -  Y r )2 -  E (Y k  -  Y r )2

— (^2 +  a \> +  a WT +  <*Wr ) — (2c%r )
-2 o *> 2

—  S +  & D +  a W T  ~  a W R i

w here S = n r  — Hr  is substituted for the  mean difference between the  formulations, and 

ct2d  =  (Tgrj. +  (TgR — ‘2prrb t &b r  is th e  subjcct-form ulation interaction. This form is the 

m anner in which th e  Schall and Luus IB E criterion is usually presented. For PBE, the 

d istance expression is evaluated by conditioning on th e  subject population, yielding

0P2 =  E (Y T - Y R ) 2 - E ( Y k - Y R)2

— (<J“ +  °TT +  “  (2Orr)

2  2
—  0 +  &TT “  a RR.i

w here a 2r r  — a 2BT +  and =  cTqR + a 2V[i a re  called the to ta l variances of the 

respective formulations, since they th e  sum  of the betwcen-subject an d  w ithin-subject 

variances. Again, th e  la tter expression is the  most com m on form of expressing the Schall 

an d  Luus PBE criterion.
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Evaluating the Shcincr criteria in  th e  same m anner yields the following expression for 

IB E and  PBE, respectively.
S2 + a 2n + o 2w r  

0 / 1  —  j -----------

0 p i  =  6 \ aTT 
a RR

T h e distance in terp re ta tion  of these crite ria  make them  intuitively appealing. Schall and 

Luus were able to show, by using ac tua l biocquivalencc studies as exam ples, that one 

could conclude IBE an d  PB E  with a  relatively small num ber of subjects. B ut it appears 

th a t  variability of this m etric is directly proportional to  the com ponents themselves, which 

makes it problem atic to  m andate a  single upper bound th a t is widcly-applicablc over a  

range of likely values. T h e  FDA has addressed this problem  by dividing the Schall and 

Luus criteria by an appropria te  scale factor, so th a t they  become

Q ib e  =  ^  +  ^  a *VT ~  a *VR/T̂

for IB E, and

® P B E  =
S2 + 2 2 

a T T  ~  a R R

a R R

for PB E. Since the scale factor is based on the variability of the reference product, these 

c rite ria  are called reference-scaled. T hus the FDA criterion is a hybrid  of 0 j  with its 

scaling properties, and  0 2 , which is based on an absolute difference. B ut now there 

is th e  potential th a t these criteria p u t an unfair burden  on test form ulations that arc 

com pared to reference products w ith relatively low variation. We illu s tra te  this problem 

w ith  the  following exam ple: suppose th a t  M anufacturer A is com paring their generic 

to th e  product of Innovator A, and th a t  the biocquivalencc param eters have the values 

8 =  0.05,<7o =  0.01, ofyr  =  0.03, an d  <t2vr  =  0.02. We then  have Q fBE  =  1-125. 

T hese param eters are a ll well within th e  allowances (discussed below) se t by the FDA to 

determ ine the regulatory upper bound. Now consider M anufacturer B, who is comparing 

th e ir generic w ith Innovator B, and th a t  the  bioequivalence param eters have the values 8  —

0.05, <j2d — 0.01, (rfyj' =  0.25, and (t2v r  =  0.2. The value o f ® i b e  =  0.5625 is much lower 

th a n  for the Generic A comparison, desp ite  th a t the  difference in  w ith in  sub ject variances
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is much higher than  0 .0 2 , the allowance for the difference in  these param eters given by 

the FDA. Therefore, M anufacturer A may have a  more difficult tim e than  M anufacturer B 

showing th a t their generic is equivalent to  its respective innovator product, desp ite having 

a  form ulation th a t is ‘m ore equivalent’. T h e  solution of th e  FDA was to p u t a  lower bound 

on the denom inator of th e  criterion. This results in the FD A  mixed-scaled crite ria  for IBE

&lBE =  1 IV R

and for PB E

_  S2 +  <t2d  +  a \VT — o f  
m ax{a$VR,o$v  0 )

S2 + , ,2

e PBE = " ' 7 7m a x i n g ,  <rf0)

The FDA derived the value for a2V0 by solving the expression

[/og(1.25)]2 _  l 

a wo

for rrj .̂Q, which gives (t2V0 =  0.0398344, which they rounded  to 0.04. A very similar 

expression for aifo a ls°  yields a value of 0.04. Since th e  constan t scale factor is the same 

for IB E and PBE, we will often refer to the  constant-scalc factor merely as <7 5 .

To derive the regulatory  upper bounds for 0 / b e  an d  Q p b e , the agency pluggcd-in 

various allowances for each set of param eters into the ap p ro p ria te  criterion. For IBE, the 

allowances arc 8 =  /og(1.25), €  [0.02,0.03], and <*w t ~ (Tw ii  =  0-02. S etting  <j 2d =  0.03

and the denom inator equal to awa — 0.04, this process yields

„ _ (Zo0(1.25))2 + 0.03 + 0 .02
01 ~  m  = 2-4948-

Similarly, for PB E we have the same allowance for 8, a \ R , and the sam e denom inator 

(since cr2ro = cr2V0 to yield

(log(1.25))2 +  0.02 _ , . , D
0P = ----------0 ^ 4 ---------- =  L7448‘

The above criteria arc referred to as aggregate criteria, since the param eter of interest 

is an  aggregation of individual model param eters. Some researchers {e.g., Gould, 2000, 

Chow an d  Liu, 2000), have proposed assessing the ind iv idual model param eters, such as 

8 and o 2D, separately. T h is  is known as the  disaggregate crite ria  approach. Some of the
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problem s w ith  disaggregate criteria  are th a t th e  statistical properties of the  estim ates of 

some param eters arc not well understood, as for o 2D, and th a t  using certain  param eters, 

e.g., ^ v v r/^ H ’R' to assess biocquivalencc m ay lead to dram atic  increase in sam ples sizes, 

which would have a d rastic  effect on how biocquivalencc studies are conducted. Critics 

of the aggregate approach, in particular the FD A  criteria (e.g., Hsuan, 2000), argue that 

tradeoffs between param eters in the FDA c rite ria  may lead to, for example, concluding 

individual biocquivalencc for two formulations th a t arc not even close to being average 

biocquivalent. The FDA has specifically addressed this last criticism  by requiring some 

form of average biocquivalencc as a  prerequisite to  IBE and  PB E. The FDA also defends 

tradeoffs between param eters as, in part, consequences of th e  estim ation process.

2 .3  T h e Statistical M ethod ology  o f th e  F D A  G uidance D ocum ent

T he original draft o f th e  current FDA guidance docum ent on statistica l m ethods for 

biocquivalencc recommended using the non-param ctric b o o ts trap  (Efron and T ibshirani,

1992) for assessing &ib e  an d  @p b e - The s ta tis tica l m ethodology of th e  final FDA guid­

ance docum ent is based on th e  work of Hyslop, Hsuan, and H older (2000), which in tu rn  is 

based on the work of Howe (1974), who was in terested  in constructing a  confidence interval 

for bctwccn-subjccts variance component (frequently denoted as a 2) in the one-way ran­

dom effects model. Howe’s idea was that one could construct an  approxim ate 100(1 — a)%  

interval on cr2 by constructing exact intervals on  the constituents Tier2 -I- a \  and  cr2, and 

then com bining the lengths o f the respective intervals to get the length of the interval for 

cr2. Howe showed that his interval had many desirable properties, m aking it superio r to 

those of M origuti (1954) an d  Bulm cr (1957). A pparently Howe was not familiar w ith  the 

work o f Tukey (1951) and  W illiam s (1962) on  th is problem. Howe’s approach, however, 

was m ore general, and he speculated  that his work could be extended to  general linear 

com binations, as was done by Hyslop ef al. (2000) for the FD A  individual bioequivalcncc 

criterion G i b e - To do so, these authors had to  linearize the criterion  by m ultiplying both  

sides by th e  appropriate scale factor, either a 2VR or <r2V0. T h ey  also reparam eterized in 

term s o f crj =  a 2D + 0 .5 ct2v t  +  0.5(t2v r  (n .6 ., erf — Var(8)), an d  then  p u t all the  non-zero
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term s in the IB E  expression on the  same side o f the  inequality, so th a t  the IBE criterion

becomes

T he linearized criterion is used to  construct a  100(1 — a)%  lower confidence interval. 

T his is done by constructing exact 100(1 — a )%  intervals for each of the components, 

lower confidence intervals (upper bounds) for com ponents w ith a  positive sign, and  upper 

confidence intervals (lower bounds) for com ponents w ith  negative signs. The half-lengths 

{i.e., the d istance between the  poin t estim ate an d  th e  bound) of each interval are squared, 

summed, and  th e  square root o f the  resulting variance estim ate added  to  the point estim ate 

7  to get an  approxim ate 100(1 — a)%  interval. T h is  results in the  following upper bound 

for the lower 1 0 0 ( 1  — a)%  intervals:

sim ilar form ulation can be used to assess PB E , b u t adap ting  th e  procedure in th is way

sm all sam ple confidence interval (HSCI) test, since th e  m ethodology is based on the  work

S2 +  +  0.5Oiv t  — 1 — QiTnax{(j%yn, <72j/-q) <  0 .

for the reference-scaled criterion, and

7C +  (# D  + H ] + H \V T  +  H w r c )0'°

for the constant-scaled criterion, where

7ft — d* 0.5Siyj* (1.5 @l)&\VR.
7 c  — +  0.os^VT — 1.5s2j/-yj — Oi&iyQ

H w r c  — -1 .5 s

T he decision ru le is to conclude IBE if the up p er bound  of this interval is less th an  0. A

will, as we shall sec, be problem atic. We refer to  th is procedure for IB E  as the Howe-type
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of Howe. Alternatively, we will also a t  tim es refer to  th is  and  sim ilar 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 th a t, in m ost eases, it holds its size a t  or below th e  nominal, and  th a t it has b e tte r  

power and sm aller sam ple size requirem ents than  b o o ts trap  procedures for the 4-pcriod 

design th a t they studied. HSCI tests have also been independently  developed for 3-pcriod 

crossover designs by Hyslop and Iglcwicz (2001), and by Chow, Shao, and Wang (2002). 

T he HSCI test is also relatively straightforw ard to im plem ent. It docs, however, have one 

draw back: the u p p er bound that is used as the test criterion  is discontinuous when one 

sw itches from constan t to reference-scaled criterion (FDA , 2001). O f the various solutions 

proposed for this problem, the FDA guidance docum ent allows the so-called ‘play-thc- 

w inncr’ rule, in which one computes u p p er bounds for b o th  reference and constant-scaled 

criteria , then chooses the more favorable (to the conclusion of IBE) result. This has 

the  effect of slightly inflating the T ype I error of the te s t. A test procedure th a t is not 

discontinuous a t th e  changeover po int from constant to  rcfcrcncc-scalc criterion may be 

considered a m arked improvement.

As well as the  HSCI test performs for IBE, it m ay be surprising th a t the  adap ta tion  

o f th is  procedure in  the FDA guidance docum ent to P B E  is suspect. T he title  of Howe’s 

p ap e r specifics th a t  he was interested in confidence intervals for linear combinations of 

independent random  variables. B ut the random  variables tha t arc formulated in the 

assessm ent of 0 p b e  arc not all independent. This is why we refer to the testing procedure 

as the  FDA test in this context. We will see th a t ignoring the dependence structu re of 

the  random  variable has a detrim ental effect on the pow er of the FDA test, compared to  

o th e r procedures, such as the boo tstrap , which do not ignore this dependence.

2 .4  M odified Large Sam ple T ests for IB E  and P B E

Gray bill and  W ang (1980) developed m ethods for constructing confidence intervals 

on  linear com binations of variance com ponents w ith non-negative coefficients which th ey  

du b b ed  as modified large sample (MLS) intervals. O ver th e  following decade and a  half,
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Graybill, Wang, Burdirk, and  their associates extended the MLS m ethodology to  a  variety 

of functions of variance com ponents and  to  a  variety of experim ental designs. M ost of these 

methods are cataloged in th e  book by B urd irk  and Graybill (1992).

One problem  in adapting  MLS intervals to  biocquivalencc is th a t & i b e  and  @p b e  

are not functions of variance components alone: the mean difference 6 =  f i r  ~  HR appears 

as a  squared term  in b o th  of these param eters. The fact th a t 82 has a  non-central x2 

distribution  further complicates the m atte r. Quiroz et al. (2002) address th is s itu a tio n  by 

following P atnaik  (1949) in  equating th e  non-central x2 w ith  a  central x 2 whose degrees 

of freedom arc estim ated by setting the first 2  moments of the  non-central x 2 to  the first 

2 moments of a central x2 distribution. T h ey  then use S attcrthw aitc’s m ethod  (1946) to 

combine term s w ith like signs, and then  com pute an upper 1 0 0 ( 1  -  a)%  bound  using the 

appropriate MLS method. For reference-scaling, this is the m ethod th a t Lu, G raybill, and 

Burdirk (1989) developed for rational functions of variance com ponents. T h e  resulting 

(1  — a)%  upper bounds arc

k i r 2  -t- k 3/ { k , k 2) +  1

U,BER  ”   2 ( 1  -  k , / k j ) ------- 1 -  1'° '

where

Van =  (2 +  fc5/ ( * ik 2))2 -  4(1 -  k4/k * ) ( l  -  k3/k f ) ,
k t = S 2n / ( Sn) +  [1  -  1 / ( s n ) \S j  +  S f /2 ,

k3 =  ( f L , „ .  -  1 )2[ S y { s n )] 2 +  (Fa:oo<ni -  1)2[(1 -  l / ( s n ) )S 2 ]2

+[Fa:oo,nT ~  4)2 (Sf-/2)2,
*4 =  [(1  -  i ri-a:oc,n«)52]2,
k5 = S l[ k 6S 2D/( s n )  + k 7( 1  -  l / ( s n ) ) S 2 +  fc8S 2 /2],
, _  (1 — Fl-ain',n.ft)2 ~  {F3:00,n* — 4 )2F 2_Q;n. jrlR ~  ( 4  ~  F i—a:00,n/i) 2

k7 

k&

_  (4 F l—a:nr.tin)2 (Fa;0o>nr 4)2 .F^_a:rtnflR (4 F l—a:oo,nn) 2

_  (4 — Fi.-a ;n.r ,fiR)2 ~  (i*oi:oo,rtr ~  4)2-^-q:nr,HR ~  (4 ~  ^*l-a:oo,nft)2
F l—a:nT,nR

For constant-scaling, they  use the lower interval (i.e. upper bound) o f T in g  et al. 

(1990) for linear com binations of variance components w ith  coefficients unrestric ted  in 

sign. T he resulting (1 — a )%  upper bounds a re
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TT _ _  ~  1.5** +  n/Va/5
U I B E C  “ * o  *

where

^Afo =  ^ 3  +  1.52 fc4 +  I .5 A5 .

Quiroz et aZ. compared tes t procedures for IB E  and PBE based  on their MLS intervals 

to the HSCI test. They found th a t HSCI te s t had  slightly b e tte r  power for IB E , while 

the MLS intervals produced slightly more pow erful tests for P B E . The MLS intervals are 

also on the sam e scale as th e  param eters Q i b e  and  © pb£, no t th e  linearized scale of the 

HSCI intervals. Quiroz et al. claim that th is as an  advantage o f the MLS, a lthough  it is 

not clear, given the novelty o f the biocquivalencc criteria in question, how useful intervals 

on this scale arc, except for comparison to a  prc-specificd regulatory  bound.

2.5 W ang’s Unbiased T est for IBE

The o ther m ethod in th e  extant statis tica l lite ratu re for assessing IBE is an  unbiased 

test developed by Wang (1999). His approach closely followed th a t  of Brown, Hwang, 

and Munk (1997), who developed an unbiased tes t for average biocquivalencc. W ang’s 

approach requires special calculation of to lerance limits for each case. He also developed 

his test for a  certain  class o f 3-pcriod designs, even though th e  d a ta  exam ple he uses 

is derived from a  4-period study, not addressing the fact th a t  some of th e  secondary 

IBE param eters arc non-idcntifiablc in the  design th a t he chooses, and he ignores the 

use of mixcd-scaling, choosing to consider on ly  the  reference-scaled criterion. B oth  of 

the la tter choices appeared to  have been m ade not for scientific reasons, b u t purely  for 

m athem atical convenience. T his is probably why his m ethodology has not gained wide 

acceptance. Therefore, we do  not compare th e  tests  we have derived to this test. I t  should 

be noted th a t th e  unbiased te s t of Brown et al. had  also failed to  replace the two one-sided 

tests approach o f Schuirm ann (1987) for average bioequivalence, and  tha t th e  W ang test 

for IBE has no t even been mentioned as an  alternative in th e  FD A  guidance docum ent 

(2001). This appears to be  due to the m ath m atica l complexity o f bo th  the B row n et al. 

and  the  W ang approaches.
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2 .6  Generalized p -Values

T he remainder of this chapter is devoted to  th e  methods th a t will be the prim ary 

tools in our approach to assessing IB E and PBE: generalized p-values and  generalized 

confidence intervals.

Suppose we wish to  test H q : 9 < 6q versus H a : 9 > 9q. For an  observable random  

vector X , Tsui and W ccrahandi (1989) defined a  generalized test variable (GTV) to  be a 

function T (X ; x , £), where x  is th e  observed value o f th e  random vector X ,  and  £ =  (d, C), 

w ith  0 being a scalar param eter o f interest, and  £  a  vector of one o r more nuisance 

param eters. Tsui and  W ccrahandi im posed on T (X ;  * ,  £) the following th ree  requirem ents:

1. T ( x ; x , | )  = t is free of £.

2. For fixed x  and £, the d is trib u tio n  of T (X ; * ,  4) is free of the nuisance param eter C-

3. For fixed x  and £, P r ( T ( X ;x ,£ )  >  t \ 9) is non-decreasing in 9.

Using the function T (X ; x ,£ ) , th e  generalized p-valuc for the test o f Hq against H a is 

defined as

p =  Sup P r [ T ( X ;x ,£ )  >  t\9\
0 < d o

From  property (3) above, it follows th a t

p =  Sup P r [ T ( X ; * ,0  >  t\9\ =  P r [ T ( X ; x ,0  >  t\90\.
6 < 0o

B y properties (1) and  (2), the generalized p-value is n o t dependent on nuisance param eters, 

an d  hence can be com puted based on d a ta  alone. For a  nominal a  level te s t o f H q against 

H a one rejects Hq whenever p <  a .

T he above definitions of generalized test variable an d  generalized p-value are, respec­

tively, analogous to  those of test s ta tis tic  and p-value in classical hypothesis testing.

Wccrahandi (1995) refers to  th e  tests derived using the G PV as exact tests in the  

following sense:
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W ith respect to a specified probability m easure, a sam ple space, and the p a­

ram eter o f interest fixed a t  the value specified by the null hypothesis, p-value is 

the exact probability o f a well-defined extreme region (a  well-defined subset of 

the sam ple with the observed sample on its boundary) [.] (W eerahandi, 1995,

pg. 1 1 2 ).

It should be noted that for m any of the well-known exact te s ts  o f classical s ta tistics,

i.e., cases w here we have a  te s t statistic  w ith a  sam pling d is trib u tio n  th a t is bo th  free of 

nuisance param eters and tabled , we can derive a  G PV  test th a t coincides with the classical 

test. An exam ple of this is the  test of Hq ■ a l  ~  0, where a l is th e  between block variance 

component, in the  one-way random  effect model. Under the null hypothesis, a natu ra l G TV  

is F  = M S  A / M S  E , which is th e  same as the  classical test s ta tis tic , where the num erator 

and denom inator arc the block and  error m ean squares, respectively. Therefore, th e  G PV  

test corresponding to this G T V  and  and the classical test arc the sam e. This lends credence 

to  the notion th a t  GPV m ethods lead to sensible testing procedures. T he advantage of 

the GPV is th a t  we can derive a  test for the  more general hypothesis Ho : a'l < S, for 

which classical testing procedures do not exist when 5 > 0 .

2.7 G eneralized C onfidence Intervals

Closely re la ted  to the G P V  is the generalized confidence in terval (GCI, W ccrahandi,

1993). The G C I is based on th e  generalized pivotal quantity  (G P Q ), which is the closely 

relate to the G TV . Thus the G C I is the interval estim ation co u n te rp art of the G PV .

W ccrahandi (1993) defined R  =  r ( X ; x ,  £) as a generalized p ivo ta l quantity (G PQ ) if 

it satisfies th e  following two conditions

Property A: R  has a probability  d istribu tion  free of unknown param eters.

P roperty  B: The observed pivotal, defined as r0&a =  r(x ; x ,  £ ), does not depend  on 

the nuisance param eter £.

Now, we define a  set C7  such that

P r[R  €  C7] =  7 .
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In  d irect analogy to  the pivotal quan tity  m ethod, we ob ta in  a  subset C ( X )  of the sam ple 

space such th a t

P r [ X  6  C (*)] =  7 - 

We further define a  subset 0 C of the  param eter space 0  of 9 such th a t

® c (r )  =  { ^ 6  0 |r(® ; x ,  £) 6  C7 }.

T h e interval e s tim ate  ©c(r) derived from  the generalized pivotal q u an tity  R  is a generalized 

confidence interval of 6. If we arc, for example, in terested  in finding a  95% GCI on R , we 

would find L  an d  U  such that

Pr[L < R <  U \R  = r (x ; x ,  £)] =  0.95.

If  we take L an d  U  such that F r (L) =  0.025 and  F r (U) =  0.975, where F r(.) is the  

cum ulative d is trib u tio n  function (C D F) of R, we g e t the  cqual-tails G CI of 9. We can 

also attem pt to  find L  and U such th a t the length o f the interval is minimized. W hen 

evaluating ind iv idual and population biocquivalencc, we often have L  =  —oo, so th a t, by 

finding U such th a t  Fa(U) =  0.95, we get a  95% lower generalized confidence interval on

0. Since P roperties A and B of a  G P Q  correspond to  Properties I a n d  2 of a  GTV, each

G T V  has an associated  GPQ.

2.8 C om parison o f  Generalized p-Value an d  B ayesian  M eth od s

T he sim ilarity  between the generalized p-value an d  Bayesian m ethods has been ob­

served by several au thors, including T su i and W ccrahandi (1989) them selves. They noted 

th a t, in certain cases, the GPV solution is identical to  th e  Bayesian so lu tion  derived using 

a  non-inform ativc p rio r such as Jeffreys’ prior. A n im portan t ease w here this occurs is in  

th e  Behrens-Fisher problem, where T su i and W eerahandi note th a t G P V  solution is th e  

sam e as the Jeffreys’ Bayesian solution (Jeffreys, 1967), an d  the fiducial solution known to  

F isher and his contem poraries. T his section exam ines, in general, som e o f the connections 

an d  differences betw een the GPV and  Bayesian m ethods.
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Wc s ta r t  w ith the definition of the generalized p-value. For testing the null hypothesis 

Hq : 0 < 9q versus the alternative H a : 0 > So, if T  =  T ( X ,  x ,£ )  is the generalized test 

variable which is stochastically increasing in  6  (the param eter of interest), th en  th e  GPV 

is

p  =  P r (T  > t obs\9 = 0o)

where t0bs =  T ( x . x , ( 0) and  £ 0 =  (0q,Q .  T h is probability  is taken over th e  jo in t dis­

tribu tion  o f X  given Ho regarding x  as a  know n fixed constan t vector. To facilitate the 

com parison to  Bayesian m ethods, wc need to  provide some justification for m aking ‘fre­

quency’ ty p e  statem ents w ith in  a  Bayesian framework. T h is justification was argued for 

within the  context, of applied statistics by R ubin  (1984), whose ideas were formalized by 

Mcng (1994) into what the la tte r called the posterior predictive p-value (P P V ).

The posterior predictive p-value is defined as follows: suppose that wc have a  test 

variable T ( X )  th a t wc will use to  test the  sam e null hypothesis that is in th e  previous 

paragraph. To compute a  classical p-value, T ( X )  needs to  be a  pivotal quantity , i.e., free 

of unknown nuisance param eters. To com pute a  Bayesian p-value, wc consider a  ‘future 

observation’ x rep, which is called a  replication o f the fixed observed value x  o f th e  random  

variable X .  We then define a discrepancy variable D (x ,ip)  th a t  is a function o f  th e  data  

and the param eters, the la tte r feature distinguishing it from a  classical test s ta tis tic  T (x). 

The posterior predictive p-value is then defined as

PB =  P r{D {xrep,ip) > D {x ,ip )\x ,H 0},

with this probability  taken over the jo in t posterio r d istribu tion  of x rep and  ip given Hq 

and x .

A lthough the interpretations arc different, the sim ilarities between the G P V  and PPV  

are now apparen t. Both are  based on a test variable th a t is a  function of b o th  the  data  

and the param eters. They differ in that, for th e  GPV, the probability  calculation  does not 

depend on th e  nuisance param eters, whereas the  P PV  calculation  handles th e  nuisance 

param eters th rough the specification of th e  p rio r d istribu tion . In  both  approaches, the 

selection o f a  test variable is critical. Because removing th e  dependence on  nuisance
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param eters is necessary in order to com pute a GPV, W cerahandi (1993,1995) often appeals 

to  invariance argum ents to  justify th e  choice of a generalized test variable. On the o th er 

hand, Mcng (1994) seems to favor basing his discrepancy variables on  likelihood ratios. 

T he respective derivations of T ( X ,x ,£ )  and D{x, \p) may not always b e  straightforw ard. 

A lthough Mcng docs not discuss desirable properties for a  discrepancy variable, it appears 

th a t choosing D(x, t/>) so th a t it has som e sort of m onotonicity properties like the G T V  

would be advantageous.

It is noteworthy th a t  Mcng derived a  slightly different solution to  the  Bchrcn-Fishcr 

problem  from that of Jeffreys’ (1967) and  Tsui and W ccrahandi (1989), bu t Meng th en  

notes th a t the Jeffrcys’/G P V  solution can be obtained using the P P V  if one ignores the  

inform ation p [ =  pa in  the null hypothesis.

In general, the G P V  will not always correspond to  th e  Bayesian so lu tion  derived using 

Jeffreys’ prior. This was shown by C hiang (2001) for the  related problem  of constructing 

confidence intervals for general functions of variance com ponents (C hiang’s method o f su r­

rogate variables (SV) is the  same as VVecrahandi’s generalized confidence interval m ethod­

ology). Chiang observed th a t the fiducial distribution associated w ith th e  SV /G CI differs 

from the posterior d istribu tion  derived using Jeffrey’s prior in th a t th e  use of Jeffreys’ 

prior restricts the param eter space o f th e  variance com ponents to positive values. C hiang 

notes th a t this restric tion of the param eter space can lead to some peculiar results. For 

example, Chiang's results seem to indicate that in the  one-way random  effects m odel, 

Bayesian intervals com puted using th e  methodology of Wolfinger an d  Kass (2000) had  

poor coverage for the  within-block variance component cr%, com pared to  SV /G C I in ter­

vals, when <7„ was close to  zero. However, these results, as mentioned above, are based on 

a  particu lar prior d istribu tion . There seems to be no reason why one canno t choose a  p rio r 

d istribu tion  so th a t th e  resulting posterior distribution matches th e  fiducial d istribu tion  

given by Chiang. We could specify a  prior d istribution which allows th e  circum stance 

(t 'q =  0 to have a probability  p >  0, m aking the Bayesian interval m ore general. Therefore, 

the  question becomes not whether the  sam pling d istribu tion  associated w ith  the G PV  for 

a  particu lar problem m atches the posterio r d istribution  derived using Jeffreys’ prior for
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th a t problem , but w hether (and when) it is possible to  find a prior d istribu tion  so th a t 

the Bayesian and G PV solutions will m atch  each other.

T h e  advantage of equating  the G PV  w ith  established sta tis tica l methodologies is th a t 

wc can  then adopt the properties of these methodologies as properties o f the  GPV. The 

ap p a ren t relationship between the G PV  and  fiducial inference is useful in  some circum­

stances, particidarly  w ith respect to th e  Behrcn-Fisher problem , bu t th e  lack of general 

results concerning fiducial distributions severely limits th e  applicability o f this relation­

ship. Establishing a strong  link between th e  GPV and Bayesian m ethods, especially the 

posterio r predictive p-value, would imbue th e  GPV w ith strong  general properties such as 

average risk optimality. W ccrahandi (1995) himself has a ttem p ted  to  exploit such links 

to claim  th a t the results of Mcng (1994) concerning th e  P P V  also app ly  to the GPV. 

U nfortunately, a t present this link between Bayesian m ethods and G PV  only exists for 

those problems, such as the Behrcn-Fisher problem, where it has been shown th a t the 

num erical calculation of the GPV can be duplicated by som e Bayesian com putation. To 

make th e  desired link, wc would need a  general result concerning th e  existence of prior 

and  posterior distributions th a t always generate ‘p-valucs’ num erically equivalent to  the 

G PV . B ut a  general proof is likely to be very difficult, especially for m ulti-param eter prob­

lems. Even a  weaker result, such as one where additional properties a re  imposed upon 

the generalized test variable or the discrepancy variable (or, most likely both) would be 

extrem ely  valuable.

2.9  C hapter Sum m ary

T his chapter was intended to lay th e  statistical foundation for developing m ethods 

to assess individual and  population biocquivalencc. We have examined th e  biocquivalence 

crite ria  and  the sta tistica l model recommended by the FD A . We have also presented a short 

survey of methodological approaches to  th is problem in th e  ex tan t s ta tis tica l literature. 

W ith  th is inform ation and  the scientific background given by the previous chapter, it 

is hoped th a t the reader will be sufficiently prepared to  understand  th e  content of the  

chap ters th a t follow.
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Chapter 3

T E ST S FO R  IN D IV ID U A L  A N D  P O P U L A T IO N  BIO EQ U IV A LE N C E  

B A S E D  O N G ENERALIZED P -V A L U E S FOR 4-P E R IO D  S T U D IE S

SU M M A R Y

T he US Food and D rug A dm inistration (FDA) has proposed new regulations tha t 

address th e  ‘prcscribability’ and ‘sw itchability’ of new form ulations of already-approved 

drugs. T hese new criteria arc known, respectively, as population and individual biocquiv- 

alcncc. Two m ethods have been proposed in  the biocquivalencc literature for assessing 

population and  individual biocquivalencc th a t  calculate an u p p er 95% confidence bound 

for the biocquivalencc criterion in question, an d  then test biocquivalencc by com paring this 

bound to  the  limit established by the FDA. In  th is paper we propose applying the  general­

ized test variable (GTV) methodology of T su i and  W ccrahandi (JASA. 1989, pp  602-607) 

to this problem  to produce tests based on a  generalized p-value (G PV ). This methodology 

allows us to  construct hypothesis tests in  th e  presence o f nuisance param eters. Using 

sim ulation we show that these tests perform  well in com parison to  the confidence interval 

m ethods, an d  have superior power for assessing population bioequivalence.
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3.1 Introduction

In this ch ap te r wc examine th e  generalized p-value approach for m aking inferences 

concerning th e  FDA-recommended PB E and IB E  criteria. The underlying statistical 

model is described in Section 3.2. T h e  Generalized p-value approach is described, along 

w ith the n o ta tion  wc use, in Section 3.3. Sections 3.4 and  3.5 present th e  generalized tes t 

variables for IB E  and  PBE, respectively. Examples a rc  also given for illu stra ting  the appli­

cation of the proposed methods, w ith  direct com parisons to  the HSCI an d  MLS m ethods. 

Section 3.6 discusses the results o f a  simulation s tu d y  we conducted for evaluating the 

performances o f the  GPV methods. Comparisons to  the  HSCI and the  MLS methods arc 

included. Section 3.7 discusses some of the advantages of the G PV  approach over the 

existing m ethods.

Hyslop, H suan, and Holder (HHH, 2000) only applied  the Howe (1974) methodology 

to IBE. The extension of this m ethod to PBE is given in the FDA guidance docum ent 

(2 0 0 1 ), using, for the most part, the notation of HHH . Quiroz et al. (QTVVB, 2002) have 

addressed b o th  IB E and PBE, using their own no ta tio n . It is assum ed th a t the reader 

is familiar w ith  or can refer to the m ethods in th e  FD A  guidance docum ent (which arc 

largely the m ethods of HHH), and  th a t the reader is also familiar w ith MLS m ethods for 

constructing confidence intervals for variance com ponents. For inform ation on the la tte r, 

one can refer to  the  book by Burdick and G raybill (1992). It is fu rth e r assumed th a t 

the reader is fam ilar w ith the concepts relating to  th e  evaluation of pharm acokinetics and  

biocquivalencc.

3.2 S tudy D esig n  and S tatistica l M odel

Biocquivalencc studies almost always have som e type of crossover design, where each 

subject is adm inistered  each form ulation of the s tu d y  d rug  a t least once. The crossover 

designs th a t we will consider in th is chapter are th e  4-period designs given in Table 1 .
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T a b le  l a

FDA-rccommended 2-scquence 4-period  design

Sequence 1 T  R  T  R
Sequence 2 R  T  R  T

T a b le  l b

FDA-rccommended 4-scqucnce 4-pcriod design

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

T h e observational model for 4-pcriod crossover designs is given below.

Yijki = Pk ■+■ TtfcZ "b fjijk "b t-ijkl i =  1 , . . . ,  s; j  =  1 , . . . ,  Tit! k — T , i?; I — 1,2;

where Yijki is th e  response from subject j  in sequence i  to  the Ith application of trea tm ent 

k , and s is the num ber of sequences. T h e  param eters p r  and  p r  arc the  population m ean 

responses to trea tm en ts  T  and R  and  7 ,*/ is the (unknown) fixed effect corresponding to  

th e  Ith application of treatm ent k  in sequence i. T he following cstim ability conditions are  

imposed on the  7 ^-; (sec Chinchilli an d  E sinhart, 1996).

.» 2

£ $ > « « =  0 for Ac =  T ,R
i=L Z=L

Furtherm ore, r\tjk  is a  random effect o f subject j  in sequence i  when receiving trea tm en t 

k. and e , ^  arc  w ithin-subject random  errors. T he random  variables eijki are jo in tly  

independent and  d istribu ted  norm ally w ith  mean 0 an d  variance ofv-fc (k  =  R ,T ) ,  and  the  

vectors =  [rjijr- Vi jit]' are m utually independent b ivaria te  normal w ith zero means an d  

a  variance m atrix  given by

y  _  (  a BT PVBT&BR A 
\  P&BT&BR &BR J

Finally, {t/fj-} an d  {efyfc/} are m u tually  independent. For convenience, we also define

S =  h t  — PR, =  ct%T "b ~  ^P&BTGBRj &TT =  a BT  "b a WTi aad ( j \ n  — &%r  +  0\VR-
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The m ethods under consideration by the FDA arc based on th e  following param eters, 

one for P B E  and one for IB E . T he param eters of interest, &p b e  and  © /b e , arc given in 

Chapter 2. For PBE, wc use the  following reparam ctcrization o f th e  Q p b e

® p b e  =  <

<S + crT + 0 .b a WT -  a R -Q .5 a WR , 2 . n c 2 ^ _ 2
--------------- 2 , a e _2--------------------  when crR +  0.5a WR >  crroa R +  \).boWR

(reference-scaled criterion) 
j 2 4- 4  +  0.5^VT, -  4 . ~  Q-5f7VVR whcn +  0 5(T2vfi <  (7 2 q

a T0
(constant-scaled criterion)

0 /BE =  <
d2  -I- erf +  O.Sofvr ~~ 1- ^ w r

where a \  =  d \ k +  O.ocru'jfc, k =  T ,R .  T he reference-scaled criterion  is to be applied  whcn 

the total variance <r\ +  0.5ofvR ° f  the  reference formulation is g reater than  or equal to 

a  FDA specified threshold value 4 o -  Otherwise, the constant-scaled criterion is to be 

used. At present, the FDA recom m ended value for 4 o  *s 0-04. Population bioequivalcnce 

is concluded if it can be dem onstrated  that & p b e  <  0 p  where th e  FDA recom m ended 

value for 0 p  is 1.7448.

Likewise, for IBE, the reparam ctcrization we will use is

+  4  +  0.5crjyr  -  l.b a iVR , _ _ _ _ _ _ _ _ _ _ _ 2 ^ _ 2

-------------------5--------------------  when crWR >  <7wq
a vVR

(reference-scaled criterion) 

when &w r  < (Two
'w o

(constant-scaled criterion) 

where cr2 =  d p  +0.5cr2VT-t-0.5cr2VR. T he reference-scaled criterion  for IBE is to  b e  applied 

whcn d 2V R  is greater than  o r equal to a FDA specified threshold value ofvo* O therw ise, the 

constant-scaled criterion is to  be used. At present, the FDA recom m ended value for ( t2v q  

is 0.04. Individual bioequivalence is concluded if it can be dem onstrated  th a t 0 / b e  <  ©/• 

Currently, the FDA recom m ends a  value of 2.4948 for 0 / .

The quantity  d 2n . defined by Ekbohm  and M clander (1989) to  assess th e  subject- 

formulation interaction, is key to  determ ining IBE. If we exam ine th e  identity

=  (° b t  — & b r ) 2 +  2 ( 1  — p ) c t b t ^ b r

we see th a t d 2D is small w hcn (1) c tb t  is close to ct b r ,  and (2 ) p  is close to 1. T h u s the 

role of the correlation coefficient p  in determ ining IBE is apparen t. A lthough its  role is
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less apparent in determ ining PBE, we will sec later th a t p  is very im p o rtan t in this ease 

as well.

3 .3  T h e  G e n e ra l iz e d  p -V alue

The generalized test variable is the  key to com puting a generalized p-value which 

provides a  measure o f discrepancy between data  and th e  null hypothesis. Suppose we 

wish to test H q: 8 > 9 0 versus H a : 9  <  9q .  For an observable random  vector X , Tsui and 

W ccrahandi (1989) defined a generalized test variable (G TV ) to be a  function T (X ; ®, £), 

where x  is the observed value of the random  vector X , and  £ =  (0 , 0 , w ith 8 being a 

scalar param eter of interest, and £ a  vector of one or m ore nuisance param eters. Tsui and 

W ccrahandi imposed on T ( X :  x ,  £) th e  following three requirements:

1 . T(® ;® ,£) =  t is free o f£ .

2. For fixed ® and  £, the d istribu tion  of T ( X ; x ,  £) is free of the nuisance param eter £.

3. For fixed ® and  £, P r (T (X ;® ,£ )  >  t \ 9) is non-decreasing in 9.

Using the function T (X ;® ,£ ) , th e  generalized p-value for the te s t o f H q  against H a 

is defined as

p =  Sup P r[T (X ;® ,£ ) <  t\9], 
e > B0

Note th a t Tsui and W ccrahandi (1989) define the generalized p-value as

p =  Sup P r[T (X ;® ,£ ) >  t\9]
0 <  Oq

which is slightly different from th e  definition given above. This is because their null 

hypothesis and alternative hypothesis arc H q  : 9  < 8 q  and  H a : 0  > 9 q , respectively, ra th e r 

th an  H q  : 9  > 8 q  and H a : 9  < 9q , as in  our case.

From property (3) above, it follows th a t

p  =  Sup P r[T (X ;® ,£ )  <  t\0] =  P r[T (X ;® ,£ )  <  t|0 o].
9 >  Oq
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By properties (1 ) and (2), the generalized p-value is not dependent on nuisance param eters, 

and hence can be com puted based on d a ta  alone. For a nom inal a  level tes t o f Hq against 

H a one rejects Hq whenever p < a .

T h e above definitions of generalized te s t variable and generalized p-value arc, respec­

tively, analogous to those of test s tatistic  an d  p-value in classical hypothesis testing.

3.3.1 Sum m ary S tatistics

Consider a  biocquivalence study w ith  a  4-period, s-sequencc, crossover design, where 

sub jects arc treated w ith bo th  the test an d  reference form ulation twice. As before, let 

Yijki denote the response of subject j  in  sequence i to the  Ith application of treatm ent 

k {k — T , R ). In the statistica l model of Section 2.1, the param eters th a t  are  needed to 

com pute the  IBE and the PB E criteria are  p r ,  PR, ^bt> a BR> a WT' a WR, a n d p. Wc now
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define th e  following quantities.

Y ijk  =  2  O^ijkV +  Yijki) Eijk — {Yijkl ~  Yijk2 )

D i j ^ Y t j T - Y i j  fi

.s
t

■Ei.fc — n . ^  E tjk Y i ,k — — ^

5 5 ,y r  =  E ? = l E - = , ( ^ r  -  E .v r)2 SS V™  =  f t i  E " i | ( ^ «  -  ^ . « ) 2

5 5 r  =  £ U  E ^ l ^ F y r  -  F ,- . r ) 2 5 5 R =  £ 'J =l E " i i ( F y «  -  F * . * ) 2

S S t r  = E ;= ,  E ; = 1(F ,j t  -  Y t. r ) ( Y ljfi -  Y i . n )

q q  — q q  SS'tr . r  S S t r
!r  ~ S S r ~ ^ s 7  b  =  ~s s T

S = H T -  h r  <t2d = UgT  +  a 2BR -  2paBTCTBR.

2 ___ 2  _ r _  ^  2 2 2  ^  2
fTr  — (JB T  +  y V w T  a R ~  +  2 ° ^ *

&T* R
V T R  =  P&BT&BR P  =  — 5-

•> o °’t b  / 1  1
" 4  c - J ^ T , n .:

a-j — aj- 4- 4  ~  2or/i — 4  +  - (o fv r  +  ° \ v r )  u — (^ i= in «) — •

It is easily seen th a t the statistics D ,S S i ,  S S w t , S S w r , S S t , S S r \t , an d  B  are  as­

sociated w ith the following pivotal quantities w ith known d istribu tions as ind icated .

r j  xrfn S S [  2  TT S S w T  2
Z d ----------- ---  .V (0,1) Ur =  — 5-----Xu Uw t  =  — 5 Xu

CO' /  CT [  (Tjy>j*

SS\VR. 2 T T  S S t  2 rr S S r \T  2
UWR =  ~ 2 --------- Xu UT  =  —j -Xu UR\T  =  — 2----------X u - 1

Z B =  { B - 8 ) sf ^ ~ N (  0 , 1 )

a R\T

a R\T

The collection of random  variables Z d ,U i ,U w t ,U \v r  are m utually  independent. Also, 

the collection of random  variables Z d , Uw t , Uw r , Ut , Ur \t , Z b  a re  m utually  independent.
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Note that, the quan tities B  and S S r arc, respectively, the linear regression coefficient 

and the residual sum  of squares from the regression o f Y i j n  on YijT-

3.4 G eneralized p-Value for th e  T est o f Ind iv id ual B ioequivalence

T he model param eters that appear in the definition of individual bioequivalencc arc 

|(f|, a ] , (T*v r , and rrfVFt. Equivalently, we can use the param eters £ =  ( 0 /b e ,  crj, <7 ^-T, o\VR) 

as there is clearly a  one to one correspondence between th e  two param ctcrizations. Using 

the la tte r param eterization  we have 9  = Q i b e  as th e  param eter of in terest and C =  

(o'/><7vyr>0 w,ft) as th e  vector of nuisance param eters. A generalized test variable for IBE

Here d ,.s .v ,s s» T ' an d  s . s u a r e  the observed values th a t  correspond to D , S S [ , S S w t , 

and SSw ri, respectively, and arc regarded as known constan ts. Now, the distribution of 

T [ ( X ;  x , £)  is free o f all nuisance param eters. As a  resu lt of the way th a t the GTV is 

defined, T[(x; x , £ )  =  1 when D, S S w r - S S [ ,  and S S w t  arc set equal to th e ir respective 

observed values. Lastly, the GTV increases as © /b e  increases. Therefore, th e  test function 

T f ( X ; x , £ )  we have defined has the required properties se t forth by Tsui an d  Wcerahandi

Once the G T V  is defined, the testing  procedure requires com puting th e  generalized 

p-valuc p =  P r ( T [ { X ; x , £ )  <  1 | © /b e  = © /) •  In  som e cases, e.g., the Behrens-Fishcr 

setup  for testing th e  equality of two means w ith different variances, the  G PV  can be 

evaluated using num erical integration (Tsui and W eerahandi, 1989). In  m ore complex 

problem s, the required  probability may be estim ated using  Monte Carlo m ethods (Zhou 

and  M athew, 1994). In  this case there is error associated  w ith the point estim ate of the

is given by

©/BE m a x  ( d-j a WR ) +  1-5

S S w t

SSWRQ i b e  m a x  ( a\

(1989).
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GPV, b u t this can be m inim ized by using a  large num ber o f sim ulations. For instance, 

it is quite feasible to estim ate  the generalized p-valuc using 1 0 0 ,0 0 0  or even 1 ,0 0 0 ,0 0 0  

simulations. Fortunately, doing so is relatively straightforw ard. We have w ritten  code 

in SAS® th a t estim ates th e  G PV  using th e  M onte Carlo m ethod  w ith the num ber of 

Monte C arlo evaluations equal to a user specified number. Such a  procedure estim ates 

the G PV  w ith a standard  erro r less than  or equal to 0.2% w hen the number o f Monte 

Carlo evaluations is 50000 and  with a s tan d a rd  error less th a n  or equal to 0.05% when 

the num ber of Monte Carlo evaluations is 1000000.

3.4.1 Exam ple 1: Verapam il

Hyslop et al. (2000) applied their m ethod  to a four scqucncc/four-pcriod study  to 

assess the  biocquivalcncc of two formulations of Verapamil in  23 healthy male subjects 

(Chinchilli and Esinhart, 1994) . Using SAS, we computed th e  following estim ates for the 

area under the plasma concentration/tim e curve (AUC) for th e  log-transformed data:

p r  =  5.6360 p a  =  5.6556 6 = d =  —0.01961
<*ivr. =  0.07450 d\VT =  0.1271 d? =  0.05924

These estim ates match those given by Chinchilli and E sinhart (1996). It follows th a t,

.ssn'R =  1.4155 s s w t  =  2.4156 s s / =  1.1256.

Using HSCI. we obtain a 95% upper bound o f —0.04006 for th e  linearized IBE criterion, 

from which we conclude IB E  of the two formulations since the  bound is less th an  0. 

The MLS m ethod gives an  95% upper bound o f 1.5903, less th an  © / =  2.4948, which also 

indicates IBE. The generalized p-valuc, estim ated  using 50,000 sim ulated random  variatcs, 

is 0.0181 (with 95% confidence interval (0.0169,0.0193)). Here we also conclude IB E, since 

the G PV  is less than 0.05.

3.4.2 Exam ple 2: M ethylphenidate

Meyer et al. (2000) conducted a s tu d y  to  characterize th e  intrasubject variability 

of m ethylphenidate. In  th is study  20 healthy male subjects were randomized to  one of
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four 4-pcriod sequences. Using SAS we computed the  following estim ates for AUC for the 

log-transformed d a ta

AiT = 3.5032 p.R =  3.4252 6 = d =  0.07796
a fVT = 0.05187 a'lV[l = 0.03404 a ]  =  0.02636.

I t  follows that,

ssvrft =  0.54461 s s w t  =  0.82991 ss[  =  0.42181.

Using the HSCI m ethod we com puted a  95% upper confidence bou n d  o f —0.0478, m atch­

ing the value given by Meyer for th e  constant-scaled criterion. T h e  MLS method gives 

a  95% upper bound  of 1.338. T he GPV is p =  0.0031 (with 95% confidence interval 

(0.0026,0.0036)). Based on any o f these methods one would conclude IB E for this param ­

eter.

We also com puted estim ates for maximum plasm a concentration (Cmax)

f i r  =  1-9564 p R =  1.8652 S  =  d. =  0.09115
d'iVR =  0.03057 <jfvT =  0.06702 a )  = 0.06922
s s \ v r  =  0.48907 s s w t  =  1.07237 s s j  =  1.10746.

Now the IISCI 95% upper confidence bound is 0.0502, again m atching the value given by

Meyer for the constant-scaled criterion. The MLS up p er bound is 5.7381. The G PV  is

p =  0.2441 (w ith 95% confidence interval (0.2403,0.2479)). Hence, IB E  of the formulations

is not dem onstrated  w ith respect to  Cmax.

3.5 G eneralized Test Variable for PB E

The model param eters th a t  appear in the definition of p o p u la tion  biocquivalencc 

arc \S \,(r^,a2R T̂ , 8 , crfVT and cr2VR. Equivalently, we can use th e  param eters £ =  

(@PBEi ° r |t>  °\VT' a WR.) 3 8  there  *s clearly a  one to one correspondence between

the  two param etcrizations. Using th e  latter param eterization we have 9  =  & p b e  as the 

param eter of in terest and  £ =  (cr|., <?^T , 8 , a WR.) 33 the vector o f  nuisance param e­

ters. We first define the  following quantities which w ill be used in th e  definition of a  G TV
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for popu lation  biocquivalcncc.
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Here d, s s r ,  *s r \t , s s w t , s s w R, b arc the observed values of D , S S t , S S r \t , 

S S w t , S S w r , B ,  respectively, and arc regarded as fixed constants. N ote th a t each 

T i { X ; x , £ )  is d istribu ted  free of nuisance param eters, and  th a t 7 \ ( x ;x ,£ )  =  <xf(/3 — 

l ) 2 +  0 R\t  =  ? 2 (x; x , 0  =  8, and T3 ( x ; x , f )  =  cr|.ft. A generalized test variable for

P B E  is then  given by

rn r - v  _  ^  _  ® P B E m a x  {ct%.q, T 3 ( X - , x , Z ) }  + T 3 { X ; x , Z )l p ( JL; X , ^ )  =   5--------------- 5---------
m X ; x , ( ) ?  + ^  + ! % p ! Z  

d o t  £ o o \ V T

_  Q p B E m a x  {a%-0,T 3{ X ; x ,Z ) }  + T 3 ( X ; x , f )
~  err, t  V  t \12 , S S T  , S S WTIT2 (X ;x ,« ) F  +  ^  +  s 7 -

It follows th a t Tp[x:  x , £) =  1. Now, the d istribu tion  of T p ( X ;  x , £) is free o f all nuisance 

param eters. Also, the G TV  increases as Q p b e  increases. Therefore, the tes t function 

T p ( X ; x ,  £) we have defined has the required properties set forth  by T sui and  Wecrahandi 

(1989). T h e  gcncraUzcd p-value for testing

Ho '■ @ p b e  >  © p  v e r s u s  H a :  Q p b e  <  © p
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is given by P r ( T p ( X ; x , £ )  <  1 |@p b e  =  ©p)- T his probability can be easily estim ated  

using a Monte C arlo approach.

The two datase ts discussed in Section 4 are used again  to illustrate an d  compare the  

th ree methods for PB E.

3.5.1 Exam ple 1: Verapamil

For verapamil, using a f  = a 2BT -t- Q.oa2v r  and  =  a BR +  0.5ofyR to denote the  

variances of Y i j r  an d  Yi j R , respectively, we have th e  following additional estim ates.

a f  =  0.27140 a \  =  0.31633 P = b =  0.97363 
s s t  = 5.1566 s s r \t  =  1.1220.

Using HSCI, we ob ta in  a  95% upper bound  of -0 .22959 for © p b e ,  from which we conclude 

P B E  of the two formulations since th e  bound is less th a n  0. The MLS upper 95% bound  

is 0.80933, also indicating PBE since it is less than  © p  =  1.7448. The generalized p-value, 

estim ated using 100.000 simulated random  variates, is 0.00001. Here we also conclude 

PB E , since the G PV  is less than 0.05.

3.5 .2  Exam ple 2: M ethylphenidate

The additional estim ates for the m ethylphenidate AUC da ta  are

a 'f =  0.12991 a 2R =  0.09305 $  = b =  0.75669
s s t  ~  2.0(850 =  0.29876.

Using the HSCI m ethod we com puted a  95% upper confidence bound of 0.02836; the MLS 

upper bound is 1.93625. Both m ethods lead to a decision of noncquivalcncc with respect 

to  PB E  for the two formulations. However, the G P V  is p  =  0.0038 (with 95% confidence 

interval (0.0021,0.0055)). Based on th e  G PV  one w ould conclude PBE for th is param eter.

A similar s itu a tio n  occurs for m axim um  plasm a concentration (Cm ax). The add i­

tional estimates arc

df. =  0.11220 a \  =  0.08850 (3 =  b =  0.58594
s s t  =  1.7951 =  0.79969.

Now the HSCI 95% upper confidence bound is 0.0245, an d  for QTW B it is 1.8635, b o th  

outside of their respective ranges for equivalence. B u t the  GPV is p  =  0.0250 (w ith 95%

R eproduced  with permission of the copyright owner. Further reproduction prohibited without permission.



44

confidence interval (0.0207,0.0293)). T his is sufficient to  conclude equivalence for P B E  

w ith  respect to C m ax.

The disparity  between the GPV m ethod  and the o th e r two m ethods can  be explained 

based on the sim ulation results which suggest th a t the  G PV  m ethod appears to have 

substantially  g reater power for a  range of param eter value com binations. Moreover, th is  

increased power is a tta in ed  without significantly exceeding the nom inal type-I error ra te . 

W hen it comes to  establishing population bioequivalcnce, the  conservative nature of HSCI 

and  MLS m ethods results in a loss o f power, thus increasing the burden  on the manufac­

tu re r of a  generic d ru g  product.

It is worth no ting  that, the G PV  procedure for P B E  takes into account the statistica l 

dependence th a t ex ists between S S r  and  S S r whereas the  HSCI and  th e  MLS m ethods 

appear to have been derived assum ing independence between these statistics. This m ay 

explain, a t least partly , why they have decreased power for testing PB E . In  an a ttem p t 

to further investigate this, we also analyzed the m ethylphenidate d a ta  using a boo tstrap  

approach since it properly accoimts for the dependence between S S r  and  S S r . M ore 

specifically, we used the nonparam ctric bias-corrected accelerated b o o ts trap  (Efron and  

T ibshirani, 1992) to  com pute 95% u pper bounds for b o th  AUC and C m ax. We chose th is  

m ethod over the unadjusted  nonparam ctric boo tstrap  because of the assertion by Efron 

and  Tibshirani th a t  intervals from th e  former have higher coverage th en  those from th e  

la tte r  (pg. 1 7 4 ^ . T he upper bounds we com puted were 1.0965 for AUC and 1.5937 

for Cm ax, both  well below ©p =  1.7448. For com pleteness, we also com puted the u pper 

bounds using the o rd inary  bootstrap percentile m ethod. T he bounds were 1.0404 for AUC 

and 1.4967 for C m ax. Thus, the b o o ts trap  results lead to  the same conclusion of P B E  

th a t we drew from th e  GPV analysis. T his result is consistent with our thinking th a t the 

reduction in power o f  the HSCI and th e  MLS m ethods m ay be due to  n o t accounting for 

the dependence s tru c tu re  among the sufficient statistics.

3.6 Sim ulation S tu d y

A sim ulation s tu d y  was conducted to com pare th e  three m ethods -  HSCI, MLS, 

an d  G PV  -  for popu lation  bioequivalence as well as for individual bioequivalence. T h e
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m ethods were exam ined for their ability to  m aintain th e  nom inal type-I erro r ra te  (false 

rejection rate) and for their power to  reject the null hypothesis of bioincquivalencc 

when the  alternative hypothesis of bioequivalencc is ac tu a lly  true. Each sim ulation 

assum ed a two-sequence four-period s tu d y  design w ith  n  subjects in each sequence. 

S im ulation param eters were chosen based on the power tab les given in the appendix of 

the FDA guidance docum ent (2001). For IBE, we used cro =  0.01,0.1,0.15, and, for 

assessing the sizes of the  three test m ethods, chose th e  o th er param eter values so that 

0 /  =  2.4948 (the boundary  of the null hypothesis). Five thousand sim ulated d a ta  sets 

were generated for each param eter com bination. GPVs were estim ated based on 10,000 

M onte Carlo runs. All tests were done a t the  nom inal a  =  0.05 level. All simulations 

were done using SAS® Version 8.1 for W indows. Because the test is conducted using 

an estim ate of the generalized p-valuc based on 10,000 M onte Carlo evaluations rather 

than  an  exact calculation, strictly speaking, the sim ulation  results arc applicable only 

when th e  generalized p-valuc is estim ated using 10,000 M onte Carlo rims. In  any real 

application the num ber of Monte Carlo evaluations is likely to  be much larger th an  10000. 

We conducted a lim ited number of add itional sim ulations the  results of which indicate 

th a t our general conclusions regarding relative perform ances of the three m ethods do 

not change when m ore than  10000 M onte Carlo evaluations are used to  estim ate the 

generalized p-valuc. O ur simulation results arc sum m arized below, first for IBE, then 

for PB E . Since the em pirical size estim ates arc based on 5000 simulated d a ta  sets, the 

stan d ard  errors of the  estim ates arc all approxim ately equa l to 0.34% (corresponding to 

an approxim ately 5% false rejection ra te ). For em pirical pow er estimates, the maximum 

stan d ard  error, which would correspond to  an  em pirical power o f 50%, is calculated to be

0.8%. These estim ation errors should be kept in mind w hen m aking comparisons between 

the reported  em pirical power estimates of th e  different m ethods.

3.6.1 Individual B ioequivalence

T h e  exam ination o f the  size of the th ree  procedures for IB E  was done a t  a  num ber of 

points on  the  boundary surface of th e  null hypothesis, i.e., w here 0 /  =  2.4948 (the value
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proposed by the FDA). We also used the FDA-specified value o fro =  0.04 for constant- 

scaling. T he estimated sizes o f the procedures arc sum m arized in Tables 2a-c.
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T a b le  2 a . Estim ated sizes of th e  test procedures HSCI, MLS, an d  GPV

for testing IB E  using 2 scqucnce/4 period designs

op  =  0 .0 1
6  =  0.3157 5 =  0.3631

o w t  ==  own  = 0.15 O W T = own = 0 .2 O W T  ==  o w n  = 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 0.0452 0.0376 0.0444 0.0522 0.0490 0.0660 0.0446 0.0430 0.0414
18 0.0500 0.0420 0.0480 0.0562 0.0516 0.0692 0.0500 0.0458 0.0446
24 0.0502 0.0438 0.0458 0.0554 0.0518 0.0692 0.0482 0.0454 0.0442

<5=  0.4737 5 = 0.7834
<J\VT = own = 0.3 O W T = own  = 0.5

n HSCI M L S GPV HSCI MLS GPV
6 0.0414 0.0424 0.0336 0.0426 0.0436 0.0344
12 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

a o  = 0 .1 0
8 =  0.2997 8 =  0.3493

C W T =  o w n  = 0.15 O W T =  o w n  = 0 .2 O W T =  o w n  = 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 0.0456 0.0578 0.0530 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

8 = 0.4737 8 =  0.7834
<J\VT =  o w n  == 0.3 O W T =  o w n  = 0.5

n HSCI MLS GPV HSCI MLS GPV
6 0.0496 0.0504 0.0402 0.0434 0.0452 0.0356
12 0.0480 0.0462 0.0414 0.0486 0.0448 0.0406
IS 0.0492 0.0474 0.0448 0.0492 0.0462 0.0432
24 0.0534 0.0502 0.0484 0.0488 0.0452 0.0428

ao  =  0.15
8 =  0.2780 <5=  0.3309

O W T = own = 0.15 O W T = own = 0.2 O W T = o w n  = 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 0.0544 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 0.0458

8 =  0.4495 8 = 0.7754
O W T =  own = 0.3 O W T =  own = 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 scquence/4 period designs

<5 =  0.05
O p  = 0.01

o w t  = 0.3460 
o w n  = 0.15

o w t  = 0.3704 
ow n  =  0 .2

o w t  = 0.4269 
ow n  =  0.23

n HSCI MLS GPV HSCI MLS GPV HSCI MLS GPV
6
12
18
24

0.0150 0.0150 0.0130 
0.0286 0.0248 0.0268 
0.0276 0.0250 0.0244 
0.0318 0.0254 0.0276

0.0292 0.0386 0.0290 
0.0434 0.0448 0.0432 
0.0432 0.0430 0.0466 
0.0468 0.0450 0.0506

0.0218 0.0308 0.0178 
0.0326 0.0366 0.0270 
0.0328 0.0328 0.0268 
0.0410 0.0422 0.0358

o w t  =  0.5585 o w t  =  0.9333
o w n  —  0.3 ow n =  0.5

n HSCI MLS GPV HSCI MLS GPV
6
12
18
24

0.0304 0.0382 0.0234 
0.0372 0.0424 0.0292 
0.0368 0.0394 0.0300 
0.0398 0.0404 0.0352

0.0226 0.0298 0.0160 
0.0328 0.0370 0.0268 
0.0406 0.0424 0.0326 
0.0368 0.0394 0.0296

I <TD =  0.10
o w t  = 0.3313 

o w n  =  0.15
o w t  =  0.3568 

ow n  =  0 .2
o w t  =  0.4152 
ow n —  0.23

n HSCI MLS GPV HSCI MLS GPV HSCI MLS GPV
6
12
IS
24

0.0158 0.01S0 0.0136 
0.0246 0.0228 0.0230 
0.0324 0.027S 0.0294 
0.034S 0.0290 0.0316

0.0248 0.0338 0.0248 
0.0346 0.0384 0.0372 
0.0366 0.0354 0.0426 
0.0468 0.0466 0.0538

0.0262 0.0364 0.0210 
0.0312 0.0356 0.0266 
0.0374 0.0374 0.0320 
0.0342 0.0350 0.0296

o w t  —  0.5496 o w t  =  0.9280
ow n  —  0.3 ow n  =  0.5

n HSCI MLS GPV HSCI MLS GPV
6
12

18
24

0.0260 0.0334 0.0186 
0.0294 0.0358 0.0230 
0.0362 0.0382 0.0302 
0.0344 0.0356 0.0280

0.0246 0.0344 0.0172 
0.0340 0.0368 0.0252 
0.0316 0.0338 0.0238 
0.0378 0.0406 0.0318

op  =  0.15
o w t  =  0.3119 

o w n  — 0.15
o w t  —  0.3388 

o w n  =  0 .2
o w t  —  0,3999 
ow n  =  0.23

n HSCI MLS GPV HSCI MLS GPV HSCI MLS GPV
6
12
18
24

0.0166 0.0190 0.0144 
0.0270 0.0232 0.0226 
0.0298 0.0226 0.0262 
0.0316 0.0276 0.0278

0.0264 0.0350 0.0256 
0.0408 0.0426 0.0448 
0.0432 0.0438 0.0496 
0.0412 0.0416 0.0470

0.0258 0.0332 0.0228 
0.0302 0.0330 0.0240 
0.0392 0.0392 0.0326 
0.0366 0.0364 0.0320

o w t  —  0.5381 o w t  —  0.9213
o w n  =  0.3 ow n  =  0.5

n HSCI MLS GPV HSCI MLS GPV
6
12
18
24

0.0250 0.0336 0.0202 
0.0342 0.0372 0.0268 
0.0310 0.0344 0.0248 
0.0362 0.0366 0.0306

0.0262 0.0362 0.0210 
0.0342 0.0388 0.0276 
0.0356 0.0364 0.0284 
0.0384 0.0398 0.0306
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Table 2c. Estimated sizes of the test procedures HSCI, MLS, and GPV
__________ for testing IBE using 2 sequencc/4 period designs__________

S  =  0.15
<70 — 0.01

o \ v t  — 0.3157 
o w n  = 0.15

o w t  =  0.3423 
o w n  =  0 .2

o w t  =  0.4269 
o w n  — 0.23

n HSCI MLS GPV HSCI MLS GPV HSCI MLS GPV
6
12
18
24

0.0180 0.0136 0.0170 
0.0278 0.0184 0.0244 
0.0334 0.0204 0.0310 
0.0336 0.0234 0.0310

0.0286 0.0316 0.0304 
0.0446 0.0392 0.0476 
0.0432 0.0368 0.0524 
0.0478 0.0416 0.0580

0.0264 0.0294 0.0230 
0.0386 0.0366 0.0340 
0.0376 0.0340 0.0324 
0.0428 0.0404 0.0390

o w t  =  0.5403 o w t  = 0.9225
o w n  — 0.3 o w n  =  0.5

n HSCI MLS GPV HSCI MLS GPV
6
12
IS
24

0.0248 0.0284 0.0172 
0.0322 0.0318 0.0256 
0.0386 0.0354 0.0324 
0.0412 0.0352 0.0322

0.0252 0.0342 0.0210 
0.0314 0.0340 0.0232 
0.0362 0.0360 0.0292 
0.0390 0.0364 0.0320

<70 =  0 .1 0

o w t  = 0.2997 
o w n  = 0.15

o w t  — 0.3276 
o w n  =  0 .2

o w t  =  0.3903 
o w n  = 0.23

n HSCI MLS GPV HSCI MLS GPV HSCI MLS GPV
6
12
18
24

0.0168 0.0136 0.0144 
0.0328 0.0198 0.0306 
0.0356 0.0222 0.0326 
0.0302 0.0194 0.0266

0.0326 0.0380 0.0338 
0.0372 0.0312 0.0410 
0.0396 0.0334 0.0460 
0.0460 0.0382 0.0544

0.0242 0.0280 0.0204 
0.0366 0.0322 0.0318 
0.0370 0.0318 0.0312 
0.0444 0.0402 0.0400

o w t  — 0.5311 o w t  — 0.9172
o w n  — 0.3 o w n  — 0.5

n HSCI MLS GPV HSCI MLS GPV
6
12
18
24

0.0280 0.0326 0.0208 
0.0376 0.0356 0.0296 
0.0374 0.0342 0.0308 
0.0408 0.0358 0.0334

0.0226 0.0328 0.0164 
0.0356 0.0356 0.0278 
0.0392 0.0376 0.0318 
0.0348 0.0344 0.0286

<70 =  0.15
o w t  = 0.2780 

own  = 0.15
o w t  — 0.3079 

o w n  — 0 .2
o w t  = 0.3740 

o w n  — 0.23
n HSCI MLS GPV HSCI MLS GPV HSCI MLS GPV
6
12
18
24

0.0234 0.0190 0.0224 
0.0276 0.0160 0.0256 
0.0368 0.0204 0.0326 
0.0316 0.0160 0.0284

0.0356 0.0370 0.0362 
0.0404 0.0330 0.0442 
0.0484 0.0372 0.0560 
0.0470 0.0370 0.0542

0.0280 0.0320 0.0236 
0.0370 0.0328 0.0332 
0.0386 0.0356 0.0352 
0.0450 0.0376 0.0376

o w t  — 0.5192 o w t  =  0.9103
o w n  = 0.3 o w n  =  0.5

n HSCI MLS GPV HSCI MLS GPV
6
12
18
24

0.0238 0.0300 0.0168 
0.0328 0.0320 0.0274 
0.0334 0.0304 0.0276 
0.0440 0.0396 0-0376

0.0212 0.0298 0.0156 
0.0372 0.0382 0.0300 
0.0342 0.0330 0.0286 
0.0396 0.0382 0.0340
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In all, 180 different param eter combinations under H q were exam ined and em pirical 

false rejection ra tes computed based on 5000 d a ta  sets. An empirical false rejection ra te  

exceeding 0.055 would indicate (a t the  95% confidence level) that the  ac tu a l false rejection 

rate exceeds the nom inal value o f 0.05. This ra te  for the  MLS m ethod  was below the  

threshold value o f 0.055 in all cases examined w hereas the  HSCI m ethod  exceeded the  

threshold in 8  of th e  180 cases and  the GPV m ethod  in 13 of the 180 cases. Interestingly, 

however, in 145 of the  180 cases examined, the false rejection ra te  for HSCI was g reater 

than  or equal to th a t  for GPV. F u rth er details abou t these false rejection ra tes arc provided 

in the discussion section.

Power of the three procedures was examined for S =  0.05,0.1, a o  =  0.01,0.1,0.15, 

and a \v r  =  p w r . =  0.15,0.2,0.23,0.3,0.5. We have sum m arized these results by reporting  

the estim ated m inim um  sample size per group needed to  achieve 80% power, and  the  

estim ate of the ac tua l power a t th e  given sample size for the 3 m ethods. T hese results arc 

summarized in Table 3.
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Table 3. E stim ated  power for testing  IBE of th e  te s t procedures HSCI,

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

6 = 0.05
e7\v t  
o w n

=  0.15 
=  0.15

a \ v T
O W R

=  0 .2  
=  0 .2

a  w t  
o w n

=  0.23 
=  0.23

a  w t  
o w n

=  0.3 
=  0.3

o w t

o w n
=  0.5 
=  0.5

Method <70 n Power n Power n Power n Power n Power
HSCI 0 .0 1 5 0 .8 6 6 8 0.811 11 0.820 13 0.806 13 0.821

0 .1 0 7 0.834 11 0.810 15 0.820 15 0.802 14 0.821
0.15 10 0.803 17 0.815 21 0.811 18 0.811 15 0.820

MLS 0 .0 1 5 0.820 9 0.812 12 0.804 14 0.815 13 0.813
0 .1 0 8 0.831 13 0.820 16 0.811 16 0.815 13 0.800
0.15 13 0.824 20 0.811 23 0.804 19 0.818 15 0.817

GPV 0 .0 1 5 0.834 8 0.822 11 0.849 14 0.810 14 0.818
0 .1 0 t 0.807 11 0.821 14 0.819 16 0.811 15 0.811
0.15 11 0.S16 17 0.827 20 0.818 19 0.813 15 0.800

6 = 0 .1

OWT
own

= 0.15 
=  0.15

o w t

own
=  0 .2  
=  0 .2

OWT
own

= 0.23 
= 0.23

o w t  = 0.3 
own — 0.3

o w t

own
=  0.5 
=  0.5

Method OD n Power n Power n Power n Power n Power
HSCI 0 .0 1 6 0.896 10 0.838 13 0.810 15 0.838 14 0.828

0 .1 0 8 0.836 14 0.836 17 0.806 17 0.810 14 0.801
0.15 13 0.814 22 0.826 26 0.812 2 0 0.800 15 0.812

MLS 0 .0 1 6 0.802 12 0.825 15 0.814 15 0.810 14 0.809
0 .1 0 10 0.823 16 0.805 2 0 0.805 18 0.813 15 0.815
0.15 17 0.833 25 0.810 29 0.815 2 2 0.815 16 0.807

GPV 0 .0 1 6 0.878 10 0.855 12 0.801 15 0.821 14 0.800
0 .1 0 8 0.813 13 0.814 16 0.813 18 0.825 15 0.806
0.15 14 0.841 21 0.815 24 0.809 2 1 0.815 16 0.807

From  the power com parisons it appears th a t HSCI an d  G PV  are very sim ilar w ith 

respect to power and sam ple size requirem ents, w ith G P V  doing somewhat b e tte r  for 

values of o w r  close to rxu o =  0.2 (however. G PV  is also slightly  anti-conservative in this 

case), and  HSCI doing slightly better w hen the a w n  is relatively small or large. The 

MLS m ethod appeared to have som ewhat lower power w hen com pared to the  o ther two 

m ethods. This may be. a t least in p art, due to our previous observation th a t  the  MLS 

m ethod tends to have lower false rejection rates com pared to  the other two m ethods.

3.6.2 Popu lation  B ioequivalence

Tables 4a and 4b show sim ulation results com paring th e  respective sizes o f th e  3 tests. 

All of th e  param eter com binations in these tables correspond to  0 p  =  1.7448, w ith  Oj-q
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taken to be 0.04. Both values arc as recommended in the FDA guidance docum ent. Here, 

correlations of p = 0.8 a n d  p =  0.9 are examined. The reasoning for examining cases 

with such seemingly high correlation is th a t, the responses w ith in  a  subject to different 

formulations of the sam e d ru g  arc 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-

qucncc/4  period designs (S ^  0)

S =  0.2642 <5 =  0.2954 6 =  0.5907
o bt — 0 .1  , obr = 0 .1 OBT = 0.2, obb = 0 .2 o b t =  0.4, a bb =  0.4

o w t =  O.I.o’u'n = 0 .1 OWT = 0 .1 , ow n = 0 .1 o w t =  0 .2 , own =  0 .2
n P HSCI MLS GPV HSCI MLS GPV HSCI MLS GPV
12 0 .8 0.0400 0.0400 0.0536 0 .0 2 0 2 0 .0 2 1 2 0.0694 0.0186 0.0214 0.0656

0.9 0.0348 0.0346 0.0480 0.0108 0.0134 0.0630 0 .0 1 0 2 0 .0 1 1 0 0.0596
18 O.S 0.0412 0.0392 0.0540 0.0168 0.0170 0.0562 0 .0 2 0 0 0.0196 0.0582

0.9 0.0384 0.0380 0.0550 0.0138 0.0152 0.0642 0.0142 0.0144 0.0548
24 O.S 0.0390 0.0360 0.0502 0.0194 0.0196 0.0568 0.0198 0 .0 2 0 0 0.0606

0.9 0.0436 0.0418 0.0552 0.0132 0.0134 0.0594 0.0168 0.0168 0.0584
J =  0.5604 6 =  0.8861

o b t = 0  .'i.o bb = 0.3 obt = 0 .6 , obb = 0 .6

o w t = 0.3, own = 0.3 O W T = 0.3, ow n = 0.3
n P HSCI MLS GPV HSCI MLS GPV
12 O.S 0.0302 0.0294 0.0636 0.0186 0.0194 0.0652

0.9 0.0294 0.0276 0.0626 0 .0 1 1 0 0 .0 1 2 0 0.0546
IS O.S 0.034S 0.0320 0.0624 0.0214 0.0218 0.0582

0.9 0.0298 0.0272 0.0614 0.0162 0.0168 0.0592
24 O.S 0.0400 0.0370 0.0636 0.0234 0.0226 0.0568

0.9 0.0354 0.0322 0.0572 0.0158 0.0158 0.0552
6 =  0.2954 <5 =  0.5907

o b t  = 0.1732, obr =  0.2 obt  = 0.3873.<7b /i = 0.4 o b t  = 0.4, obb = 0.3873
O W T  = 0.1414, own  =  0-1 O W T  = 0.2236, ow n = 0.2 o w t  = 0 .2 , own = 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 0.0570 0.0130 0.0144 0.0582 0.0114 0.0132 0.0596
IS O.S 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 .0 1 2 2 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
S =  0.8861

o b t =  0 . 6 ,  o b r =  0.5 O B T = 0.5, o b b =  0 .6

o w t  = 0.3,crirn =; 0.4472 O W T  = 0.4472, ow n — 0.3
n P HSCI MLS GPV HSCI MLS GPV
12 O.S 0.0258 0.0248 0.0690 0.0254 0.0260 0.0642

0.9 0 .0 2 0 0 0.0206 0.0606 0.0196 0 .0 2 1 2 0.0552
IS O.S 0.02S0 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 O.S 0 .0 2 S6 0.0280 0.0606 0.0300 0.0288 0.0544

0.9 0.0228 0.0208 0.0618 0.0252 0.0250 0.0540
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T a b le  4b . E stim ated  sizes of the  test procedures HSCI, 
MLS, an d  G PV for testing  PB E using  2 sc- 
quencc/4 period design {S =  0)

obt  = 0.2825,crB/j =  0.1 o bt  = 0.3567, <70n =  0.2 o b t  = 0.4238, <700 =  0.2
cr\v t — 0.1, Own =  0.1 OWT = 0.1, o w n  =  0.1 OWT =  0.2, own = 0.2

n P HSCI MLS GPV HSCI MLS GPV HSCI MLS GPV
12 O.S 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 0.050

0.9 0.034 0.040 0.041 0.003 0.004 0.060 0.016 0.018 0.055
o b t  = 0.7134,(7b/i =  0.4 o b t  = 0.6357, <700 =  0.3 o b t  = 1.0701, <700 — 0.6

OW T =  0.2, <7 ^ 0  =  0.2 OW T =  0.3, <7iv0 =  0.3 o w t — 0.3, own = 0.3
n P HSCI MLS GPV HSCI MLS GPV HSCI MLS GPV
12 0.8 0.006 0.009 0.055 0.016 0.023 0.053 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 0.053 0.017 0.022 0.058 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 O.S 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 eases, bo th  HSCI and  MLS arc far m ore conservative th a n  GPV. The G PV  

m ethod shows a tendency to be som ew hat anti-conservative, b u t none of observed tcst- 

lcvcls exceeded 0.07. In any ease, bo th  HSCI an d  MLS appear to  exhibit a level of 

conservatism far beyond what would seem to be reasonable. W hen a  tes t w ith a nom inal 

size of a  =  0.05 exhibits actual sizes below 0.005, its powers is a p t to  be affected. As 

shown below, this appears to be th e  case with HSCI and  MLS.

Table 5 summarizes the sim ulation  results for th e  power of th e  th ree  tests. I t shows 

the smallest n  for which a  particu la r test achieves 80% power and th e  ac tu a l estim ate of the 

power for th a t test a t th a t point. H ere correlations o f p =  0.9 and  p  =  0.95 are examined. 

These values were deemed reasonable for exam ining power because form ulations th a t are 

bioequivalcnt should exhibit a  very high degree o f correlation.
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T a b le  5. Sam ple size comparisons and  estim ated power for P B E  o f th e  test 
procedures HSCI, MLS, and  GPV for 2 sequence/4 period  designs

6 = 0.05
(T\VT = 0.15, a w n = 0.15 o w t =  0.23, a w n = 0.23
o b t =  0.15 o b t =  0.3 o b t =  0.23 o b t =  0.46
o b r =  0.15 o b r =  0.3 o b r =  0.23 o b r =  0.46

Method P n Power n Power n Power n Power
HSCI 0.90 8 0.811 10 0.820 10 0.831 10 0.833

0.95 8 0.823 10 0.851 10 0.839 10 0.863
MLS 0.90 7 0.831 9 0.804 9 0.842 9 0.811

0.95 7 0.834 9 0.835 9 0.840 9 0.841
GPV 0.90 6 0.835 6 0.854 7 0.813 6 0.860

0.95 6 0.861 5 0.847 7 0.824 5 0.841
o w t  =  0.3, a w n = 0.3 o w t  = 0.5, o w n = 0.5

a e r =  0.3 a a r =  0.6 o b t — 0.5 o b t =  1.0
OBR = 0.3 ° B R =  0.6 o b r =  0.5 o b r =  1.0

Method P n Power n Power n Power n Power
HSCI 0.90 to 0.837 10 0.834 10 0.846 10 0.832

0.95 10 0.856 10 0.864 9 0.810 10 0.862
MLS 0.90 9 0.843 9 0.810 9 0.843 9 0.818

0.95 9 0.84S 9 0.842 8 0.801 9 0.838
GPV 0.90 7 0.819 6 0.852 7 0.821 6 0.861

0.95 7 0.840 5 0.839 7 0.830 5 0.842
S = 0.1

a w r =  0.15, a w n = 0.15 o w t =  0.23, a w R = 0.23
CRT =  0.15 o b t =  0.3 o b t =  0.23 OBT =  0.46
OBR = 0.15 o b r =  0.3 o b r =  0.23 o b r =  0.46

Method P n Power n Power n Power n Power
HSCI 0.90 10 0.821 11 0.836 11 0.826 10 0.812

0.95 10 0.831 10 0.804 11 0.850 10 0.833
MLS 0.90 9 0.829 10 0.826 10 0.827 10 0.854

0.95 8 0.805 10 0.851 9 0.803 9 0.840
GPV 0.90 7 0.833 6 0.831 8 0.822 6 0.845

0.95 7 0.854 6 0.872 8 0.825 5 0.805
a w r  =  0.3,<ny/j = 0.3 o w t  =  0.5, OWR = 0.5

o b t =  0.3 a  b t = 0.6 o b t =  0.5 o b t =  1.0
o b r =  0.3 a B R =  0.6 o b r =  0.5 o b r =  1.0

Method P n Power a Power n Power n Power
HSCI 0.90 10 0.821 10 0.823 10 0.833 10 0.836

0.95 10 0.822 10 0.857 10 0.842 10 0.857
MLS 0.90 9 0.825 9 0.811 9 0.835 9 0.810

0.95 9 0.818 9 0.831 9 0.838 9 0.842
GPV 0.90 8 0.845 6 0.841 7 0.811 6 0.855

0.95 i 0.821 5 0.833 7 0.845 5 0.833

Table 5 shows how th a t GPV has sm aller sample size requirem ents th a n  the  other 2 

m ethods across the board. The principal reason for th is appears to  be th a t  the  proposed 

G PV  m ethod is the only one th a t accounts for the in tra-subject dependence betw een F ^ r  

and  Y i j n . As one m ight expect, the  difference in power between G P V  and  the  other
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m ethods becomes more pronounced as th e  correlation increases. GPV also apparently 

has more power when the bctwcen-subjcct variances arc g rea ter than the w ith in-subject 

variances. Both these aspects are further discussed below. It is worth no ting  th a t the 

sample size required to  yield 80% power for HSCI always resu lts in a t least 90% power for 

GPV. and . in most cases, the power for G PV  is in excess of 95%.

3.7 D iscussion

T he G PV  m ethods proposed in th is investigation ap p ear to  perform reasonably well 

com pared to the FDA-rccommcndcd H SC I approach an d  the  MLS m ethods. For IBE, 

the HSCI and GPV m ethods appear to  have very sim ilar performance characteristics, 

with HSCI being slightly more powerful for w hat seems to  be a  substantial p o rtion  o f the 

param eter space. However, the HSCI and  MLS bounds arc  discontinuous w ith  respect to 

(Tu'ft a t  the  point of changeover (i.e., er̂ vo) from constant- to  reference-scaled criterion. 

On the o ther hand, the G PV  test can be shown to be continuous a t the changeover point, 

which is certainly a desirable feature of any  decision rule. However, the G P V  test is also 

slightly anti-conservative in this region.

For PB E , the G PV  m ethod appears to  be clearly m ore powerful than H SCI, although 

slightly anti-conservative. The im pact of this is likely to  be attenuated  by th e  regula­

tory requirem ent th a t the test form ulation be average BE w ith  respect to  th e  reference 

formulation, since the most anti-conservative cases are those where |d| (th e  m agnitude 

of difference between the  means) is g reater than  log( 1.25). G PV  makes up for its slight 

anti-conservatism  by having substantially  increased power com pared to the o th e r  two tests.

T he correlation of responses w ithin subjects is key to  th e  practice o f assessing BE. 

W hen two formulations of the same drug  arc tru ly  BE, we expect th a t the  responses of a 

subject to  the two formulations will be very highly correlated . In  the exam ple crossover 

studies we cited earlier, the m ethod of m om ents estim ates p  were greater th an  1 for th e  two 

examples th a t clearly showed BE (verapam il and  m ethylphenidate/A U C ), an d  p  was high 

even in  th e  case where BE was not dem onstrated  (p =  0.87 for m ethylphenidate/C m ax).
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This appears to  justify  the high correlations we used in our sim ulation studies. T h e  

seeming anom aly of p  >  1 is the  fallout of using th e  m ethod of m om ents to es tim ate  

variance components, as opposed to  some other m ethod th a t restric ts th e  estim ates to  th e  

param eter space.

The other supposition of the  sim ulation studies -  th a t the bctwccn-form ulation vari­

ances arc as large or larger th an  the  w ithin-form ulation variances -  is also a ten e t o f 

crossover designs in particular, and  split-plot designs in general, i.e ., th a t the bctwecn- 

plot variances arc usually greater th an  the  w ithin-plot variances. For example, Schum akcr 

and Metzlcr (1998) observed th a t bctwccn-form ulation variances arc  often much larger 

than  within-form ulation variances. In  the  IBE problem , the correlation is reflected in  er'p 

-  high values of p correspond to  sm aller subject-form ulation interactions. The influence of 

correlation is not overtly apparent in the  PBE problem , bu t it appears to  have an im pact 

on the variation of (remember a \  — a 2BR +  0.5ofv-re is the variance of Yijft,  or (Jijn 

in the notation of the FDA guidance docum ent). T h e  development o f the  HSCI m ethod  

for PBE seems to have ignored th is correlation which may explain why this m ethod is 

ra ther conservative for establishing PB E . The sam e appears to be th e  case for the MLS 

method. The G P V  m ethod docs properly  account for this correlation and  the use o f the  

G PV  method will give adequate power to  assess PB E  in  situations where the  Type II  e rro r 

ra te  of the o th er two m ethods may be as high as 70%. The substan tia l power gained by 

using the G PV  m ethod can also help ensure adequate power when th ere  are d ropouts in  

a study, som ething th a t is likely to  be more of a problem  in 4-period studies than  it was 

when most BE studies were conducted w ith 2-period designs.
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Figure 3.1: Discontinuity of HSCI a t changeover point
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T he procedure th a t we have applied for IBE in this exam ination  uses the stric t ou tput 

of the  function
f  SSWR 2 1

m a x \ u ^ ' <Twoj

to  produce a single mixed-scaled test sta tis tic . It is ap p a ren t from the literature, both 

s ta tis tica l and pharmacological, th a t th is  approach is n o t universal (cf. Meyer et al. 

(2 0 0 0 ) where both reference-scaled and  constant-scaled H SC I bounds were reported  for 

each pharm acokinetic param eter). In  fact, the  FDA d ra ft guidance docum ent on IBE 

presents it as two c rite ria  [7]. The reason for this is th a t th e  HSCI bound is discontinuous 

a t  th e  changeover point.
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Figure 3.2: Continuity of G PV  a t changeover point

0)
^  0.040

<0
>I
04
'O
<U 0.035 
N

•r-4

<d
c  0.030
01
C3

0 025

0.039 0040 0.041 0.044 0.046 0.040 0.0470.043 0.040

Reference tormulabonAwlfiin subject variance

A n exam ple illustrates th e  potential im pact of the s tric t use of the mixed-sealed 

s tatistic  w ith  the HSCI m ethod. Suppose th a t in a  2 sequence study  w ith n  =  10 in 

each sequence we have observed values of 6 =  0.15, a \VT =  0.05, and a 20 =  0. Now let 

vary between 0.039 and  0.049, and apply  the  HSCI criterion  w ith the mixed-sealed 

approach. T he discontinuity can be seen clearly in Figure 3.1, which, in this ease, has the 

d isturb ing  consequence th a t th e  HSCI bound jum ps from the region for concluding IBE 

to the region for not concluding IBE. T hat is, th e  HSCI concludes IBE when 0 \VR is less 

than 0.04 and  greater than 0.0475, but not a t the in term ediate values. Figure 3.2 shows 

the sam e testing situation using the GPV m ethod: no discontinuity is seen (th is is shown 

analytically  in C hapter 4). I t should be noted th a t the MLS m ethod  suffers from  th e  same 

discontinuity  problem as does the  HSCI m ethod.
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The current regulatory position on handling the  discontinuity in  the HSCI u p p er 

bound is sum m arized in the following statem ent from the FDA guidance document (2001).

This guidance recommends th a t sponsors applying the ind iv idual BE ap­

proach may use either reference-scaling or constant scaling a t  either side of 

the changeover point. W ith  this approach, the  m ultiple tes tin g  inflates the 

type I error ra te  slightly, to approxim ately 6.5% [n.b ., when we applied this to  

our sim ulation data, we observed a  m axim um  type I error ra te  o f 6.9%] b u t 

only over a  sm all interval of o w r  (about 0.18-0.20). [pg. 15]

However, consider the type I error rates given in Tables 2a-c. Over most of the 

param eter space, th e  size of the tes t is larger for HSCI th an  for G P V , th e  exception being 

when (t \v r  is close to  0.2, i.e., a t the changeover point exwo-  T his is applying th e  stric t 

mixed-sealed criterion  to both G PV  and  HSCI. T h e  G PV  is slightly anti-conservative a t 

ct\vr  =  <nv'o =  0.2. Based on a separate sim ulation study  we have found that, when the 

•play-thc-winncr’ ru le cited above is applied for testing  IBE, the typc-I error rates an d  the 

power for the HSCI test arc very sim ilar to th a t of the  G PV  test.

This discussion illustrates the  m ain advantage of using the G P V  method for IBE. 

It eliminates the need for ad hoc rules for choosing between the reference- and constant- 

scaled criteria. Exam ples of such rules include the FDA-sanctioned ‘play-thc-w inncr’ rule, 

using a cutoff of a w n  — 0.25 (suggested in an earlier d raft of the FDA guidance docum ent, 

bu t noticably absent from the final version), and even a  formal te s t o f Ha : &w r  >  0 .2 , 

suggested by Chow an d  Liu (2000), a  strategy th a t raises additional m ultip le testing issues. 

Instead, by using th e  GPV test, we apply a criterion th a t docs not penalize the analyst too 

much for using e ith er reference- or constant- scaling in a  particular region of the param eter 

space.

Given the discussion above, it may be appropriate  for an investigator w ith extensive 

experience w ith a  particu lar com pound to specify th e  G PV  testing  procedure a priori  if 

he feels that crfVR is in the neighborhood of 0.04 — 0.07 (this is th e  range for which some 

prelim inary results suggest that G PV  has greater power than  HSCI). Such prior knowledge
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could well exist in a large pharm aceutical company th a t is com paring from  clinical to  

p roduction  batches of a given com pound, or changing p a rt of the m anufacturing process. 

T he discontinuity a t the changeover poin t docs not ap p ear to be as great o f an issue w ith  

respect to PBE, since a ^ R tends to be much larger th an  cr̂ VR.

A nother advantage of the GPV m ethod in general is th a t, by directly  testing the null 

hypothesis, it provides analysts with an  objective m easure of the streng th  of the evidence 

against the null. T his is illustrated by th e  2 examples above. In  assessing IB E  w ith respect 

to the  AUC, the HSCI m ethod gives 95% upper bounds o f -0.040 and -0.048 for verapam il 

and  m ethylphenidate, respectively. T hese values may suggest some sim ilarity  in the degree 

to which the respective formulations arc  BE. However, the respective p-values arc 0.018 

and  0.003, which seems to suggest th a t  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 th a t it 

produces upper bounds for the biocquivalcnce criteria Q i b e  and Q p b e  themselves ra ther 

th an  on linearized versions of these. T h is  point will be elaborated upon when we discuss 

generalized confidence intervals (W eerahandi, 1993) for & i b e  and Q p b e  in  C hapter 7.

It should be noted that, in general, the MLS m ethods 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 an d  in line w ith 

w hat we have observed here). This conservatism  may be desirable in ce rta in  applications, 

b u t, as we have shown, this also resu lts in larger sam ple size requirem ents for a  given 

level of power. Investigators who arc contem plating using these m ethods need to assess 

the  potential cost o f using more conservative m ethods when testing for biocquivalencc, 

especially when viable alternatives exist.

In conclusion, the results of th is chapter show th a t the  GPV m ethod is a viable 

a lternative  to the HSCI method for IB E . These two m ethods are com parable w ith respect 

to type I error ra te  and power, while the  MLS m ethod appears to have somewhat less 

power in most eases. The GPV m ethod is continuous a t the  changeover point horn th e  

reference-scaled criterion to the constant-scaled criterion whereas bo th  H SC I and  MLS are
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discontinuous. Consequently, there  is no need for ad hoc testing  m ethods for param eter 

estim ates in  this region. For PB E , GPV is clearly  more powerful in conditions th a t arc 

very likely to  occur in BE testing , i.e., high correlation of in tra-sub ject responses an d  the 

ratio of bctwecn-formulation to  w ithin-form ulation variances being greater th an  one. The 

slight anti-conservatism  of th e  G PV  m ethod is likely to be a tten u a ted  by the  regulatory 

requirem ent th a t all test formulations show a t  least average B E w ith  respect to  reference 

formulations. In any ease, th e  examples and  sim ulation studies we have presented show 

th a t HSCI and  MLS m ethods arc overly conservative for PBE.
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Chapter 4

TESTS F O R  IN D IV ID U A L  A N D  PO P U L A T IO N  BIO EQ U IV A LEN C E  

U SIN G  3 -P E R IO D  C R O SSO V ER  D E SIG N S

SU M M A RY

The US Food and  Drug A dm in istration  (FDA) h as implemented new biocquivalcnce 

regulations th a t introduce two new criteria , population biocquivalcnce (PB E) and individ­

ual biocquivalcnce (IBE). The FD A  recommends stud ies w ith a  4-pcriod crossover designs 

to assess these crite ria , and also recom m ends 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 C h ap te r 3 based on the th e  generalized p-valuc (GPV). This 

chapter compares the  HSCI and  G P V  testing procedures for evaluating bo th  IBE and 

PB E  in 3-pcriod crossover studies. We also com pare the efficiency of the two designs 

we consider, the  3-pcriod design given in the FDA guidance and an alternative design in 

which only the reference form ulation is replicated, for b o th  IBE and PB E . We show th a t 

the  two tests arc very similar for IB E , and  that the G P V  is significantly more powerful 

for PBE. We also show that a  shortcom ing of the H SC I test, the discontinuity in the test 

criteria  when changing from constan t to  reference-scaling, is not present in  the GPV test 

for IBE. We fu rth e r find that the  alternative 3-period crossover design is more efficient 

th an  the one in  th e  FDA guidance for b o th  IBE and  P B E .
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4.1 Introduction

The recently-adopted US Food and D rug A dm inistration guidance docum ent (2001) 

on sta tis tica l approaches to  bioequivalcncc studies focuses on  using 4-pcriod crossover 

study designs to assess two new criteria, population  bioequivalence (PBE) an d  individual 

bioequivalcncc (IBE). This sam e document alludes to the use o f 3-period crossover designs 

for these purposes, bu t only gives a suggested study  design w ith  no o ther details. The 

objective of this investigation is to adap t th e  generalized p-value (GPV) methodology 

proposed in C hapter 3 for 4-pcriod crossovers to 3-period designs, and to  com pare the 

G PV tests to Howe-type sm all sample confidence interval (HSCI) tests sim ilar to those 

proposed by both  Hyslop and Iglcwicz (2001) and by Chow, Shao, and W ang (2002).

Section 4.2 introduces the designs, s ta tis tica l model, and bioequivalcncc criteria that 

we will use. Section 4.3 details the basics of G PV  tests, the sum m ary statistics, and the 

statistical tests, GPV and  HSCI, that we will compare. Section 4.4 uses sim ulations to 

assess an d  to  compare the  size and power of th e  two testing procedures. In  Section 4.5 

we discuss our findings and  make some conclusions. Included in the discussion are some 

strategies for assessing th e  non-idcntifiablc param eters in the  extra-reference design.

4.2 S ta tistica l M odel

The decision criteria given in the curren t FDA guidance docum ent on population 

and individual bioequivalcncc arc based on four-period crossover designs. In  this paper 

wc consider the 2-scqucnce 3-pcriod design (2S3P) and the 3-scqucnce 3-period design 

(3S3P) described in Tables l a  and lb . respectively. The first design will hereafter be

referred to  as Design A or the  dual design. T h e  second design will be referred to  as Design

B or the extra-reference design.

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

Sequence 1 T  R  T

Sequence 2 R  T  R
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Table lb . Design B: 3-scqucncc 3-period extra-reference design

Sequence 1 T R R

Sequence 2 R T R

Sequence 3 R R T

The T  and the R  in the Table 1 refer to the tes t and reference form ulations, respec­

tively, of the drug product im der consideration. In  the context o f an  A bbreviated New 

D rug  Application (ANDA), T  is th e  generic product which we are try ing  to show is bioe­

quivalent to the innovator (i.e., brand-nam e) product R.  The descrip tion of Design A as 

a  dual designs refers to the fact th a t  Sequence 2 has a  R  where Sequence 1 has a  T ,  and 

vice-versa. Design B is called an  extra-reference design because the  reference form ulation 

is replicated in each sequence. Hyslop and Iglcwicz (2001) have considered this design for 

individual bioequivalcncc, and a  sim ilar 2 -sequcnce ex tra  reference design, w ith th e  first 

2 sequences of Design B, has been considered by b o th  Chow, Shao, and  Wang (2002), 

an d  by Wang (1999). The 3-scqucncc extra reference design may b e  preferable to  the 

2 -scqucncc version, since it guards against bias from  any differential responses th a t may 

arise in either pharm acokinetic o r clinical param eters in period three.

The observational model for a  3-period crossover design is given below.

Vjjfci =  Hk "b Tifc/ "b Vijk £ijkl 1 =  1,. ..  , s; j  — 1 , . . .  , k  =  T, R',

where Yijki is the response from su b jec t j  in sequence i to  the Ith app lica tion  of trea tm ent 

k,  and s is the num ber of sequences. Here we encounter the first difference between 

4 and  3-pcriod designs: the value of I is either 1 o r 2, but its range depends on the 

design, sequence, an d  treatm ent. T he param eters h t  and hr  are th e  population means 

for treatm ents T  an d  R,  and 7 is th e  fixed effect corresponding to  th e  ltfl application  of 

trea tm ent k  in sequence i. T he following cstim ability conditions are  im posed on th e  7 ^  

(sec Chinchilli and  Esinhart, 1996).

S
£ ! > . ■ «  = °  for k  = T , R
i = l  1
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Furtherm ore, rfijk is th e  random  effect o f subject j  in  sequence i  when receiving treatm ent 

k,  an d  cijki is the w ithin-subjcct random  error term . T h e  random  variables ty*/ arc jo in tly  

independent and d istribu ted  normally w ith  mean 0 an d  variance afVk (k  =  R ,T ) ,  and  the 

vectors r)ij =  [VijTiVijR]' 3X0 m utually independent b ivaria te  normal w ith  zero means and 

a  covariance m atrix  given by

V  =

2
a BT Pa BT&BR

p a  b t <* B R  u b r

Finally, {*7^} and { e l j k t } arc m utually  independent. For convenience, we also define

d* =  / l r  -  f i fj,

a  p  — a  i f f -  +  a R R  —  2 p a  b t ( T  b  r - v f r  =  a b t  g w t > 

a rR  =  Pn BT<iBR- and a lRR -  a 1BR ~  a ^ . R.

Recall that, for IBE, the param eter of interest is

(i* -r a-r

&1BE =  '

a l v r  a

't  VR
—-  when a%yR > a$

(reference-scaled criterion)

cO , 2 i 2
o  +  a  D +  a  yV T  —  t r t t r R

' i  vo
when a \VR <  cTq

(constant-scaled criterion)

and , for PBE, the param eter of interest is

@ p b e  — 1

S L + ? t t - < * r R  w h e n  a \ R > a l
' R R

d- -j- a f r  -  a R R

(reference-scaled criterion)

when a RR < Oq

(constant-scaled criterion)

A t present, the FDA recommends a  value of a% =  0.04, and  upper lim its of 0/ =  2.4948, 

an d  dp =  1.7448 for Q i b e  and ® p b e ,  respectively.
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4.3 T h e  G eneralized p -Value

We base our approach for testing for IBE and PB E  on the  generalized p-valuc (GPV) 

m ethodology of Tsui and  W ccrahandi (1989). This m ethodology is discussed extensively 

in C h ap te r 2. The idea is th a t we create a generalized test variable (G T V ) w ith the 

following properties:

1 . T ( x ;  x ,£ )  = t is free of £.

2. For fixed x  and the distribution  o f T ( X ; x , £ )  is free of the nuisance param eter

3. For fixed x  and C, P r ( T ( X ; x , £ )  > t | 9) is non-decreasing in 9.

From  th is test function we derive a test of the hypothesis of non-equivalence H q : 9 > 9q 

versus the  hypothesis of cquivalancc H a : 9 < 9 q based on th e  generalized p-valuc

p = P r [ T ( X ; x ,S )  > t\9 =  90 ].

For a  nom inal a  level test of Ho against H a one rejects H q whenever p <  a .  See C hapter 2 

for details.

We will compare the G PV test for PB E and IB E to  the Howe-type small-sample 

confidence interval (HSCI) approach introduced by Hyslop et al. (2000) for assessing IBE 

in 4-period crossovers. T he extcntion of HSCI tests for IB E  to 3-pcriod crossover studies 

have been developed by Hyslop and Iglewicz (2001) and  Chow et al. (2002). We will use 

the sam e test as these au thors for Design B, and a m odification of the Chow H SCI test for 

Design A. C hapter 3 showed tha t for 4-period crossover designs the perform ance of the 

G P V  is com parable to HSCI for IBE an d  is more powerful for PBE. T he G P V  approach 

is also free of an undesirable property o f the HSCI in th is  problem: the d iscontinuity  in 

the  tes t criterion when one changes from  constant to reference scaling. T h is  last problem  

was discussed in detail in C hapter 3.

A th ird  approach for assessing IBE an d  PBE was developed by Quiroz et al. (2002), 

who ad ap ted  the modified large sam ple methodology for confidence intervals o n  variance 

com ponents introduced by Graybill and VVang (1980). C h ap te r 3 showed th a t ,  for 4-period
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studies, this approach did not perform  as well as HSCI and  G PV  approaches over much 

of the param eter space for IBE, and  also did not perform  as well as the G P V  method 

for PBE. Therefore, we do not consider th is approach in  th is  investigation, b u t only our 

proposed m ethod and the designated m ethod of the FDA.

In bo th  of the approaches above it is necessary to  rcparam ctcrize th e  te s t criterion, 

expressing it in term s of erf = Var(S)  instead of o-|j. T h e  form of a]  depends on the 

design and, on occasion, the sequences o f treatm ents w ith in  a  design. T h e  la tte r is the 

ease with Design A. T he sum m ary sta tis tics  arc also dependen t on the design. Therefore, 

we present different param ctcrizations and  sets of sum m ary  statistics for Design A and 

Design B.

4.3.1 Sum m ary S ta tistics for D esign  A

Consider a bioequivalcncc study  w ith the 2-scqucncc. 3-period crossover design de­

scribed in Table la  (Design A), where subjects arc trea ted  w ith the tes t an d  reference 

formulation twice in sequences 1 and  2, respectively. As before, let Yijki deno te the re­

sponse of subject j  in sequence i to  th e  Ith application o f trea tm ent k  (k  =  T ,R ) .  In 

the statistical model of Section 2 , all o f the  statistics an d  param eter definitions that are 

needed to  com pute the IBE and the P B E  criteria are given below.
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Y  ijT  =  +  Y l f n )  Y  ijR — YijRi Y  2jt  =  Y ^ jr i

Y - i j R  — ^ ( Y o j R i  +  Y oj ro) D i j  =  Y -  Y ^ r  D i  =  — V  D i j

D  =  l ^ + J h  =  _ L ( n  jT l _  YljT2) E2jR =  ^ ( ^ r i  -  Y2jR2 )

Ei.k — }  '  E,jk Yimk — ^ ‘ik S S h — ^2j=i(.Dij — Di)2
‘ j = i 1 i = i

S S w r  = Z]Li(EijT  -  E i . r ) 2 S S w r  =  E " = i ( ^ j «  "  E 2. r ) 2 SSkl = -  Y imkf

_ ____________ ____  ____  _  c c 2

5Sr «i =  £ £ =  [ ( %  -  Y i . T ) { Y i J R  -  F . r )  SSRi,Ti =  S S Ri -
r 'S S t r  f 0  cttrEi =  g g  S =  jiT -  h r  & = - T-

CTfi

CTp = CTq t  °BR — ZpGBTGBR. &TI = a ~BT 2 <7W"r

° T 2  =  ^ B T  +  ° V V T  ° R L  ~  f f B R  +  ° H ' R  C T R 2  ~  1 7 B R  +  n ° W R
2•? .) (T̂t n;

«TR =  PCTBT^BR. °Ri|Ti =  ° R :----- 2~aTi

O-J. =  o - f  j +  a \ i  -  ’2aT Ri Vi — n t -  i Wi = ----- ^—
l / l  I/o

I t  i s  e a s i l y  s e e n  t h a t  t h e  s t a t i s t i c s  D. S S n ,  S S w r ,  S S w r , S S n - S S R^T i  ̂ a n d  Bi a r c  

a s s o c i a t e d  w i t h  t h e  f o l l o w i n g  p i v o t a l  q u a n t i t i e s  w i t h  k n o w n  d i s t r i b u t i o n s  a s  i n d i c a t e d .

E d  = ------  = ~  iV (0 .1) U n  =  ~  x l i  U \ v t  -  S ^,n T  ~  x * t
1 / 5 7 7 5  ° 7i a W T
2 Y n l n 2

tt _  S S w r  2 rr _  5 ^t£ 2 rr ■55Ri|Ti 2
U w R — -~2 ----------------X i /O  C ' T i  =  — ~  ~  X i / i  ^ R t | T i  =  — 2 -------------  ~  X t / ^ - I

‘TrR Ti Ri|Ti

ZBi =  {Bi - P i ) , I 4 ^ -  ~  A (0 ,1 )
^RilTi

T he collection of random  variables Zd,U[]_.U[2, Uwr, U \v r  are  m utually independent. 

Also, the  collection of random  variables Z d , U w t ,  U w r, U t l ,  U t 2 , U r i \ t i iU r 2 \T2 > Z b i ,  Z b 2

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



70

arc m utually independent. Note th a t, the quantities B i  and S S ^ x i  a rc , respectively, the 

linear regression coefficient and th e  residual sum  of squares from th e  regression o f Y ijR  

on Y ijT  within sequence i. In the development th a t follows, quantities in lower case, viz., 

<1, s sn ,  sski, sswfci and  6*, arc used to  denote the observed values of th e  respective random  

variables, D , S S n ,S S k i , S S w k ,  and  Bi,  which arc given in upper case.

4.3.2 Tests o f  Individual B ioequivalence for D esign  A

Before giving th e  tests of IB E for Design A, it is useful to reparam ctcrizc the c rite ria  

given above.

S2 + u»i +  w 2 ^ a j 2 + -  2a fVR

B E  2 2\  ’TTW.T\<7 j j ,  O q )

When n[ =  n 2, w\ =  ui-i =  so the criteria becomes

c2 . a h  -r a h  , a w r  , a w ii d -1  —  -----------------------
®rBE = ---------------

m a x { o ' f V R , (7q )

A generalized te s t variable for calculating the generalized p-valuc (G P V ) is

ssw n

r ( A ' ; i . o =  '  “ ’ '  w,‘ '  ~ y' n ‘ ' UwR

(fl -  I SSn [ SSI2 \  ’ + (  wissn  +  W2SS/2 \  + aq SSwr + r<£2 _  2\
_  \  2 V n iU11 n-iUn)  \  Un______U12 )  2 Uwr   ̂ 2 /

[  s s w r  o \
\ U w r ' V

max

t2 -2 —2 „2where £ =  {Q[be-  ^iri’ cr/2 ’ a WT' a lvii)- From th is  function we th e n  calculate the area 

of the generalized extrem e region, which here am ounts to ca lcu lating  the probability  

P r ( T { X ;x ,£ )  > 9j).  This probability  is the G P V . We can com pu te  this probability  

using Monte C arlo integration using a  large num ber (10000 — 250000 o r  more) random ly- 

generated sets o f th e  values Z d ,  U n , Ur2, U w t > and  U w r ■ We could th e n  conclude IB E  if 

the GPV is less th a n  the  designated a  level. Typical values for the  constan ts  arc erg =  0.04 

and  91 =  2.4948.

We com pare th is GPV to a  te s t based on the H SCI developed by  Hyslop et al. for 

4-pcriod designs. T h e  100(1 — a)%  u pper bound for & cbe  for the Howe-type small sam ple 

confidence interval (HSCI) im dcr th e  reference-scaled criterion is

"2+“ ‘ ( ^  + 5 2̂ I ) +“=2S £ + (t  - 2- " ' )
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0.5

T he u p p er bound for th e  constant-scaled criterion is

T h e  term s in the variance expression arc

H d = ( \d\ + ± t,_ 0.„. + 2 1 2 .) - 1C-
V 2 V u \ n \ v- in- i j

Hn — Wissu f  ----------- ^  H w t  =  —-sswt  ( - r r ----------—^
\ X a . u .  V i )  2 \ x l , Ul V l )

H w n n  — -  -  -  t iA  s s iv n  (  —-----------------^  H w n c  =  (~^r -  A  s s w n  ( —5—-----------—^

Here u .  is the Sattcrthw aitc-correctcd degrees of freedom (see Steel, Torrie, and Dickey, 

1997). T he testing procedure is to conclude IBE when the relevant up p er bound is less 

th an  zero. These intervals are sim ilar to  those o f C hao  et al. (2002), except th a t these 

au th o rs do not use the  Sattcrthw aitc-correctcd degrees o f freedom.

4.3 .3  Tests o f P opu lation  B ioequivalence for D esign  A

For PBE, we assum e that rii =  ri2 to  simplify th e  derivation o f these test, so th a t  

the weights u>i = u>2 =  0.5 arc equal. Note th a t Chow et al used these weights in general 

w ithout any justification for their HSCI test of IBE. T h e  random variables S S r i  and S S m  

associated  with the variance components cr^i and o2̂  arc not sta tis tica lly  independent. 

Therefore, we use the  following rcparam ctcrization o f the PBE criterion  for the G P V  

m ethod.

+  9 ^ ° T l ( l  -  P i )  +  a f z ( \  -  0% ) — ^ R I I T I  +  a R2\T2  +  2 ° ’wr^ )

f  ^ f  a2 2 . 2 (o2 2 2  ̂ 2 \ 2 \
I  2 +  ° R l | T L  +  P 2 a T 2  +  a ~R2\T2 + ■  2 <Tw r  J  ’  a °  I

& P B E  —
m a x
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A generalized tes t variable for calculating the  generalized p-value is 

(  , Z d  [ T d \  , 1 f  s s t i  s s w r  , s s j 2  ~  \
/ • t v t  + w ^  + u ^ - T v

T (  A ' ;  i , 0  =
m a x ( T n ,t7$)

S S / 1 2 | T 3

C7n2 |T2
T» = ( t ,  -  z ol G S p i y  +  +  2 2 2  A  -  z  / I E m H I Y

o r i  y V s s n t /n i |r i  /  0/11171 o r 2 ^ y ssT2o fi2|T2 /

r‘-(g('-(*-»‘0 Zd)’+v£*)
where £ = (0/be, erf 1|Tl,cr̂ 2|r2,cr^r ,<7^R,/3i,/32). A gain, the
GPV  is com puted by M onte Carlo integration using random ly-generated values of 

Z d ,  Z b i,  Z b 2, U r i ,  U n ,  Uri\ti<  ^ ft2 |T2 ? U \vt,  an d  Uwr-  T h en  PB E is concluded if the 

GPV is less th an  the designated level of a. T ypical values for th e  constants a rc  a □ =  0.04 

and BP =  1.7448.

To assess PB E  using the HSCI, we used th e  following rcparam ctcrization o f th e  PBE 

criterion

+  2  +  2 a W T  +  a T2 — (& R I  +  a R2 +  ^  ̂ W r J  ^
® P B E  =  Y~y j  \  '

( 2  1(ff« l +  <*R2 +  J

The HSCI upper bound for © p b e  is under th e  reference-scaled criterion i s  th en

7 f t  +  S~ + -  (H %  +  H j - l  T  H \ V T  +  & T 2  +  H r IR  " P  H r 2R  +  H w r r )° ' °-

where

TO = ^  + i( 'f f I t  + ^»2: + i i n . ( 1+(,p) ('£££i + 2££L + 2 2 i ') ' \  
2 \  2 i/i V2 V tsi o2 2v2 J  J

The upper bound  under the constant-scaled criterion  is

7 c  +  [ H o  +- H j - i  +  H w T  +  H j -2 +  H r i c  +  H % 2 c  +  H w r c ) ° ° -

1 S S W R

2  Uw r
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where

1 f  SS T l  SS w t  SST2SST2 _  I  S3 f a  +  S3 R2

V2 \  1*1 1*2(
SSWR

2V2 ) )  - * o  ° p -

T h e quantity H o  is the same as it is for IBE, and  th e  o ther com ponents of the variance 

expression arc as follows

T h e test procedure is to conclude P B E  if the upper bound is less th a n  zero.

4 .3 .4  Exam ple: D rug 15a

The da ta  set for this exam ple is from the FDA bioequivalcncc d a ta  website 

w w w .fda.gov/cder/biocquivdata. D rug 15a is therein  described as an  im m ediate release 

form ulation of a  hormone. T he design is a 4-scquence/3-period crossover with sequences 

R T T  and T R R  added  to the design. There arc a  to ta l of 40 subjects, 10 in  each sequence, 

in this study. T he additional sequences R T T  and  T R R  have th e  sam e sum m ary s ta tis ­

tics as those for T R T  and R T R ,  respectively, in Design A. T he following estim ates were

H w r r s s w r

H w r c s s w r
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computed for log(AUC)

d =  -0.01437 s s n  =  2.0439 s s /2 =  2.7030 s s w r  =  0.53246

•ssiv/i =  1.3555 s s n  =  4.9657 s s t 2 =  7.9220 s s m  =  7.5180

s s r 2 =  5.2440 6[ =  1.0512 b2 =  0.6604 ssm\Ti  =  2.0309

•ss/j2|T2 =  1.7893 — i/2 =  18 v% =  35.32

For IB E , the HSCI 95% upper bound is —0.03144, which is less than zero, so that we can 

conclude IBE. The G PV , based on 50000 Monte Carlo points, is 0.0293 (which has a 95% 

C l (0.0278,0.0308), based on the large-sam ple approxim ation to the binom ial d istribution), 

which is less than a  =  0.05, so we again  conclude IBE. For PBE, the HSCI upper bound 

is —0.8774, and the GPV, based on 250000 Monte C arlo  points, is less than  0.0001. 

From  e ith er test we can conclude PB E . O ne may be surprised by the apparen t disparity, 

respectively, between, s s r i  and .3.97-2 , an d  between s s m  and  s s /a , bu t it m ust be kept in 

m ind th a t  these sum m ary statistics a re  all estim ating different things (see the sum m ary 

s ta tis tics  above).

4.3 .5  A m ended and Additional Sum m ary S ta tistics  for D esign  B

Consider a BE s tu d y  with the 3-period, 3-scqucncc, crossover design shown in Table 

lb  (Design B), where subjects arc trea ted  w ith the test form ulation once an d  the reference 

form ulation twice. As before, let Yijki denote the response o f subject j  in sequence i to the 

Ith application of treatm ent k (k = T , R ) .  Again, the s ta tis tics  and param eter definitions
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th a t arc needed to compute the  IBE and the  P B E  criteria are below.

Y  ijR =  - { Y ^ m  + Yijfto) Y  i j r  =  YijTi EijR. = -j= {Y ijm  — Y ijR2)

D i:j =  Y i j r  - V i j R  D =  ~  E
Tit * .

t  J = l

S S i  =  £ - =l EjLi (Di j  -  D i)2 S S W R =  Z i = I £ " = i(£ « if i  -  E i . R ) 2 

S S b =  E L i  E ;= i ( ^ 7 v  -  Y i . f c )* S S t r  -  E L i  E " i i ( F 0T  -  Y i.T ) ( Y ljR -  Y imR) 

S S T I r  =  S S r - ^  b = S S t r
S S t  S S t

1 2 a T R
a T  — a B T  +  a \ v r  a R — a B R  +  2 ° ^ V R  P  ~ r2

■> _  _2  a T R   / I  1
a 2 c - ^ 2 r -

a j  =  cr'j* +  a \  — 2(Tt r  =  Op 4- <?wx +  2 a V̂fi u ~  E% =i n < —

T he quantities D i , Y i , k , S , c r T R , c r n  arc th e  sam e as in Design A. It is easily seen that

the s ta tis tics  D, SSr, SSyyR, S S t , S S r t̂ , and  B  arc associated w ith the following pivotal

quantities w ith known distribu tions as indicated.

-7 D - S  S S f  2 rr SSiVR 2
Z d = ----------- N (0 ,1) Ut — — 5------ Xu Uw r  =  — 5------ ~  Xucar <rf erfVR

r r  _  S S k  . 2 ^  n  rr S S R \T  2
U k  — — 2-----Xu *■ — T . R  U r\t  =   5  ~  X u-l

k  a R \T

Z b  = ( B - 8 )  ? p L ~ N ( 0 , l )V a R \ T

The collection of random variables Z d ,U i , U \ v t ,U \ v r  are m utually  independent. Also, 

the collection of random  variables Z d , U \v t , U w r , U t , U r \t , Z b  are m utually  independent. 

Note th a t, the quantities B  and  S S r \t  are, respectively, the linear regression coefficient
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and the residual sum  of squares from the  regression of Y i j n  on Y / j t ,  after accounting for 

the sequence effect. Note that, since a \v r  is non-idcntifiable in th is design, the quantities

Eijr ,  E i . r , an d  S S w t , defined above for Design A, do not exist here. For Design B, 

quantities in lower ca so -d ,s s f ,s sk ,s sw R i  and 6-a re  used to denote the  observed values of 

the random  variab lcs-D , 5 5 / ,  55/.., 5 5 iv /j, and B -w hich  are given in upper ease.

The FDA guidance docum ent (2001) m andates the m ethod o f m om ents be used to 

estim ate the fixed effects and variance com ponents in the IB E /P B E  model. We would 

like to note th a t, unlike Design A, the m ethod o f moments estim ators for Design B are 

also the G L S/R E M L  estim ates. Chinchilli and E sinhart (1996) showed th a t th is is the 

ease for sequence-balanced designs (they used the term  uniform within sequence) in  which 

each trea tm en t appears a t least twice. A sequence-balanced design is one in which each 

treatm ent ap p ear th e  same num ber of times in each sequence. An advantage of sequence- 

balanced designs is th a t  each sequence generates the same inform ation concerning the 

param eters in  th e  model. Design B is an  example o f a  sequence-balanced design, whereas 

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

P ro p o s i t io n .  T he m ethod of moment estim ators of the identifiable param eters in 

Design B. in p articu la r <i, a f . a 2̂ .  a j . a ' f c and 8, are the same as the  (unconstrained) 

G LS/REM L estim ates for these param eters.

4 .3 .6  T e s ts  o f  I n d iv id u a l  B io e q u iv a le n c e  fo r  D e s ig n  B

For Design B, we have the following rcparam ctcrization of the  IB E  criterion

m ax(o f r f t , a l)

A generalized test variable for com puting the G PV  in Design B is

s s i  3 s s w r  
U[ 2  Uw r

( SSWR 2 >\ 
\  fAv/i ’ /

m a x
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where f  =  (Q i b e ^ ^ i ^ w r)- The G PV  is th e  area of the  generalized extrem e region for 

th is function, which is calculated using M onte Carlo integration, and IBE is concluded if 

the  G P V  is less th an  a.

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

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

d2 4- - J -  -  +  0/ )  ■ +  {H p  +  H 2 +  H 2VRR)° °

T he HSCI 100(1 — a )%  upper bound for the  constant-scaled IBE criterion is

s  +  V  "  l  -  ^ 9l + {Hn +  H * +

Individual BE is concluded if the appropriate upper bound is less than  zero. The com po­

nents o f the variance expression are

H n  =  ( \ d \ + c t l - a M . [ ^ )  - d 2 H r =  s s { ( - i -  -  I )
V V u )  v )

H w R R  =  (  T  +  0 l  J S S W R  (  —  ) H w R C  =  ~ s a W R  (  - 3 - ------------   )
\ 2 )  v )  2 \X l-a ,*  v )

T ypical values for the  constants in all these tests arc ctq =  0.04 and 8f =  2.4948.

4 .3 .7  Test o f P B E  for D esign  B

As w ith  Design A, we need a rcparam ctcrization of th e  PB E criteria th a t  reflects the  

s ta tis tica l dependence between the random  variables S S t  and  S S r .

S2 + <4(1 -  8 2) -  (< 4 l r  +  ^ i v r )

( o t P 2 +  a R\T  +

& P B E  =

m a x
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The generalized test variable for computing the GPV in Design B is

{ d - c Z Dy / T E f  + ^ - T R
T(X;x ,  O  = ---------------------  2Ut----

m a x ( T R, afi)

Tn uJ[T + UT ( 1 ( 6 Z b \ I s s T U r {T

E -  - 2 a r - ‘ i p
r  V V S S r  R\r  J R\t  2 Uw r

where £ =  ( 0 /b e ,  <f, <7 7 , r r j p ,  v 2Vfl, /3). T he G P V  is the area of generalized ex trem e region 

for this function, which is com puted using M onte Carlo integration, and P B E  is concluded 

if the G PV  is less than  a .  Typical values for the  constants in  all these tests a rc  a \  =  0.04 

and dP =  1.7448.

The rcparam ctcrization of the PBE appropriate  for th e  HSCI test is

&PBE  =
ft + 2<ĵ v r )

maxx  +  ^VV’R* « g )

The HSCI 100(1 —a)%  u p p er bound for the reference-scaled PB E criterion is

d2 +  ^  -  (1 +  e P ) +  ( H i  + H l  + H 2RR +  H?VRRf  -5

The HSCI 100(1 — a ) %  u p p er bound for the constant-scaled PB E  criterion is

di  +  SJir  ~  i^ r  + ~ a ° 9p  +  +  +  +  ^ r c ) 0 -5

Population BE is concluded if the appropriate upper bound is less than  zero. T he com­

ponents of the  variance expression arc
2

H D =  ( |d | +  d i . aM -  d2 H r  = s s T

H r r  =  ( i  +  d p )s s R (  2~--------  ) H RC — s s R ( - p -------—]
2 \ X l - Q,u * )  VJ

H\VRR — - ( 1  +  d p )sS W R  ( - 2~ — ) H w RC =  I —9-  — ]
2  \ X i - a,u v )  2 v j
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4.3.8 Exam ple: M ethylphenidate m eta -d ata

Meyer et al. (2000), conducted a study to  characterize th e  in tra-subject variability of 

m ethylphenidate. In this s tu d y  20 healthy m ale subjects were random ized to one o f four 

4-pcriod sequences. We adap ted  the da ta  from th is  study in th e  following way:

1 . Period 4 was deleted from Sequences 1 an d  4.

2. Period 3 d a ta  in Sequence 2 was replaced w ith  the d a ta  from  Period 4.

3. Sequence 3 was com pletely deleted.

This gives d a ta  from a pseudo-study with trea tm en t assignm ents conforming to Design B. 

This pseudo-study is constructed  only for dem onstration purposes and is not intended to 

be used to draw  any conclusions about the IBE or P B E  of m ethylphenidate. The observed 

values for the sum m ary sta tistics for log(AUC) arc

cl =  0.10348 s.s [ =  0.30837 .ssr  =  1.3758 s s R =  1.3067

s s w r .  =  0.52145 5 =  0.8628 ss /jix  =  0.2825 u =  12

For IBE, we generated a HSCI upper b o u n d  of —0.052975 and a  G PV  of 0.0012. 

T he GPV is based on 50000 Monte Carlo po in ts  and has a  95% confidence interval of 

(0.0009,0.0015). From e ith er test we can conclude IBE. For P B E , the HSCI upper bound 

is —0.06926 an d  the GPV, based on 100000 M onte Carlo po in ts, is 0.0004.

4.4 S im ulation  Studies

Sim ulation studies were conducted to com pare the  two m ethods -  HSCI and G P V  -  for 

population bioequivalcncc and  for individual bioequivalcncc. T h e  m ethods were exam ined 

for their ability' to m aintain the nominal Type I e rro r rate and  for their power to  reject the 

null hypothesis of bioinequivalencc when the a lternative  hypothesis of bioequivalence is 

actually true. Since Design A has 2 sequences an d  Design B has 3, to facilitate com parison 

we let n  represent the to ta l num ber of subjects in  a  study. S im ulation param eters were 

chosen based on  the power tables given in the  append ix  of th e  FD A  guidance docum ent
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(2001). For IBE, wc used crp =  0.01,0.1,0.15, and, for assessing th e  sizes of th e  2 test 

methods, chose the  other param eter values so th a t 9j =  2.4948 (the bo u n d ary  of the null 

hypothesis). T he properties of these tests for PBE were exam ined in a  sim ilar manner. 

Five thousand sim ulated data  sets were generated for each param eter com bination. GPVs 

were estim ated based on 10,000 M onte Carlo runs. All tests were done a t the  nominal 

a  =  0.05 level. All simulations were done using SAS® Version 8.2 for W indows. T he 

results arc sum m arized below for Design A and Design B, respectively, first for IBE, then 

for PBE.

4.4.1 Individual B ioequivalence for D esign  A

The exam ination of the size of the two procedures in Design A for IB E  was done a t a 

num ber of points on the boundary  surface of the null hypothesis, i.e., w here 6[ =  2.4948 

(the value proposed by the FD A ). We also used the FDA-specified value Oq =  0.04 for 

constant-scaling. T he estim ated sizes of the procedures are sum m arized in Tables 2a-c.
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Table 2a. Estimated sizes of the test procedures HSCI and GPV for Design A/IBE
<jd  = 0.01

5 = 0.3157 S =  0.3631 <5 = 0.4737 <5 = 0.7897
O w t  —o w n  =  0.15 a \v r  = o w r  =  0.2 o w t  =  o w r  — 0.23 o w t  = o w r  =  0.3 O W T  = ow n = 0.5

n HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
24 0.042 0.040 0.045 0.047 0.043 0.037 0.039 0.029 0.039 0.028
36 0.043 0.038 0.058 0.060 0.048 0.041 0.051 0.042 0.052 0.042
4S 0.047 0.042 0.059 0.065 0.046 0.040 0.044 0.037 0.046 0.038

<7D =  0.10
6 =  0.2997 S =  0.3493 6 = 0.4631 6 = 0.7834

a \v r  = O W R  — 0.15 o w t  = o w r  =  0.2 o w t  = o w r  = 0.23 O W T  = o w r  =  0.3 O W T  = own =  0.5
n HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
24 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 0.051 0.055 0.045 0.040 0.047 0.039 0.049 0.038
48 0.044 0.038 0.049 0.053 0.047 0.039 0.053 0.046 0.048 0.040

£70 =  0.15
J = 0.2780 <5 = 0.3309 <5 = 0.4495 5 = 0.7754

0\VT = own  = 0.15 o w t  = own  = 0.2 o w t  = o w r  = 0.23 o w t  = o w r  — 0.3 o w t  = own  =  0.5
n HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
24 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 0.050 0.048 0.041 0.033 0.043 0.033 0.048 0.039
48 0.040 0.033 0.052 0.057 0.049 0.041 0.047 0.038 0.048 0.040

T a b le  2b . E stim ated  sizes of the  test procedures HSCI and  GPV for Design A /IB
d = 0.05

Od  -= 0 .0 1

o w t = 0.3460 O W T  — 0.3704 O W T = 0.4269 o w t  = 0.5585 o w t  = 0.9333
o w n = 0.15 o w n = 0 .2 o w n = 0.23 o w n = 0.3 o w n =  0.5

n HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
24 0 .0 1 1 0.006 0.017 0 .0 1 1 0 .0 2 1 0 .0 1 2 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 .0 2 1 0.033 0.019

o D = 0 .1 0

O W T = 0.3313 O W T  = 0.3568 o w t = 0.4152 o w t  = 0.5496 o w t  = 0.9280
o w n =  0.15 o w n =  0 .2 o w r =  0.23 =  0.3 o w n =  0.5

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 .0 1 2 0 .0 2 1 0 .0 1 1
36 0.013 0 .0 1 0 0.028 0 .0 2 2 0.026 0.017 0.025 0.016 0.029 0.018
48 0 .0 1 S 0.013 0.031 0.026 0.032 0 .0 2 1 0.030 0 .0 2 1 0.030 0.018

o d = 0.15
O W T = 0.3119 O W T  = 0.3388 o w t = 0.3999 o w t  = 0.5381 o w t  = 0.9213

o w n = 0.15 o w n =  0 .2 o w r = 0.23 o w n = 0.3 o w n =  0.5
n HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
24 0.007 0.006 0 .0 2 1 0.014 0.019 0 .0 1 0 0.019 0.013 0 .0 2 1 0 .0 1 2
36 0.015 0 .0 1 1 0.027 0 .0 2 2 0.025 0.018 0.025 0.016 0 .0 2 1 0 .0 1 1
48 0.016 0.013 0.034 0.030 0.026 0.017 0.028 0 .0 2 0 0.030 0 .0 2 0
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Table 2c. Estimated sizes of the test procedures HSCI and GPV for Design A/IB
<5 = 0.15

o D = 0 .0 1

O W T  = 

<?wn
= 0.3157 
=  0.15

o w t  = 
o w n

0.3423 
=  0 .2

O W T
o w n

= 0.4269 
=  0.23

o w t  =  

o w n

0.5403 
=  0.3

O W T  =

o w r

0.9225 
=  0.5

n HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
‘24 0.013 0 .0 1 0 0.027 0 .0 2 0 0.024 0.016 0.024 0.015 0 .0 2 1 0 .0 1 2
36 0 .0 2 1 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 .0 2 2 0.034 0.023

o p = 0 .1 0

O W T = 0.2997 O W T  = 0.3276 o w t = 0.3903 o w t  = 0.5311 o w t  = 0.9172
o w n = 0.15 o w n = 0 .2 o w n = 0.23 o w n = 0.3 o w n = 0.5

n HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
‘24 0.016 0.013 0.027 0 .0 2 2 0 .0 2 1 0.013 0.025 0.013 0.025 0.015
36 0 .0 2 0 0.016 0.033 0.031 0.027 0.018 0.029 0 .0 2 1 0.029 0.017
48 0 .0 2 2 0.018 0.038 0.034 0.034 0.024 0.030 0 .0 2 0 0.029 0 .0 2 1

O  D = 0.15
o w t = 0.2780 o w t  — 0.3079 o w t = 0.3740 O W T  ~ 0.5192 o w t  = 0.9103

o w n =  0.15 o w n =  0 .2 o w n =  0.23 o w n = 0.3 o w n =  0.5
n HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
24 0.015 0.013 0.026 0 .0 2 0 0.024 0.014 0.025 0.013 0.019 0 .0 1 2
36 0.018 0.015 0.032 0.029 0.031 0 .0 2 1 0.032 0 .0 2 1 0.030 0.018
48 0.026 0 .0 2 1 0.039 0.038 0.036 0.027 0.030 0 .0 2 1 0.027 0.016

T he above tables indicate th a t, for the m ost p a rt, b o th  the GPV and  HSCI tests hold 
the nom inal level of a  =  0.05 w ith very few exceptions, most notably when 5 > log( 1.25) 
and (t w r  =  0.2. In many cases, bo th  tests ap p ear to be very conservative, which m ay 
have im plications for the power in this design.

4.4.2 P ow er for IBE in D esign  A

Power o f the two procedures was examined for S =  0.05, a n  =  0.01,0.1,0.15, and  
c t \ v t  — o w n  — 0.15,0.2,0.23,0.3,0.5. We have sum m arized these results by reporting the 
estim ated m inim um  total sample size needed to  achieve 80% power, and  the estim ate o f 
tiic actual power a t the given sam ple size for the  2 m ethods. These results arc sum m arized 
in Table 3.

T ab le  3 . E stim ated  power for IBE of the test procedures HSCI and G PV  for Design A
6  = 0.05

OW T
o w n

=  0.15 
=  0.15

o w t

o w n
=  0 .2  
=  0 .2

OW'T
o w n

=  0.23 
=  0.23

o w t

o w n
=  0.3 
=  0.3

o w t

o w n
=  0.5 
=  0.5

Method OD n Power n Power n Power n Power n Power
HSCI 0 .0 1 18 0.829 34 0.819 48 0.809 56 0.808 56 0.811

0 .1 0 24 0.807 44 0.813 62 0.807 64 0.816 58 0.812
0.15 36 0.808 64 0.804 8 8 0.809 76 0.822 62 0.814

GPV 0 .0 1 2 0 0.827 34 0.811 46 0.819 62 0.818 62 0.813
0 .1 0 28 0.847 44 0.805 58 0.807 6 8 0.802 64 0.815
0.15 40 0.816 64 0.814 82 0.804 82 0.806 6 8 0.811
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From the power com parisons it appears th a t G PV  docs som ew hat better for values of 

a w r  close to  (to =  0.2, and HSCI doing better when the c tw r is relatively small or large. 

The differences between the  sam ple size requirem ents for these 2 tests tended to be trivial 

for 4-pcriod crossovers, which docs not appear to  be the ease here. B ut what may strike 

the reader is the large num ber of subjects required even w hen the variation is m odest. 

Bioequivalcncc studies rarely enroll more th an  30 or 40 subjects. B u t 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 P opu lation  B ioequivalence for D esign  A

Tables 4a and 4b show sim ulation results comparing the  respective sizes of th e  two 

tests. All o f the param eter combinations in these tables correspond to  Op =  1.7448, w ith 

Oq taken to be 0.04. Both values are as recommended in the  FDA guidance docum ent. 

Here, correlations of p =  0.8 and  p =  0.9 are examined. The reasoning for examining eases 

with such seemingly high correlation is that, the responses w ith in  a subject to different 

formulations o f the same drug arc still likely to have a strong degree of correlation even if 

the form ulations arc only borderline biocquivalent.
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Table 4a. Estimated sizes of the test procedures HSCI and GPV for De-

sign A /P B E  (S ^  0 )
<5 = 0.2642 <5 = 0.2954 <J =  0.3736

obt = 0.1, obr — 0.1 ort — 0.2, obr =  0.2 OBT =  0.2, obr = 0.2
<T\VT =  O.l.ffH'fl = 0.1 owt = 0.1,<7iv’/i =  0.1 owt =  0.2,<7iy/j = 0.2

n P HSCI GPV HSCI GPV HSCI GPV
24 0.8 0.0016 0.0036 0.0250 0.0522 0.0158 0.0488

0.9 0.0010 0.0036 0.0218 0.0392 0.0136 0.0432
36 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 0.0358 0.0140 0.0322
6 = 0.5907 <5 = 0.5604 <5 = 0.8861

OBT = 0.4, obr = 0.4 obt = 0.3. <7/3 n — 0.3 o bt = 0.6, obr = 0.6
owt = 0.2,owr = 0.2 owt = 0.3,a»-/j =  0.3 ow t = 0.3, owr = 0.3

n P HSCI GPV HSCI GPV HSCI GPV
24 0.8 0.0186 0.0464 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 0.0158 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
5 =  0.2954 6 = 0.5907

obt = 0-2, obr = 0.1732 obt — 0.1732, obr = 0.2 o bt  = 0.3873, obr = 0.4
owt = 0.1,<rwn =0.1414 owt = 0.1414, owr — 0.1 O W T  = 0.2236, owr = 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 0.0158 0.0410 0.0208 0.0374

0.9 0.0166 0.0264 0.0152 0.0348 0.0184 0.0320
6 =  0.5907 5 = 0.8861

o b t  = 0.4, o b r  =0.3873 o b t  = 0.6, o b r  =  0.5 O B T =  0.5, o b r  = 0.6
O W T  = 0.2, o w r  =0.2236 o w t  = 0.3, o w r  =  0.4472 o w t  = 0.4472, o w r  =0.3

n P 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
4S 0.8 0.024S 0.0410 0.0158 0.0290 0.0138 0.0428

0.9 0.0176 0.0282 0.0194 0.0272 0.0164 0.0370
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Table 4b. Estimated sizes of the test procedures HSCI and GPV for Design A/PBE
(J =  0)
o b t  = 0.2825, o b r  = 0-1 

o w t  = 0.1. awn  = 0.1
o b t  — 0.3567, ffaa = 0.2 

o w t  — 0.1.aim  = 0.1
o b t  — 0.4238, o b r  — 0.2 

o w t  — Q . 2 , o w r  = 0.2
n P HSCI GPV HSCI GPV HSCI GPV
24 0.8 0.0192 0.0244 0.0098 0.0616 0.0156 0.0642

0.9 0.0226 0.0290 0.0086 0.0534 0.0110 0.0556
36 0.8 0.0254 0.0268 0.0154 0.0600 0.0182 0.0542

0.9 0.0242 0.0286 0.0058 0.0584 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
o b t  = 0.7134, o b r  = 0.4 o b t  = 0-6357, o b r  — 0.3 o b t  = 1.0701, (Tan = 0.6

O W T  = 0.2, o w r  = 0.2 O W T  = 0.3, o w r  — 0.3 o w t  = 0.3, o w r  = 0.3
n P HSCI GPV HSCI GPV HSCI GPV
24 0.8 0.0104 0.0548 0.0180 0.0590 0.0130 0.0530

0.9 0.0038 0.0538 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 0.0558 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, b o th  tests appear to hold the nom inal level of a  =  0.05 when < 5 /0 .  T he GPV

appears to  be slightly anti-conservative when 6 =  0, whereas th e  HSCI test m ay viewed as 

som ew hat over-conservative, since its estim ated  level is frequently lower th an  0 .0 2 , quite 

a bit lower than  a  =  0.05.

4.4.4 Pow er for P B E  in Design A

T able 5 summarizes the simulation results for the power o f the  two tests. I t shows the 

sm allest n  for which a  particu lar test achieves 80% power and  the actual estim ate  of the 

power for th a t test at th a t point. Here correlations of p =  0.9 and  p = 0.95 a re  examined. 

These values were deemed reasonable for exam ining power because formulations th a t are 

bioequivalent should exhibit a very high degree of correlation.
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Table 5. Sam ple size comparisons and estim ated power for PB E of th e  tes t procedures

H SC I and  GPV for Design A
(5 = 0.05

<7\VT =  0.15,£Twn = 0.15 O W T =  0.23, o w n = 0.23
c t b t =  0.15 o b t =  0.3 o b t =  0.23 o b t =  0.46
o b r =  0.15 o b r =  0.3 o b r =  0.23 o b r =  0.46

M ethod P n Power n Power n Power n Power
HSCI 0.90 22 0.801 30 0.831 30 0.835 28 0.811

0.95 22 0.800 30 0.828 28 0.808 28 0.805
G PV 0.90 18 0.821 22 0.837 22 0.835 22 0.839

0.95 18 0.831 22 0.829 22 0.832 22 0.826
o w t  =  0-3, o w n = 0.3 O W T  =  0.5,<TlVfi = 0.5

O B T =  0.3 o b t =  0.6 o b t =  0.5 O B T =  1.0
o b r =  0.3 o b r =  0.6 o b r =  0.5 o b r =  1.0

M ethod P n Power n Power n Power n Power
HSCI 0.90 28 0.S08 28 0.809 28 0.821 28 0.803

0.95 28 0.S17 28 0.S09 28 0.810 28 0.804
G PV 0.90 22 0.S32 20 0.801 20 0.801 20 0.805

0.95 22 0.829 20 0.800 22 0.845 20 0.801

Table 5 shows how th a t G PV  has smaller sam ple size requirem ents than  the HSCI 

m ethod for m ost of the param eter space. The principal reason for th is appears to be th a t  

the proposed G P V  m ethod accounts for the in tra-subject dependence between and  

YijR.

4.4.5 Individual B ioequivalence for D esign  B

The exam ination  of the size of the two procedures in Design B for IB E was done a t a  

num ber of po in ts on the boundary surface of the  null hypothesis, i.e., where 9[ =  2.4948 

(the value proposed by the FDA). We also used the  FDA-specified value crfi =  0.04 for 

constant-scaling. The estim ated sizes of the procedures arc sum m arized in  Tables 6 a-c.
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Table 6a. Estimated sizes of the test procedures HSCI and GPV for Design B/IBE
o d =  0 .0 1

S — 0.3157 S 0.3631 d' = 0.4737 6  = 0.7897
<n v t  — o w n  = 0.15 O W T  — o w n  =  0 .2 o w t  = o w n  = 0.23 o w t  = o w n  = 0.3 o w t  = o w n  = 0.5

n HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
24 0.050 0.049 0.052 0.063 0.047 0.046 0.048 0.045 0.048 0.044
36 0.054 0.051 0.059 0.075 0.050 0.048 0.047 0.044 0.049 0.045
48 0.057 0.054 0.061 0.075 0.052 0.050 0.046 0.043 0.053 0.050

o d =  0 .1 0
6 = 0.2997 d = 0.3493 d' = 0.4631 <S = 0.7834

at v t  — o w n  = 0.15 o w t  = o w n  = 0 .2 O W T  = o w n  = 0.23 o w t  = o w n  = 0.3 o w t  = o w n  = 0.5
a HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
24 0.052 0.053 0.058 0.069 0.047 0.048 0.047 0.043 0.047 0.041
36 0.051 0.049 0.059 0.072 0.046 0.045 0.046 0.043 0.049 0.045
48 0.051 0.048 0.052 0.067 0.051 0.048 0.052 0.047 0.050 0.049

o d =  0.15
6  = 0.2780 6 = 0.3309 6  = 0.4495 <5 = 0.7754

o w t  = o w n  =  0.15 O W T  = o w n  — 0 .2 O W T  = o w n  = 0.23 o w t  = o w n  = 0.3 o w t  = o w n  = 0.5
n HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
24 0.053 0.051 0.053 0.065 0.050 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
4S 0.046 0.042 0.058 0.070 0.044 0.044 0.051 0.047 0.049 0.045

T a b le  6 b . E stim ated  sizes of the test procedures HSCI an d  G PV  for Design B /IB E
6  = 0.05

o d = 0 .0 1

o w t

o w n

= 0.3460 
=  0.15

o w t  =  

o w n

0.3704 
=  0 .2

O W T

o w n

= 0.4269 
=  0.23

o w t  — 

o w n

0.5585 
=  0.3

O W T  =

o w n

0.9333 
=  0.5

n HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
24 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 0.05S 0.040 0.039 0.038 0.034 0.040 0.037

o d = 0 .1 0

o w t = 0.3313 o w t  — 0.3568 O W T = 0.4152 o w t  = 0.5496 O W T  = 0.9280
o w n = 0.15 o w n = 0 .2 o w n = 0.23 o w n =  0.3 o w n =  0.5

n HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
24 0.038 0.035 0.048 0.052 0.040 0.039 0.034 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

o d = 0.15
o w t = 0.3119 o w t  = 0.3388 o w t = 0.3999 o w t  — 0.5381 O W T  = 0.9213

o w n =  0.15 o w n =  0 .2 o w n =  0.23 o w n =  0.3 o w n =  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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T able 6c. Estimated sizes of the test procedures HSCI and GPV for Design B/IB
8  = 0.15

o d = 0 .0 1

(T \V T  = 

O W R

= 0.3157 
=  0.15

O W T  =

o w r

0.3423 
=  0 .2

o w t

o w n

= 0.4269 
=  0.23

o w t  =  

o w n

0.5403 
=  0.3

O W T  =

o w n

0.9225 
=  0.5

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

o p = 0 .1 0

a w r  -= 0.2997 O W T  = 0.3276 o w t = 0.3903 o w t  = 0.5311 O W T  = 0.9172
o w n = 0.15 o w r = 0 .2 o w n =  0.23 o w n =  0.3 o w n =  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 0.028
36 0.042 0.041 0.050 0.058 0.043 0.041 0.045 0.041 0.039 0.035
48 0.039 0.037 0.053 0.062 0.042 0.041 0.041 0.038 0.042 0.038

-
o d = 0.15

o w t = 0.2780 O W T  = 0.3079 o w t = 0.3740 o w t  = 0.5192 O W T  = 0.9103
o w n = 0.15 o w n = 0 .2 o w n = 0.23 o w n =  0.3 o w n = 0.5

n HSCI GPV HSCI GPV HSCI GPV HSCI GPV HSCI GPV
24 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

1 4S 0.041 0.040 0.056 0.063 0.046 0.045 0.044 0.040 0.043 0.039

B oth tests appear to  hold the nominal level of a  =  0.05 for m ost of the param eter 

space. T h e  exceptions a rc  mostly when i 7 \ v r  is close to  0.2, especially for the G PV  and  

when 6 > log( 1.25). O n  th e  whole, the tests appear to be very sim ilar.

4 .4 .6  P o w e r  fo r I B E  in  D e s ig n  B

Power of the two procedures was examined for S =  0.05, crp =  0.01,0.1,0.15, and  

o w t  =  o w r  =  0 .15 ,0 .2 ,0 .23,0 .3 ,0 .5 . VVc have sum m arized these results by reporting the  

estim ated minimum to ta l  sam ple size needed to  achieve 80% power, and the estim ate o f 

the ac tu a l power a t th e  given sam ple size for th e  2 m ethods. T hese results are sum m arized 

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

awT — 0.15 0\VT = 0 .2 o w t =  0.23 a w r =  0.3 aw r =  0.5
0\vr  =  0.15 aw n = 0 .2 aw n = 0.23 a w n = 0.3 awn =  0.5

Method a d n Power n Power n Power n Power n Power
HSCI 0 .0 1 15 0.889 24 0.835 30 0.813 36 0.846 33 0.819

0 .1 0 18 0.820 30 0.811 39 0.809 39 0.815 36 0.823
0.15 27 0.820 45 0.808 54 0.805 45 0.818 39 0.837

GPV 0 .0 1 15 0.879 24 0.852 30 0.840 36 0.837 33 0.805
0 .1 0 18 0.804 30 0.827 36 0.809 39 0.804 36 0.812
0.15 27 0.808 42 0.802 51 0.815 45 0.806 39 0.823

From the  power com parisons it appears th a t HSCI and G PV  are very sim ilar w ith 

respect to power and sam ple size requirements, w ith GPV doing som ewhat b e tte r for 

values of g w r  close to op =  0 .2 , and HSCI doing marginally b e tte r  when the a w R  is 

relatively sm all or large. T h is  is the same p a tte rn  observed in th e  previous chapter w ith 

respect to  4-period crossover designs. The differences between 2 m ethods may ap p ear to 

be trivial, w ith  the cases w here G PV  has a lower sam ple size requirem ent only am ounting 

to one sub ject per sequence. B u t, as discussed in C hapter 3, there  may be o ther reasons 

for preferring GPV over H SCI. T he sample size requirements for Design B appear to  be 

much more reasonable th an  for Design A, and these requirem ents also compare favorably 

to those for 4-pcriod crossover. T his will be discussed further in Section 5.

4 .4 .7  P o p u la t io n  B io e q u iv a le n c e  for D e s ig n  B

Tables 8 a  and 8 b show sim ulation results comparing the  respective sizes of the  2 

tests. All of the  param eter com binations in these tables correspond to  dp =  1.7448, w ith 

erg taken to  be 0.04. B oth values are as recommended in the FD A  guidance docum ent. 

Correlations of p =  0.8 an d  p  =  0.9 are 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

d =  0.2642 <5 = 0.2954 <5 =  0.3736
c  b t  =  0 .1  , c a a  =  0 .1 c a r =  0 .2 , o b r  — 0 .2 c a r =  0 .2 , o b r  — 0 .2

O w t  =  0 .1 , O W R  =  0 .1 C u r =  0 .1 , CU'R  =  0 .1 c u t =  0 .2 , c i v - n  =  0 .2
n P HSCI GPV HSCI GPV HSCI GPV
24 0 .8 0.0446 0.0606 0 .0 2 0 2 0.0676 0.0334 0.0714

0.9 0.0372 0.0522 0 .0 1 2 0 0.0634 0.0352 0.0726
36 0 .8 0.0434 0.0576 0.0274 0.0710 0.0362 0.0650

0.9 0.0410 0.0528 0.0152 0.0618 0.0370 0.0714
48 0 .8 0.0492 0.0590 0.0218 0.0550 0.0396 0.0674

0.9 0.0446 0.0558 0 .0 2 0 2 0.0628 0.0342 0.0640
5  = 0.5907 d =  0.5604 <$ =  0.8861

c t b t  —  0.4, o b r .  — 0.4 c a r =  0.3, <Tan =  0.3 c a r =  0 .6 , o b r  — 0 .6
ci v t  =  0 .2 , (T ie n  =  0 .2 c u t = 0.3, cu-n =  0.3 CUT =  0.3, o w r  — 0.3

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
3 6 0 .8 0.0220 0.0592 0.0388 0.0680 0 .0 2 0 2 0.0550

0.9 0.0136 0.0646 0.0316 0.0640 0.0154 0.0568
48 0 .8 0.02S4 0.0692 0.0348 0.0636 0.0248 0.0622

0.9 0.0196 0.0608 0.037S 0.0662 0.0194 0.0588
<5 =  0.2954 S  — 0.5907

c  b t  —  0.2, cren =  0.1732 c a r  = 0.1732. < tb r  =  0.2 c a r  = 0.3873, can  =  0.4
c u t  = 0.1, <7\v ft = 0.1414 c u r  = 0.1414, civa =  0.1 C U T  = 0.2236, own  =  0.2

n P HSCI GPV HSCI GPV HSCI GPV
24 0 .8 0.0202 0.0736 0.0244 0.0688 0.0180 0.0576

0.9 0.0210 0.0778 0.0190 0.0608 0.0154 0.0644
36 0 .8 0.0272 0.0652 0.0250 0.0610 0.0238 0.0600

0.9 0 .0 2 1 2  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 =  0.5907 d = 0.8861

c  b t  — 0.4 , c a a  — 0.3873 CBT — 0.6, <Taa =  0.5 c a r =  0.5, o b r  = 0.6
c u t  =  0 . 2 , c i k / j  =  0.2236 c u t  = 0.3, civa =  0.4472 O W T  = 0.4472, o \ v r  = 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 .0 1 2 0  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 0.0580 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 procedures HSCI and GPV for Design B/PBE
(<* =  0 )
& b t  = 0.2825, o b r  — 0.1 

a  w t  = 0 .1 , a w n  =  0 .1
o b t  — 0.3567, a  s n  = 0.2 

a w T  =  0 .1 , a w n  = 0 .1
a  b t  = 0.4238, a s n  =  0.2 

<7w t =  0 .2 , a w n  =  0 .2
n P HSCI GPV HSCI GPV HSCI GPV
24 0 .8 0.0330 0.0404 0 .0 1 0 2 0.0630 0 .0 2 1 2 0.0570

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 .0 1 1 0 0.0620 0 .0 2 2 2 0.0574

0.9 0.0338 0.0420 0.0040 0.0568 0.0160 0.0592
a  b t  — 0.7134, a s R  = 0.4 o b t  — O.6357,cr0/i = 0.3 (Tot =  1.0701,(70/1 =  0.6

a w r  = 0 .2 , a w n  = 0 .2 a w r  — 0.3, awn  = 0.3 a w r  = 0.3, a w n  =  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 0.0554 0.0158 0.0578 0.0032 0.0558
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 .0 0 2 2 0.0524
48 0 .8 0.0108 0.0594 0.0204 0.0564 0.0084 0.0574

0.9 0.0026 0.0498 0.0196 0.0596 0.0030 0.0498

T he size of the HSCI appears to hold th e  nominal level o f the test, bu t is som etimes

much sm aller than a  =  0.05, raising concerns about excessive Type II errors. T h e  G PV  

is som ew hat anti-conservative, but this effect is most pronounced when 6 > log( 1.25). 

Since concluding PBE requires some form o f  ABE, the som ewhat inflated es tim ated  sizes 

in Table 8 a  may be of little  practical concern.

4 .4 .8  P o w e r  fo r P B E  in  D e sig n  B

Table 9 summarizes the  simulation re su lts  for the power of the two tests . I t shows 

the sm allest to tal number of subjects for w hich a particular tes t achieves 80% power and 

the actual estim ate of the  power for th a t te s t a t that point. Here correlations o f p — 0.9 

and p =  0.95 arc examined. As with Design A, these values were deemed reasonable for 

exam ining power because formulations th a t  arc biocquivalcnt should exhibit a  very high 

degree of correlation.
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Table 9. Estimated power for PBE of the test procedures HSCI and GPV for

Design B
6  = 0.05

O W T =  0.15, crw/i = 0.15 O W T =  0.23, o w r = 0.23
O B T =  0.15 O B T = 0.3 O B T = 0.23 o b t =  0.46
o b r =  0.15 o b r =  0.3 o b r =  0.23 o b r =  0.46

Method P n Power n Power n Power n Power
HSCI 0.90 24 0.865 24 0.840 27 0.860 24 0.842

0.95 21 0.811 24 0.854 24 0.809 24 0.877
GPV 0.90 15 0.803 15 0.863 2 1 0.869 15 0 .8 6 6

0.95 15 0.813 12 0.821 18 0.821 12 0.826
0 \ V T  = 0-3, O W R = 0.3 o w t  =  0 . b , a w R = 0.5

o b t =  0.3 O B T = 0 .6 O B T =  0.5 O B T = 1 .0

o b r =  0.3 o b r =  0 .6 O B R = 0.5 o b r =  1 .0
Method P n Power n Power n Power n Power

HSCI 0.90 27 0.869 24 0.854 24 0.814 24 0.852
0.95 24 0.806 24 0.870 24 0.813 24 0.870

GPV 0.90 18 0.805 15 0.861 18 0.820 15 0.863
0.95 18 0.822 12 0.833 18 0.822 12 0.832

As we already have observed for Design A, the  G P V  is more powerful th an  the HSCI 

for PBE. which we feel is due to G PV  accounting for th e  intra-subject correlation between 

the estim ates o f th e  bctwccn-subjcct variances. Also, the sample size requirem ents arc 

much lower for Design B than Design A. and com parable to  the sam ple size requirem ents 

derived in C h ap te r 3 for assessing PB E  in 4-pcriod crossovers.

4.5 D iscussion

The conclusions of this investigation can be sum m arized as follows

1. Design A is very inefficient, w ith  respect to  th e  num ber of subjects needed to con­

clude bioequivalcncc com pared to  Design B.

2. Most of th e  discussion of C h ap te r 3 with respect to 4-period crossover designs also 

appears to  app ly  to  3-period crossovers, p articu la rly  to  Design B.

3. Design B has comparable performance to 4-pcriod  crossovers, b u t som e param eters 

arc not identifiable.

Design A is given by the FDA guidance docum ent (2 0 0 1 ) as an exam ple of a 3-pcriod 

crossover design th a t  can be used to  assess individual bioequivalence. T h e  guidance doc-
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nm cnt contains no o ther details concerning 3-period crossovers. In  particular, the  FDA 

guidance docs not discuss how to analyze population an d  individual BE for 3-period 

crossovers, although it is relatively straightforw ard to do so by applying cither th e  Hyslop 

m ethodology or the G PV . No justification is given as to  w hy Design A should be preferred 

to  any other 3-period design (the sam e can also be said  of th e  4-period designs th a t the 

guidance docum ent recommends). Therefore, it may com e as a  surprise to some th a t 

Design A appears to have such poor efficiency com pared to  Design B when the num ber of 

subjects needed to yield a  reasonable degree of power is assessed. This poor efficiency for 

IBE is apparent in Table 10, which gives the ratio of th e  estim ated  required sam ple sizes 

for 80% power when Table 3 is com pared to Table 7. A sim ilar, although less dram atic, 

effect is seen for PBE in Table 11, which is com paring T able 5 to  Table 9. Later we will see 

sim ilar comparisons of Design A and Design B to the 2-scqucnce/4-pcriod (2S4P) design 

studied in the previous chapter which will show th a t th e  num ber of ‘doses’ (total number 

of subjects times the num ber of periods) required in Design A is 30 — 80% higher than 

in the  2S4P design, whereas Design B and  the  2S4P ten d  to  requires the same num ber of 

‘doses’. Crossover designs arc preferred for biocquivalcncc studies because we can derive 

precise estim ates with relatively few subjects. The num ber of subjects required to  assess 

IBE using Design A far surpasses w hat is typical for a  biocquivalcncc study, despite it 

being a  dual design. W hen structure o f the sum m ary sta tis tic s  for designs arc closely 

exam ined, the deficiencies of Design A become clear. O n  an  elem entary level, the  infor­

m ation derived from the 2 sequences of Design A is different, so th a t there are only n, — 1 

degrees of freedom (one less the the num ber of subjects in  a  particu lar sequence) available 

to estim ate the variance components a j v  er̂ VT, and 0 \VR. T his was noted by Chen et

al. (2 0 0 0 ), who then s ta ted  that one should expect to need to enroll more subjects in a 

s tudy  w ith Design A then  in a study w ith  the recom m ended 4-period design. Now, it is 

to  be expected th a t a  s tu d y  with fewer periods would requ ire  m ore subjects, b u t as noted 

above, the to ta l num ber o f treatm ents o r doses required for adequate power can be much 

higher in Design A th an  in  the 2S4P design, whereas D esign B and  the 4-period design 

arc com parable w ith  respect to  total doses. O n the o ther h an d , th e  3 sequences in  Design
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B all provide th e  same inform ation, so th a t there are  n i +  ri2 +  nz  — 3 degrees of freedom 

(three less th an  the t o t a l  num ber of subjects) to  estim ate and o \ V R . B u t as a  trade-off, 

the param eters o^VT and er^ cannot be estim ated using Design B.

The ab ility  to  derive the sam e inform ation from all sequences is a  p roperty  of sequence- 

balanced designs. Design B and  th e  4-pcriod designs in the FDA guidance docum ent are 

sequence-balanced, whereas Design A is not. Since sequence-balanced designs require 

fewer subjects (or ‘doses’, when 3 and  4-period designs are com pared) th a n  the Design A, 

which is not sequence-balanced, an d  since the sequence-balanced designs arc  com parable 

with respect to  numbers of ‘doses’, it would ap p ear th a t scquencc-balancc is a  desirable 

property for crossover designs to  assess IBE and  PB E .

T a b le  10. Ratio of estim ated  sam ple size requirements o f  Design A

to Design B for th e  test procedures HSCI and G PV  for IBE
S  =  0.05

o w t  = 0.15 o w t  — 0 .2 o w t  ~  0.23 o w t  — 0.3 I T W T  — 0.5
o w n  = 0.15 o w n  = 0 .2 o w n  =  0.23 o w n  =  0.3 o w n  = 0.5

Method <*D a / b A/B A/B A/B A/B
GPV 0 .0 1 1.333 1.417 1.533 1.722 1.879

0 .1 0 1.556 1.467 1.611 1.744 1.778
0.15 1.481 1.524 1.608 1.822 1.744

HSCI 0 .0 1 1 .2 0 0 1.417 1.600 1.556 1.697
0 .1 0 1.333 1.467 1.590 1.641 1.611
0.15 1.333 1.422 1.630 1.689 1.590
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T a b le  11. R atio  of estim ated sam ple size requirem ents of Design A 
________ to Design B of the test procedure G P V  for PB E________

S = 0.05
o w t  = own  =  0.15 o w t  = o w n  =  0.23

o b t  =  0.15 o b t  = 0.3 o b t  =  0.23 o b t  ~  0.46
o b r  =  0.15 o b r  — 0.3 o b r  =  0.23 o b r  — 0.46

Method P A/B A/B A/B A/B
GPV 0.90 1 .2 0 0 1.467 1.048 1.467

0.95 1 .2 0 0 1.833 1 .2 2 2 1.833
o w t  — 0.3, aw n  =  0.3 o w t  — 0.5, o w r  = 0.5
o b t  — 0.3 o b t  = 0 .6 o b t  = 0.5 o b t  =  1 .0
o b r  = 0.3 o b r  = 0 .6 o b r  — 0.5 o b r  — 1 0

Method P A/B A/B A/B A/B
GPV 0.90 1 .222 1.333 1 .1 1 1 1.333

0.95 1 .222 1.667 1 .2 2 2 1.667

M ost of the observations made in C hap ter 3 for 4-pcriod crossover designs can be 

applied here to 3-period crossovers, particularly  with respect to  Design B. For IBE, the 

num ber o f subjects rccpiircd for adequate power is roughly the  same for HSCI an d  GPV, as 

is the ease for 4-pcriod crossovers. A problem  with the HSCI is th a t  the 95% u p p er bound 

is discontinuous a t the changeover point from constant to  reference-scaling. C hapter 3 

gave an  exam ple where, when the strict form of the mixed-sealed criteria was applied to 

the H SCI, w hether the estim ate of a%VR was greater or less th a n  a \  effected th e  decision 

on IB E . B u t there was no effect on this decision when the G P V  was applied to  the  same 

exam ple. W hat was heuristically dem onstrated  in the previous chapter is now formalized 

in the following theorem , which is proved in the appendix.

T h e o r e m .  T he G P V  is continuous for IBE with respect to  s s w r . a t uo'q.

This con tinu ity  property  of the GPV gives a  testing procedure free of th e  necessity for 

ad hoc decision rules. Since it is not unlikely th a t an experim enter in terested  in the IBE 

of a  p ro d u c t would have prior knowledge on the m agnitude o f he m ay specify a

preference for the G PV  a priori when he feels th a t will be close to crfi. T h is  not only 

circum vents the continuity  issue, it also happens to be th e  p a r t o f the p aram ete r space 

where th e  G P V  has a  slight power advantage over the HSCI.

For P B E , the G P V  is clearly more powerful than  th e  HSCI, as it was for 4-period 

crossovers. T his advantage is manifest in  Table 9, where using the HSCI over the  GPV
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precipitates increases in the required sam ple size for adequate power to  conclude PB E  th a t  

range from 28% to  100%. The G PV is slightly anti-conservative, especially in Design B, 

b u t the worse of th is  occurs when the mean difference 8 is well ou tside of the acceptable 

range for average biocquivalcncc. T he G PV  seems to  increase in power as the ra tio  of 

th e  betwccn-subjcct to the w ithin-subjcct variances increase, a circum stance very likely 

to  occur in practice (this is part of the rationale for using crossover studies to assess 

biocquivalcncc). W hile the continuity argum ent above also ap p ear to apply, is it less 

likely to be of any im pact, since <rRrt = a \ R +  a 2VR is usually much larger than crfi.

T he last observation to  be made is th a t although Design B appears to  be preferable 

to  Design A for assessing the specific IBE and P B E  criteria cu rren tly  set forth by the  

FDA , it comes w ith  a  cost: the secondary param eters crp and <y2VT arc not identifiable. 

O u r approach to th is  problem treats all the variance com ponents and  even 8 as nuisance 

param eters. This reflects an a ttitu d e  th a t we arc only interested in  Q i b e  and Q p b e , 

a t  least as long as we arc able to conclude IBE and  PBE, respectively. But some of 

our •nuisance' param eters, or functions of these, have their own in trinsic interpretation. 

T h e  best example is 8, on which we focus when we assess average biocquivalcncc, the  

previous standard  for comparing bioavailability. Furtherm ore, the original discussions of 

IB E concentrated more on cr2n and r 2 =  o'w t / ^ w r  ( e-9-- Ekbohm an d  Mclandcr (1989)). 

T h e  former, the subjcct-form ulation interaction, is still considered very im portant by the  

FDA, and the general FDA guidance document on bioequivalcnce studies (2000) requests 

th a t  sponsors give the point estim ate of a o  in their d a ta  sum m ary. To address th is  

issue, we suggest th e  following two strategics. T he first is a  sensitivity analysis approach, 

which we will illu stra te  w ith a hypothetical exam ple. Suppose a  biocquivalcncc s tu d y  

w ith  Design B yielded param eter estim ates of a j  =  0.0835 and <y2VR =  0.0475. Table 12 

shows the ‘estim ated’ values of and  od  when r 2 =  *s allowed to vary over

a  likely range, here from  0.5 to 1.5 (tildes arc used instead  of hats for quantities th a t  are  

not directly  estim ated).
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T a b le  12. Sensitivity Analysis for d 2D and  d o  

 r 2 =  g Iv t !&wfi______

r 2 °D <*D

0.50 0.0360 0.1897

0.75 0.024125 0.1553

1 .0 0 0.012250 0.1107

1.25 0.000375 0.019365

1.50 -0.01150 ND

Here, we have a s tark  dem onstration of the tradeoff between param eters in the ag­

gregate IBE criterion. W hen r~ is low, d p  is relatively high, and vice-versa. In  the former 

ease, th e  proportion of subjects whose individual biocquivalcncc ratios (i.e., H ijr /H ji i )  arc 

outside of the rauge (0.8,1.25) may cause some concern (it is about 14% when <xp — 0-15), 

but th e  new formulation has considerably less intra-subject variation. In th e  la tte r ease, 

a m odest increase in intra-subject variation coincides w ith  a  negligible level of subjcct- 

form ulation interaction. In  some eases, we might let r 2 grow as large as 2, b u t it appears 

to be sensible to stop, as we did here, when the value o f d 2D becomes negative, since the 

value o f d p  is not defined (n .6 ., negative estim ates of <j 2d arc not unusual in  IB E when 

the m ethod  of moments is used.)

T h e  second approach to  the non-idcntifiability of a n  is to  take a 2 — 0.5d2v f i , which 

estim ates ex2> +  a 2VT, as an  upper bound o f a 2D, which m ay in itself be sufficient to allay 

regula tory  concerns about subjcct-form ulation interaction. Using the  m cthylphenidate 

m eta-d a ta  as an example, we com puted this upper bound  on a p  to  be 0.0630. This 

suggests th a t proportion of subjects whose individual bioequivalence ra tios arc outside 

of the range (0.8,1.25) is very unlikely to  be greater th a n  0.1%. In th is case, the first 

approach docs not yield much more inform ation, since, even with r 2 as low as 0 .1 , the 

derived value of d p  is negative.

In  conclusion, we hope th a t this investigation has answered some critica l question 

concerning the use of 3-period crossover designs in assessing bioequivalence. T he poor 

perform ance of Design A should preclude it horn consideration as a  v iab le m ethod for
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assessing IBE an d  PBE. Design B provides a  highly efficient m eth o d  for assessing PBE 

and  IBE, bu t canno t be used to  estim ate secondary param eters th a t  m ay be of in terest to 

concerned parties. We recommend either a sensitiv ity  analysis o r a n  upper bound assess­

ment to account for the lack o f explicit estim ates of <j d  and o \VT. I t  is also recommended 

th a t the sponsor considering th e  m erits of Designs B versus a  4-pcriod  crossover design 

may want to consult with the FDA before im plem enting this design in their study.
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4 .6  A p p en d ix

4 .6 .1  P r o o f  o f  P ro p o s i t io n

P ro p o s i t io n .  T he method of m om ent estim ators o f the identifiable param eters in 

Design B arc the sam e as the unconstrained REML estim ates for these param eters.

F irst we prove th e  proposition for the  fixed param eters, MTtMRi the j ik i ’s, and linear 

functions of these param eters, such as S =  p-r — MR- C onsider the following linear model

We will show th a t H V  =  V H , where H  — X ( X r X ) ~ l X T  is the projection or hat m atrix  

(we can also define H  using a generalized inverse for X T X ) .  Puntancn and  Styan (1989) 

call this Zijskind's condition. First, we use the cstim ability  conditions from Section 4.2.1 

to elim inate 737-1 and  7 3 /22, i.e.. we define 7 3 7 7  and 73/22  as follows

E{y) = X (3 cov(y) =  V .

i r r i  = ~ 7 iT i -  7-rri

and

7 3 R 2  =  ~ 7 t R l  —  7 2 R 1  -  7 l R 2  ~  7 2 R 2  -  7 3 R I -

T he design m atrix  X  is
\

X  =  X 2 ®  l n 2

X 3 ® i „ 3 j

where l ni is a vector o f ones and the  X t ’s arc

( 1 0  1 0  0  0  0  0  0  > 

X i =  0 1 0 0 1 0 0 0 0

^ o i o o o i o o o y

( 0 1 0 0 0 0 1 0 0

X 2 =  1 0 0 1 0 0 0 0 0

y o i o o o o o i o y
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and

X 3 =

\

0 1 0 0 0 0 0 0 1

0 1 0 0 - 1 - 1 - 1 - 1 - 1

1 0 - 1 - 1 0 0 0 0 0

Now the covariance m atrix  for Design B is

where

V  =

V i  0 l ni 0  0

0  V o  0  I n ,  o

V 0  0  V 3 0  J

^ 2 . 2
a B T  a \ V T  a T R

V , = O T R  

\  & T R

+  a

<?t r

IV R ' B R

rB R B R +  cr\VR  /

B R +  cr,l VR
V o  = OTR

OTR

a B T ■ V \ V T

B R

(JT R

\  a ~BR (T T R a ~BR +  a \ V R

(

v 3 =
tb r +  OTi'\VR

° B R  

\  & T R

B R

2 , _ 2  
B R  "*■ V R

CTTR

(TTR

OTR

rb t  1- ° W T  /
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arc covariance m atrices for the respective sequences, th e  I , lt arc identity  m atrices an d  0 

is a  m atrix of zeroes. T he hat m atrix  is

H  =

(  —  h  ® J nin t

0

0

- 1 /3  , 
n 2

\

n 3 ' n 3

where J ni is a n ; x  n; matrix of l ’s. I t is now clear th a t  H V  =  V H ,  since V , has an  

identity  m atrix  on  the right side o f th e  Kroncckcr p ro d u c t and H ,  has an  identity m atrix  

on the left side o f the Kroncckcr product. Therefore, the  REML estim ates of the fixed 

effects equals th e  m ethod of mom ents (OLS) estim ates for Design B.

To prove th e  proposition for estim able functions of the variance com ponents (i.e ., 

a'T,cr:jt ,cr'rn,(T\vfi- and irj), we slightly modify the argum ent of Chinchilli and E sin h art 

(C&E. 1996). T h e  key condition here is th a t the covariance m atrices for each sequence 

A, =  c o v (Y tJ) a re  equal for all th ree sequences, w here Y tJ =  (Y i j n  Ytj fu  YijR2 )T  is th e  

vector of the individual responses. Since

A; =

17 B T  +  &\VT **TR 

oT r a BR  +  a WR

OTR ’BR

<JTR

a  B R

o \ r +  a }

\

W R  /

for i — 1,2,3, Design B meets th is condition (this ac tua lly  follows from  the sequcnce- 

balancc property  discussed above), so th a t wc can ap p ly  C&E’s subsequence argum ent. 

Now consider th e  following covariance m atrix  for the  sta tis tics  defined in Section 3.5.

0  ^

1 _2

Y tjT f

v a r Y i j R =

E i j R V

&BT &WT &TR

&TR a BR +  o a WR  0

0  0 ° \ V R  )

VVc now have a  covariance m atrix  in the  same form  as C&E equation (21), and so we 

follow their argum ent, constructing th e  usual sums o f squares cross p roducts m atrix  (C& E 

equation (23)), from  which wc apply  C&E equation (25) to get the REM L estim ates o f
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a T '  C T R >  a n < ^  a T R -  T he REM L estimate of a j  is a linear function  of these estim ates, and 

the REM L estim ate of cr^,R is derived from C&E equation (26). Therefore, the  REML 

estim ators th a t wc need for assessing Q j b e  and  0 p b e  arc equal to  the m ethod of moments 

estim ators.

4.6.2 P ro o f o f T heorem

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

T h e o re m . For the IBE param eter in Design B, GPV is continuous w ith  respect to

.ssu-ft a t uct'q.

First, consider the following generalized test variable (G T V )

/ SSVVR 2 \  , 3  SSVV'R 8[m ax  I — ,<7q ) +  —
T .( X ;x ,« ) =  '  2 t , u ' s

Note th a t T.(X\x,£)  is a  one-to-one transform ation of the G T V  is Section 3.5, and, along 

w ith the generalized extrem e region

Cx =  {X :T.(X;x,S)  <  1},

gives the sam e G PV  value as the procedure in Section 3.5. Note the T. is non-negative 

Wc now define the following functions

f{Zn-U[,U\vR,sswR) =T. (X:x,£)  x \{r.<i}{ZD-U i-U\vR,sswB.)

d >{  s s w r )  =  /  f { Z D , U [ , U \ v R - s s \ v R . ) d F { Z D - U i , U w R ) 

where Ls(xY) is the indicator function, which take the value 1 when X  € S an d  0 otherwise, 

and clF(*) is th e  probability measure w ith respect to the random  variables in  T«. Here 

} { Z o , U[. U w r ,  s s w r )  is a  measurable and  integrable function o f (Z d , U[, U \ v r )  for each 

ssu 'R  in th e  interval (a, 6) th a t contains i/crfi. Note th a t th e  definition o f 4>(s s w r ) is 

equivalent to  our definition o f the GPV.

We now assert th a t the  following conditions hold
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1. For (Z d ,U [ ,U w r ) £  *4, where .4 satisfies condition (16.9) o f Billingsley (1995, pg. 

2 1 1 ), f  {Z d -U[ ,U w  r , s s w  r ) is continuous in s s h 'r  a t va\.

2. There exist <) and g(*) such th a t  \ f{Zp ,  Uj, U w r ,  ssh--r)| <  9{ Z d ,U i ,U w r )  =  1 for 

(Z d , Ui, U w r)  6  -4 and [s s ik r  — U(To\ < d’, where S is independent of [Zp, Ui, U w r)  

and g {Z o ,U [,U w R )  =  1 is intcgrable.

T h e  continuity of (p{sswR) a t v a \  then follows from Theorem 16.8(i) of Billingsley (pg. 

212). Since 4>{s s w r ) is the G PV , th e  theorem above immediately follows.

Similar proofs can be applied to  GPV tests of IB E for both Design A and the  4-period 

crossover design in C hapter 3.
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Chapter 5

A T E ST  FO R  PO PU L A T IO N  BIO E Q U IV A L E N C E  F O R  

PH A R M A C O K IN E T IC  D A TA  FROM  2 x 2  C R O SSO V E R  D E SIG N S  

SU M M A RY

Wc propose a  tes t for assessing population biocquivalcncc in 2  x 2  crossover designs 

based on the generalized p-value (G PV ). We find th a t th e  GPV test for 2 x 2  crossovers is 

more powerful than  th e  FDA test, yielding adequate power in eases where the FDA m ay 

have a  false negative ra te  exceeding 50%.
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5.1 Introduction

Individual biocquivalcncc is im portan t in the assessm ent of new generic versions of 

drug products already on the market. T h e  most likely application  of PBE involves newly 

approved products (Chow, 1999), where it may be necessary to  show that the d ru g  product 

from large-scale batches intended for com m ercial distribution  are equivalent to  th e  product 

from the  small-scale batches used in clinical trials. Here it is assumed th a t  the vast 

m ajority o f the potential patien t population has yet to be exposed to this p roduc t.

As wc have seen in previous chapters, the assessment o f individual biocquivalcncc 

requires th a t  treatm ents be replicated w ith in  subjects so th a t  th e  biocquivalcncc criterion 

can be estim ated. The guidance docum ent is more ambiguous on the study design when 

the goal is to  assess PBE. Appendix F to  th e  FDA guidance docum ent, which details how 

to conduct the test for PBE, assumes th e  use of the sam e 2 x 4  crossover design that 

is recommended for assessing individual biocquivalcncc. B u t th e  2 x 2  crossover design 

that has long been the s tandard  for evaluating average biocquivalcncc can also be used to 

assess PB E . It is straightforw ard to ad ap t the  test in the guidance docum ent to  th e  2 x 2  

crossover design, but this test is very conservative for PBE, regardless of the s tu d y  design. 

This chap te r proposes an  alternative tes t for assessing P B E  for 2 x 2  crossover studies 

based on the generalized p-value (GPV) sim ilar to the ones wc proposed in  C hap ter 3 

for 4-pcriod crossover designs and C h ap ter 4 for 3-pcriod crossover designs. W c will also 

com pare th is test directly to  the FDA te s t methodology.

In  section 5.2, wc define the model, sum m ary statistics, an d  other details  th a t we 

will need to  construct tests for PBE. Section 5.3 contains th e  derivation o f  the  G PV 

and FDA tests, and provides an exam ple w ith actual bioequivalence data . Section 5.4 

uses sim ulation to evaluate and  to com pare the two tests for size and power. Section 5.5 

contains a  short discussion and  our conclusions.

5.2 Prelim inaries
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5.2 .1  The S ta tistica l M odel

T he linear model th a t  the FDA has adopted for assessing individual a n d  population bioe- 

quivalcncc (FDA 2001) is different from the sequcnce-period-treatm ent model used for 

assessing average biocquivalcncc (i.e., the equivalence of the trea tm en t m eans of two for­

m ulations) recom m ended by the previous statistica l guidance docum ent on  bioequivalcncc 

(FDA, 1992). T h e  observational model, taken from Chinchilli and E s in h a rt (1996), is given 

below.

Yijkl Mfc 7 ikl Hijk "t* ^ijkl i 1? . . . .  j  — 1, . * * , n{, k  — T , R', I =  1, * . .  , (]',

where YtJhi is the response from sub ject j  in sequence i to the Ith app lica tion  of trea tm ent 

k, and s is the num ber of sequences. T he param eters / i t  and firt are th e  population m eans 

for the test (T ) an d  the reference (R.) treatm ents, and  is the fixed effect corresponding 

to  the Ith application of treatm ent k  in sequence i .  For the 2 x 2  crossover study design 

wc have a =  2 and  <7 =  1. Following Chinchilli and Esinhart, wc im pose the cstim ability 

conditions 7 ^ 1  =  —■7 2 *.-1 , k  =  T, R  on  th e  7 i*i’s. Note th a t the sequence an d  period effects 

th a t arc often used to model d a ta  from 2 x 2  crossover studies arc linear com binations o f 

the  above 7 ’s, i.e., the  sequence effect is 7 i r i  +  7 i r l  and the period effect is 7 i r i  — 7 1  r i .

Since I =  1 for all observations, th e  random  betwcen-subjcct (r/yfc) an d  w ithin-subjcct 

{tijki) effects arc confounded w ith each other. T his is not a problem  for PB E , since the  

criteria  wc will be using only requires the  toted variance (from the ran d o m  effects 77̂ .  and  

eijki added together) for each form ulation. So we then  write the linear m odel as follows

Yijk =  Mfc +  7<* +  e./fc i  =  1 , . . . ,  2: j  =  1 nr, k  =  T ,R ;

Now it only rem ains to specify the d istribution of th e  vectors etj  =  [etjT ,  t i jf t}1 for each 

subject: they arc m utually independent bivariate norm al with zero m eans and  a variance 

m atrix  given by
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For convenience, wc define S = h t  — HR> since the fixed effect of prim ary interest is the 

trea tm en t difference. We also need the variance of the estim ate of the trea tm en t difference, 

which is a j = a ^ +  a \  — 2 o t r .

T he evaluation o f PB E  is based on the following param eter of interest

© p b e  =  '

.-■) •> •>0“ +  0 y  — a~R 2 2
  ------ -  when 0 % >  <75

<7

(reference-scaled criterion)

° T— —  when < CTq•>

(constant-scaled criterion)

T his param eter has been discussed previously. Since a \  and  a \  are estim ated  directly, 

rcparam ctcrization o f @p b e  is not an issue here as it was in C hapters 3 an d  4.

5.2 .2  Sum m ary S ta tistics

C onsider a biocquivalcncc study w ith  a 2 x 2 crossover design, w here each subject 

is trea ted  with bo th  the  test and reference formulations. As before, let Yijk denote the 

response of subject j  in sequence i to treatm ent k (k =  T, R).  In the s ta tis tica l model of 

Section 2.1, the param eters that arc needed to com pute th e  PB E criteria arc  hTj Hr> ° r ’ 

a-#, an d  <7t r -  Wc now define the following quantities.

D i j = Y i j T - Y ijft  =  D  = - l- \ Dl
n i  j = i  l

—  1 ”* _
Y i . k =  -  £  Yijk S S k =  E L l  Z ] L i (Y i j k  ~  Y i , k ) 2 k  =  T , R

1 j= i

S S T r  =  E f= i  E i = i ( ^ r  -  Y i .T)(YijR -  F ,-.r) B  =  ^

S S r \t  =  S S R -  557 =  E ? = i E " i i ( A y - A ) 2

5 =  HT ~  H R  =  ° t  +  ° r  ~  2 0 t r

ft _  n 2 _  _2 _  ° T R  _  _2 _  <o2 2
P — 2 R \T  ~ a R o ~  R  P  T7<y*

u — ny + n2 ~  2
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It is easily seen th a t the s ta tis tics  D, S S t , S S r , S S r \t , and B  arc associated w ith the 

following pivotal quantities w ith  known distributions as indicated.

The collection o f random  variables Z d ,U t ,  U r \ t ,Z b  arc m utually  independent. Note 

th a t, the quan tities B  and S S r \t  arc, respectively, the linear regression coefficient and the 

residual sum  o f squares from the  regression of Y , j r  on Yiyr-

5.3 G eneralized  Test Variable and G P V  for PB E

We first define the following: let X  = (D , B ,  S S t ,  S S r \ t )  be a vector o f random 

quantities, let. x  = {d, b, s s t ,  be the observed values of X , and let £ =  (Q p b e ,  C)>

where B p  r e  **s our param eter of interest and £ = (S. 8 , rr'f, is a  vector o f nuisance

param eters. T h e  generalized test variable (GTV) for the PB E crite ria  is

The observed values d, ssr ,  s » r \ t ,  b ° f  D , S S t ,  S S r \ t ,  B ,  respectively, arc regarded as fixed 

constants. N ote th a t T ( X ; x , £ )  is distributed free of nuisance param eters, an d  that 

T ( x ; x ,£ )  =  & p b e -  Also note th a t T ( X ; x , £ )  increases as Q p b e  increases. Therefore, 

the test function T ( X ;  x .  £) we have defined has the  required properties set fo rth  by Tsui 

and YVccrahandi (1989). T he generalized p-value for testing

T (X ;x ,0  =
( d - Z D^ E ) 2 + S- g . - T R

m a x { T R, ol)

where
2

S S R\T
U r \t

and

H q : Q p b e  >  9p  versus H a : Q p b e  <  9p
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is given by P r ( T { X ; x ,£ )  > Op \Q p b e  =  dp). This probability can be easily com puted 

using M onte Carlo integration.

In the example and  sim ulation stud ies, wc will com pare this G PV  te s t w ith the tes t 

recom m ended in the FDA guidance docum ent (2001). T his test is ad ap ted  from the test 

for individual biocquivalcncc derived by Hyslop, Hsuan, and Holder (2000). Since it is 

based on a confidence interval construct according to the methodology o f Howe (1974), wc 

call it the Howe-type sm all sample confidence interval (HSCI). Note th a t Howe developed 

his m ethod for a linear com bination of independent random  variables. Since the  derivation 

of the  test for PBE in the FDA guidance docum ent is for da ta  from a four-period design, 

we m ust adapt the HSCI test to a 2-pcriod design. Using the  same n o tation  as above (i.e., 

lower ease for the observed values of random  quantities), the FDA (H SCI) 95% upper 

bound for the reference-scaled criterion is

d2 +  ^  -  (i + 9 P ) ^  +  + +

For the  constant-scaled criterion the H SCI upper bound is

#  +  aJ L  _  _  aZ0p +  j u l  +  H ' + H l c .

T h e quantities in the variance part of these  expressions are

Hn = f|d| -f tu%0 .0 5  Jcsj') — dr Hr = ssr  ( - j -—

H r r  — s.s/e(l +  9 p )  | ------------- J H r c  — s s r  ( 2~------ J
\ X t , 0.95 UJ \Xt,0.9o u J

where 0 .0 5  and xl,-, arc the  tabled values of the t and x 2 distributions, respectively, and

s 2 is the  sample variance o f the estim ate of the trea tm ent difference S com puted in th e

usual way. Because of the  linearization o f the  test criteria, the HSCI te s t concludes P B E  

if th e  calculated upper boim d is less th a n  0. See Hyslop et al. (2000) or th e  FDA guidance 

docum ent (2 0 0 1 ) for details on the linearized test criteria  and how the  hypothesis test is 

modified.
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5.3.1 Example

Chow and L iu  (2000, pp. 71 ffl give data  from  a  biocquivalcncc study  w ith a 2 x  2 

crossover design. Twenty-four (24) subjects were given 250 mg o f an  unspecified drug  

cither in the form  o f five 50 mg tablets (T) or a 5mL ora l suspension (R ). The pharm acoki­

netic param eter under consideration is AU C0- 32, th e  area under th e  concentration-tim e 

curve from trea tm en t adm instration to Hour 32. T h e  following sum m ary  statistics were 

com puted using th e  m ethod of moments:

d  =  —0.02865 s s y  — 1.67730 s s r  =  1.66503

b =  0.50815 s s R{T =  1.23191 s2r =  0.074441 v  =  22.

Since s s r / u  >  0.04, wc use the reference-scaled criterion . The linearized criterion (Hyslop 

et a/.. 2000) has a  po in t estimate of —0.13067, and th e  HSCI 95% up p er bound is —0.03634, 

which is less th a n  0, so wc conclude PBE. The po in t estim ate of Q p b e  is 0.01827, and 

the GPV, based 011 50000 Monte Carlo points, is p =  0.00376, which is less than  a  =  0.05, 

so wc again conclude PBE. Here the G PV  and HSCI tests agree in th e ir conclusions, bu t 

we have previously seen examples where the G PV  tes t concluded P B E , while the HSCI

test did not. G iven th a t out simulations show the H SC I to be very conservative, there are

some concerns a b o u t the false negative rate of th is test. This issue is addressed fu rther 

below.

5.4  S im u lation  S tu d y

A sim ulation s tu d y  was conducted to compare th e  G PV  m ethod to  the  FDA m ethod  

for population biocquivalcncc. The m ethods were exam ined for th e ir  ability to  m ain tain  

the nominal typc-I error rate and for their power to  reject the null hypothesis of non- 

biocquivalcnce w hen the  alternative hypothesis o f biocquivalcncc is actually true. To 

estim ate the sizes o f the  two tests, we chose the values o f the nuisance param eters so th a t  

Op =  1.7448, th e  boundary  of the null hypothesis. For evaluating th e  power of the test, 

sim ulation p aram eters  were chosen based on the pow er tables given in  the  appendix o f the 

FDA guidance docum ent (2001). T he value of <Tq =  0.04 was used for changeover po in t
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from the  constant to the reference-scaled criterion . The q u an tity  n  in the tables represent 

the num ber o f subjects per sequence. The covariance param eters in these sim ulations were 

defined term s of the param eters from the orig inal Chinchilli and  Esinhart m odel (1996), 

a BT■ R• a i v r • r f v r ’ ancl Pa bt&BRi where a  subscripted B  signifies a bctween-subjcct 

effect arising from rjijk, a  subscripted W  signifies a  w ithin-subjcct effect arising from 

and p is the  correlation coefficient of the relationship  between r? ,y r  and t ^ r  (in our model, 

p is the correlation between and c ^ r .  In  th e  notation o f th is paper, =  cr^T + <t%v t , 

a \  — Oqh  +  and arm  — p ^ b t ^ b r -  T h is  notational convention should facilitate

com parisons to results from investigation exam ining PBE tests  in other designs, such as 

C hapter 3, although it causes some cases to  be repeated in T able la. Five thousand  (5000) 

sim ulated d a ta  sets were generated for each param eter com bination. GPVs were estim ated 

based on 10000 Monte C arlo runs. All tests were done a t th e  nominal a  =  0.05 level. All 

sim ulations were done using SAS® Version 8.2 for Windows. T he results arc sum m arized 

below.

Tables l a  and lb  show simulation results com paring th e  respective sizes o f the  two 

tests. Here, correlations of p  =  0.8 and p =  0.9 are exam ined. T h e  reasoning for exam ining 

cases w ith  such seemingly high correlation is th a t, the responses within a  sub ject to 

different formulations of th e  same drug arc still likely to have a  strong degree of correlation 

even if the  formulations arc only borderline bioequivalcnt.
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Table la . Estimated sizes of the test procedures HSCI and GPV for PBE for

2  scqucncc / 2  period designs (S /  0 )

S =  0.2642 S = 0.2954 6 =  0.3736
a b t = 0.1, o r r  =  0.1 o b t  =  0.2, o b r  — 0.2 o b t =  0.2, o b r  — 0.2
OWT =  O.l.ffie/r =  0.1 OWT =  0.1,C7vv/l =  0.1 o w t =  0.2, o w  r  — 0.2

n P HSCI GPV HSCI GPV HSCI GPV
8 0.8 0.0338 0.0552 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
5 =  0.5907 <5 =  0.5604 6 =  0.8861

OBT =  0.4, o b r  — 0.4 o b t  — 0.3,£7b/i =  0.3 o b t =  0.6, o r r  =  0.6
o w t — 0.2, o\y r  =  0.2 o w t  — 0.3, o w r  — 0.3 o w t =  0.3, o w r  — 0.3

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 0.0582
12 0.8 0.0220 0.0612 0.0340 0.0648 0.0214 0.0548

0.9 0.0162 0.0550 0.0322 0.0652 0.0192 0.0606
16 o.s 0.0240 0.0582 0.0372 0.0648 0.0224 0.0596

0.9 0.0168 0.0572 0.0334 0.0610 0.0214 0.0642
6 =  0.2954 6 =  0.5907

o b t  = 0.2, oBn = 0.1732 o b t  =  0.1732, o r r  — 0.2 o b t  = 0.3873, o r r  = 0.4
o w t  = 0.1, <7 WR = 0.1414 o w t  =  0.1414, o w r  =  0.1 o w t  = 0.2236, o w r  — 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
5 — 0.5907 6 = 0.8861

o b t  = 0.4, o r r  =  0.3873 o b t  = 0.6, o br  =  0.5 OBT =  0.5, o r r  =  0.6
o w t  = 0.2, o w r  — 0.2236 o w t  — 0.3, o w r  — 0.4472 o w t  = 0.4472, o w r  =  0.3

n P HSCI GPV HSCI GPV HSCI GPV
8 0.8 0.0178 0.0562 0.0196 0.0628 0.0188 0.0534

0.9 0.0164 0.0580 0.0150 0.0610 0.0268 0.0578
12 0.8 0.0258 0.0628 0.0260 0.0560 0.0296 0.0582

0.9 0.0186 0.0590 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 0.0550 0.0330 0.0632 0.0298 0.0620
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Table lb .  Estimated sizes of the test procedures HSCI and GPV for 2 se-
quencc/2 period design (6 =  0) for PBE

o b t  =  0.2825, can =  0.1 
(t \v t  — 0.1,<7w/i = 0.1

a B T  = 0.3567,io b r  — 0.2 
o w t  = 0.1, a w n  = 0.1

o b t  = 0.4238, o b r  = 0.2 
o w t  = 0.2, o w r  — 0.2

n P 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 0.0528
ubt  — 0.7134, obr =  0.4 a bt  = 0.6357, obr — 0.3 o b t  = 1.0701, o r r  — 0.6

a w t  —0.2, a w n  = 0.2 O W T  = 0.3, o w n  — 0.3 O W T  = 0.3, o w r  — 0.3
n P HSCI GPV HSCI GPV HSCI GPV
8 0.8 0.0082 0.0506 0.0230 0.0592 0.0078 0.0548

0.9 0.005S 0.0580 0.0142 0.0526 0.0052 0.0522
12 0.8 0.0110 0.0506 0.0226 0.0558 0.0066 0.0458

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 0.0516 0.0164 0.0544 0.0052 0.0490

In most cases, the  HSCI is far m ore conservative th an  G PV . T he G P V  m ethod shows 

a  tendency to be som ew hat anti-conservative, b u t none of observed tcst-lcvels exceeds 0.08. 

T h e  GPV appears to  be most anti-conservative under the  following two circumstances: 

( 1 ) when S exceeds log( 1.25), th e  lim it for average biocquivalcncc, and  (2) when =  

v 'b r  + Ow r  *s close to Oq =  0.04. In  regard to the first case, the  FDA guidance docum ent 

requires some form of average biocquivalcncc in order to conclude PB E, so the  slight anti- 

conservatism of th e  G PV  when |<i| >  log( 1.25) is not likely to  have m uch of a practical 

im pact. As for th e  second case, sim ilar behavior was observed in the  previous chapters 

for the G PV  w hen testing bo th  individual and  population biocquivalcncc for 4-period 

crossover designs. T he levels for individual biocquivalcncc, though slightly  inflated, were 

sim ilar to the levels for the HSCI when the •play-thc-winncr' rule (FDA, 2 0 0 1 ) was applied. 

As for the HSCI, the  observed sizes are quite low for a test th a t  is advertised  as having a 

level of a  =  0.05, w ith  the estim ated  size of the test going below a  =  0.01 (i.e., 5 times 

sm aller than  the  nom inal level) in the m ost extrem e cases. G iven how conservative th is 

tes t appears to  be, wc expect its  power to  be adversely effected.

Table 2 sum m arizes the sim ulation  results for the power o f the  two te s ts . I t shows the  

sm allest n  for w hich a  particu lar te s t achieves 80% power an d  the  ac tu a l estim ate of the

R eproduced  with permission of the copyright owner. Further reproduction prohibited without permission.



114

power for th a t  test at tha t point. Here correlations of p =  0.9 ancl p  =  0.95 are exam ined. 

These values were deemed reasonable for exam ining power because formulations th a t  arc 

bioocpiivalcnt should exhibit a  very high degree of correlation.

T a b le  2. Sample size com parisons and  estim ated  power for PB E of the  test

procedures HSCI and GPV for 2 scquencc/2 period designs

6  = 0.05
£T\VT = 0.15, own = 0.15 a w r = 0.23, a w n = 0.23
<TBT = 0.15 a s r =  0.3 o b t = 0.23 <Jb t =  0.46
o b r = 0.15 O B R =  0.3 OBR = 0.23 a B R = 0.46

Method P n Power n Power n Power n Power
HSCI 0.90 12 0.826 13 0.836 15 0.819 12 0.808

0.95 11 0.802 12 0.805 14 0.801 12 0.815
GPV 0.90 9 0.837 8 0.837 12 0.823 8 0.832

0.95 8 0.807 7 0.826 12 0.819 7 0.819
= 0.3, a i v n = 0.3 a w T  = 0.5, a w n = 0.5

C B T = 0.3 O B T =  0 .6 o b t = 0.5 o b t = 1 .0

OBR = 0.3 OBR =  0 .6 o b r = 0.5 o b r = 1 .0
Method P n Power n Power n Power n Power

HSCI 0.90 15 0.823 12 0.805 14 0.806 12 0.815
0.95 15 0.839 12 0.831 15 0.844 12 0.825

GPV 0.90 12 0.823 8 0.830 11 0.801 8 0.834
0.95 12 0.828 7 0.819 11 0.805 7 0.813

Table 2 shows how th a t G PV  has sm aller sam ple size rccpiircmcnts than  th e  HSCI 

across th e  board . The increase in the sam ple size requirem ent for the HSCI over th e  G PV  

is always a t  least 16.67%, and, in some eases, is as much as 71%. It is worth n o ting  th a t, 

in some extrem e eases, when G PV  has an  adequate  sample size required to  yield 80% 

power, th e  T ype II error ra te  of the HSCI exceeds 50%.

5.5 D iscu ssion

T he FD A  (HSCI) test assum es th a t Y ijt  an d  Yijn  are independent, despite th e  fact 

th a t s ta tis tica l model th a t includes a  covariance te rm  o t r - We feel th a t the independence 

assum ption  has a  detrim ental effect on the pow er of the  HSCI test, since this te s t does well 

for ind iv idual biocquivalcncc, where the random  variables involved are independent. O n 

the o ther, th e  G PV  test is able to  account for th e  intra-subject dependence of th e  responses 

to different formulations. We feel th a t this is why the  G PV  test has b e tte r power th a n  the
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HSCI for PBE. T h e  simulations only examined situations where the correlation coefficient 

p  is high (0.8—0.95), even when assessing the size of th e  test (i.e., on the  border of th e  null 

hypothesis). In  ou r experience w ith  bioequivalencc d a ta , wc have found it not unusual to  

have estimates o f p (using the m ethod  of moments) larger than 1 . Even in cases where 

the evidence for individual and population  bioequivalencc did not ap p ear to be overly 

convincing, wc have observed p close to  0.9. Further support for using high levels of p  comes 

from Gould (2000), who considered 15 da ta  sets from 3 and 4-pcriod studies. These d a ta  

sets arc available a t the FDA bioequivalencc website (w w w .fda.gov/cdcr/biocquivdata). 

In these data  sets 11/15 had p >  0.8, and 14/15 had p >  0.7. Therefore, wc feel justified  

in using what inay appear to be som ew hat large values of p in our sim ulations.

The anti-conservative tendencies of the GPV test is most pronounced in two cases. 

The first is where |d| (the difference o f the means) is g reater than log(l.'2o). In these cases, 

the conclusion o f bioequivalencc would not be m ade unless, at the very least, the point 

estim ate 8 was in the  range for average biocquivalcnce (i.e., 8 £  (—log( 1.25),log(l .25))). 

T he practical significance of the anti-conscrvativcness o f the GPV m ay be a ttenua ted  by 

this. The second condition under which the GPV is m ost anti-conservative is when cr2R 

is close to the changeover value for switching from th e  constant to  th e  reference-scaled 

criterion. But observed values of a \  arc not likely to  be very common. To see why, 

consider that th e  to ta l variation is ct2r  =  a 2BR +  cr2VR. T he estimate of th e  param eter a 2VR 

is often itself g rea ter than <Tq =  0.04. And crBR is usually just as large as, if not m uch 

larger than, cr2VR. Therefore, only products with very low total variation are likely to  the  

affected by the increased anti-conservatism  of the G PV  test when crR is close to 0.04.

One advantage of the GPV over the HSCI for b o th  individual and  population bioe­

quivalencc is th a t  the GPV is continuous at the changeover point from th e  constant-scaled 

to  the reference-scaled criterion. T h a t  docs not ap p ear to be as great of an  issue w ith  

respect to PB E, since the com parator value for PB E criteria, a 2R = cr%R +cr2VR, tends to  be 

much larger (for reason cited above) th a n  the com parator for the individual bioequivalence 

criteria afVR. A nother possible advantage of the G P V  is that it provides w hat could be 

interpreted as s tren g th  as evidence for a particular conclusion. Such an  assessment w ith
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the HSCI m ay be difficult, if not impossible in some eases, e.g., if one has a  publication 

tha t only gives the HSCI u pper bound. C h ap te r 3 contains an  extensive discussion of 

some of the  advantages of the GPV over the  HSCI.

In conclusion, GPV is clearly more powerful than  th e  HSCI in conditions th a t are 

very likely to occur in testing for PBE, i.e., high correlation o f intra-subject responses 

and the ra tio  o f bctwccn-formulation to w ithin-form ulation variances being g rea te r than 

one. T he slight anti-conscrvativencss of the G P V  m ethod is likely to be a tten u a ted  by the 

regulatory requirem ent th a t all test formulations show a t least average BE w ith  respect to 

reference form ulations. In  any ease, wc feel th a t  our sim ulation studies provide sufficient 

evidence th a t  using the FDA (HSCI) test for P B E  can resu lt in excessive false negative 

(Type II error) rates.
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Chapter 6

T H E  E F FIC IE N C Y  OF D E S IG N S  FOR A SSE SSIN G  IN D IV ID U A L  A N D  

P O P U L A T IO N  BIO EQ UIVA LENC E

S U M M A R Y

T h e  FDA criteria for individual bioequivalencc require crossover designs w ith more th an  

2 treatm ent periods. While 4-pcriod designs provide more inform ation abou t variance 

param eters, certain 3-pcriod designs may be used. Wc compare th e  4-pcriod and 3- 

pcriod  designs (2S4P and 2S3P, respectively) from the new FDA guidance docum ent on 

bioequivalencc with each other and w ith  an alternative 3-period design (3S3P) using b o th  

asym pto tic and em pirical m ethods. T h e  2S3P design is inefficient com pared to  the o ther 

2 designs w ith respect to  the num ber o f  ‘doses’ or ‘adm inistrations’. T h e  3S3P design has 

a  m odest advantage in efficiency over th e  2S4P design for much of th e  param eter space. 

T h e  disadvantage of the 3S3P design is th a t some of the secondary variance param eters 

a rc  non-idcntifiable. An investigator should carefully weigh the pros an d  cons of b o th  

designs when choosing between the 2S4P and 3S3P designs.

Extending our m ethods to popu lation  bioequivalencc, wc found th e  standard  2 x  

2  crossover already in wide use for evaluating average bioequivalencc is also the m ost 

efficient, in terms of ‘doses’, for assessing population bioequivalencc.
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6.1 Introduction

Since the absorp tion  of a drug product tends to be highly variable from  individual to 

individual, crossover studies with a  single dose per trea tm en t period are  th e  overwhelm­

ingly preferred instrum ent for assessing bioequivalencc. T h e  evaluation o f individual bioc- 

quivalcncc requires using a study design in which treatm ents arc replicated w ith in  subjects. 

Therefore, instead of th e  standard  2 x 2  (i.e. two sequence/tw o period) design th a t has 

been the standard  for evaluating average bioequivalencc, th ree and four-period crossover 

designs are used to  assess individual bioequivalencc, w ith  four-period designs being highly 

recommended by the FDA.

Obviously, com plications th a t ham per the conduct and  analysis of crossover studies 

are more likely to  occur in a  four-period study  than in a  two-period study . Chief among 

these is th a t subjects in a  longer study  are more likely to miss trea tm ent periods, or even to 

discontinue from the s tudy  entirely. Therefore, an investigator m ust w eight m any factors 

when choosing a  stu d y  design for assessing individual bioequivalencc. O ne im portan t fac­

tor is the relative efficiency of the candidate study designs th a t  may be used for individual 

bioequivalencc. T his investigation has been initiated to  exam ine the relatively efficiency 

of the  designs designated by the FDA, as well as another design th a t has appeared  in the 

statis tica l literature. T h e  designs will be compared for efficiency using b o th  large-sample 

and small-sample m ethods, the former using asym ptotic variances com puted  by the delta 

m ethod (Lehmann and  Casclla, 1998), the la tter based on  power calculations derived from 

sim ulations.

6.2 M ethods

T h e statistical m odel in  this investigation is the sam e as th a t recom m ended by the 

FDA guidance (2001) for assessing population and individual bioequivalencc, which was 

originally proposed for experim ents assessing in tra-subject variability  by Chinchilli and 

E sinhart (1996). I t is as follows

Yijkl ~  f^k b  “fikt "b Vijk "b Cyfci i =  1 , . . . ,  s; j  =  1 , . . . ,  rq ; k  =  T , R', I =  l,<7ti

R eproduced  with permission of the copyright owner. Further reproduction prohibited without permission.



119

where Y i j k i  is the log-transformed response from  subject j  in  sequence i  to th e  I th  applica­

tion o f trea tm en t k, s  is the  num ber of sequences, and 7 , is th e  num ber of tim es trea tm en t 

k  appears in a  particular sequence. The param eters h t  and h r  arc the population  means 

of the trea tm ents, which here are the test (T ) and reference (R ) formulations o f a  par­

ticular d ru g  product, and 7 is the fixed effect corresponding to  the Ith app lica tion  of 

trea tm en t k  in sequence i. T h e  following cstim ability  conditions are imposed on th e  7 ,-*;

■1 <7i
'52^2 'Y ik l  = 0  for k  =  T ,R.
1=1 (=1

Furtherm ore, rjijk  is the random  effect of su b jec t j  in sequence i  when receiving trea tm ent 

k, and represents the w ithin-subjcct random  error. T h e  random  variables e,jki arc 

jointly independent and d istribu ted  norm ally w ith mean 0 and  variance c 2Vk (k  =  R ,T ) ,  

and the  vectors =  [/?;_,r -  Hijr}' are m utually  independent bivariatc norm al w ith  zero

means and  a covariance m atrix  given by

CTs r  P ° b t o b r

pcTRT^BR &BR

Finally, {17^} and are m utually independent. For convenience, we also define

S =  h t  — HR, and a2D =  cr^j- + a 2BR — 2pcrer^BR-  The la tte r quan tity  has becom e known 

as the subjcct-form ulation interaction [1 2 ], an d  is especially im portan t in th e  assessm ent 

of individual bioequivalencc [13].

T h e  m odel above assum es th a t no residual effect of previous treatm ent periods (i.e., 

carryover) is present. This assum ption will be carried throughout the exposition  th a t 

follows.

T h e  param eter of interest for individual bioequivalencc is

_  d~2 a W T  ~  a \VR
k )  I  B E  , o 2\m a x { c r ^ R, £Tq)

where S is the difference between form ulation means, cr2D is the subject-form ulation 

in teraction mentioned above, an d  a 2VT a n d  <t2v r  are the  w ithin-subject variances for
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test and reference formulations, respectively. T he reference-scaled criterion  for individual 

bioequivalencc is to  be applied when a 2vB is greater th an  a  FDA specified threshold value 

erg. O therwise, the  constant-scaled criterion is to be used, w ith a  possible exception m ade 

for drugs w ith narrow  therapeutic windows, for which wc may set erg =  0. At present, the 

FDA recom m ended value for aq is 0.04. Individual bioequivalencc is concluded if it can 

be dem onstrated  th a t 0 ib e  <  Wc arc assum ing a  value of 2.4948 for #/, the top  of 

the range of values recommended by the FDA. Since the  estim ate o f <t2d has a s ta tis tica l 

distribution th a t  is somewhat intractable, following rcparam ctrization  will be used for 

sequence-balanced (defined below) designs

„  _  S2 -r erf + ci(j2v r  —
max{cr'iVR, erg)

Here crj =  cr2D +  (1 -  +  (c2 -  l)«r?rR , (n .6 ., a]  =  V a r { Y ijT. -  Y ijR.)), an d  ci

and co arc design-dependent constants.

In the s tan d a rd  2 x 2  crossover design that is w idely used for th e  evaluation of average 

bioequivalencc. th e  param eters o 2D, a 2VT, and a 2vR are  non-idcntifiablc. Therefore, designs 

with trea tm ent replication arc needed to assess individual bioequivalencc. The design 

preferred by th e  FDA (2001) is the following 2 -scqucncc. 4-pcriod (2S4P) design

Sequence 1 T  R T  R 

Sequence 2 R T  R  T.

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

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

Sequence 1 T  R  T  

Sequence 2 R  T  R.

Chow an d  Liu (2000) note th a t th is design is a  tru n ca ted  version (last period om itted) 

of the FDA’s 4-period design.

R eproduced  with permission of the copyright owner. Further reproduction prohibited without permission.



121

T he last design we will consider is another 3-pcriod design (3S3P) used by Hyslop 

and  Iglcwicz (2001)

Sequence 1 T R R

Sequence 2 R T R

Sequence 3 R R T.

T he 2S4P and  2S3P designs feature w ith in-subjcct replication of b o th  the reference 

(R) and test (T) treatm ents. The 3S3P design has replicates of only th e  reference tre a t­

m ent. The design param eter c\ =  0 in the a lternative  param eterization of 0 / a c ,  so it 

is not necessary (or possible) to estim ate (t2v t . T his design is called an  extra-reference 

design. A sim ilar cxtra-rcfcrcncc design, using the first 2 sequences of the 3S3P design, 

was used by bo th  Chow, Shao, and Wang (2002), and  W ang (1999) to  assess individual 

bioequivalencc. Since the absence of the test form ulation in the th ird  treatm ent period 

may bias the evaluation of some clinical param eters (e.g.. adverse drug  reactions) against 

the reference form ulation, we prefer the 3-scqucncc cxtra-rcfcrcncc design.

T he 2S4P and  3S3P designs arc uniform within sequence (Chinchilli and Esinhart, 

1996), i.e., each trea tm en t appears the same num ber of times in each sequence. Two 

useful properties o f such designs are (1) The sam e inform ation is ex tracted  from each se­

quence for each param eter, and (2 ) the least squares (for fixed param eters) and m ethod of 

mom ents (for variance parameters) estim ates are th e  sam e as the unconstrained REM L es­

tim ates (Chinchilli an d  Esinhart, 1996). In  th is paper, we use the term  sequence-balanced 

synonymously w ith  uniform within sequence. Here ‘balance’ does not necessarily im­

ply  th a t each sequence has the same num ber of subjects. Since the 2S3P design is not 

sequence-balanced, we must define a  slighly different param eterization for the individual 

bioequivalencc param eter.

S2 +  u n c r '^  - r  w 2 (T2n  4 - W i ^ 1 - 4 -  -  2 ^  o $ V R

max((TflrR, <7g)
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G^ G^
Here a 2n  — <j2d H— 1- ~  +  <j2v r , u 22 — a 2D + cr2VT H— and uiL an d  are weights 

th a t  add to 1. T hese weights can be based on the num ber of subjects in  each sequence, 

as in Hyslop and Iglcwicz (2001), or sim ply w\ — u/2  =  0.5, as in Chow et al. (2002), or 

determ ined in some o ther way. Since th e  exposition th a t  follows assumes an  equal num ber 

of subjects in bo th  sequences, wc have =  u/2 =  0.5 by either of the c ited  references.

All param eters in the individual bioequivalencc criteria arc estim ated  using the 

m ethod of moments, in accordance w ith FDA guidelines (2001). For sequence-balanced 

designs, The param eter ® i b e  is a  function of the param eters S, a 2, a 2VT, and For

the 2S4P design these param eters are estim ated, respectively, by the following independent 

random  variables
, .1 n

\2
D =  ; S >  £ « « - » < > ’

i =L '  i = l  j — I

where

=  s i n ^ T )  S*WBi =  -  U iRf

n  -  Y ljT l  *  Y‘i T2 ~  Yli Rl ~  77 _  1 v  nu t J --------------------------------------------  Uii
j= i

r r  , Y ‘JT l ~  Y UT2 rr Yijfil -  YijR2
-  ^ -------

V‘r = ; £ ' ' * r  Um = ± £ , U ljR.
j= I 1=1

Slight modifications arc made to derive the  m ethod o f moments estim ators for the o th er

designs. Then for a  sequence-balanced design under the above m odel w ith the sam e

num ber of subjects in  each sequence, the  covariance m atrix  for the  estim ates of these

param eters is

V  =  Diag ( — 2l7'  , J z k z _ ,  .
\ s n ' s (n  — 1) s(n — 1) s(n — 1 )/

T h en  we compute th e  vector of first p a rtia l derivatives of Q i b e  w ith  respect to its con­

s titu en t parts

_t _  (  2d 1 ci —{S2 +  a2 +  cia%VT) \
® I *2 2 2  4 I\  o WR crWR a WR a WR /
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for rcfcrcnce-scalcd 0 / b e , and

t _  (  2 6  1  c i  - c -2 \

(I — I 2 •» > ■> I
\  ° 0  a0 <70 /

for constant-scaled 0 /b e -  By the delta  m ethod (see L ehm ann and Casclla, 1998), the 

asym ptotic variances are then  AVar{& iBE) — alV a .  S ince the 2S3P design is not 

scqucncc-balanccd, slight modifications m ust be made to  th e  covariance m atrix  and the 

vector a in order to com pute the asym ptotic variance o f 0 / b e -  T he covariance m atrix  is 

then

V  = D iag  ^ ° ’/2  2 a w r  2o» '/A
n ’ n  — l ’ n — l ’ n  — l ’ n  — \ )

T he vector a for rcfcrcnce-scalcd criterion is 

a1 =  | 26 1 1
( ,-2 , °7 i +  an  , ° f r r N\ \

- {>  T 2 T ~  J
it'/? n J° \V R  2(TW r  4o U ' f t  'J \VR

and for the constant-scaled criterion a is

at = (  _ L  _L  _L  z l \
V 0̂ 2oo 2ao 4oo 4cro J ’

Note th a t for the 2S3P design, there arc two param eters, crjl and  er̂ 2, for the  variance of 

the estim ated mean difference between th e  formulations, one for each sequence.

The relative efficiency of design x  to  design y  is then

A R E  =  A V a r (®[BE x ) '
A V a r { Q [ B E y )

Since wc are dealing w ith  asym ptotic variances, it seems ap p ro p ria te  to call th is  quantity  

the asym ptotic relative efficiency (ARE) of the  designs in  question, although th is  term  is 

usually associated w ith  comparisons of estim ators ra ther th a n  w ith  designs. Separate com­

parisons are made for th e  reference and constant-scaled c rite ria  for each p a ir o f  designs. 

W ith  the relatively sm all sam ple sizes th a t  arc typically used in bioequivalence studies, the 

asym ptotic variance m ay not be very close to the ac tua l variance of the estim ate  0 / b e -  

T he purpose of com puting AVar(Q [B E ) is to assess qualita tively  the relative efficiency of 

each pair. T he asym ptotic calculation m ay also give a  feel for w hat factors a re  likely to
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effect relative efficiency, so th a t the  qualitative results from the large sam ple calculations 

m ay be useful when wc do the sm all sam ple evaluations of relative efficiency. The asym p­

to tic  comparison also gives us a  quick way of assessing the relative efficiency of designs 

over large segments of the param eter space. On th e  other hand, th e  em pirical m ethod 

dccribed below requires considerable com putational effort for ju s t one com parison poin t. 

P lo tting  the graphs below, each containing hundreds o f points, would be a  Herculean task  

if wc needed to  calculate each point using the em pirical method.

Empirical comparisons were m ade using the required sample size n  in each sequence 

to achieve a t least, 80% power for a  set of given design param eter. T hese power calculations 

were done by simulation. The em pirical relative efficiency of design x  to  design y is then

,ix x nx x px 
sy x n,j x PlJ

where p, is the number of periods in design i. Therefore, wc arc  ac tually  evaluating 

efficiency by com paring the to ta l num ber of trea tm en t periods o r ‘observations’ (i.e., 

3 x  n  x p). T he same assum ption is being made in com puting the asym pto tic  variances. 

T h e  rationale behind this will be discussed below. Two tests arc used to  evaluate em pirical 

relative efficiency, the Howe-type small-sample confidence interval (th e  m ethod featured 

in the FDA guidance document) (FDA 2001, Howe 1974, Hyslop et al 2000) and the  

generalized p-value (Tsui and W eerahandi, 1989). A n extensive com parison of these 2 

m ethods for individual bioequivalencc appears in C h ap ter 3, which also includes a  detailed 

description of how the power sim ulations were perform ed. All power sim ulations were done 

by simulation using SAS® version 8  for Windows.

6.3 R esults for IBE

For sequence-balanced designs (2S4P and 3S3P), the asym ptotic variance of Q /a e  is

4(n — I) S'2 erf + 2n (a )  +  c f a ^ T  +  (S2 + a j  + cia^VT)2) 
sn{n  -  l ) c r ^ R

for the  reference-scaled criterion, and

4(n — l ^ c r j  + 2 n{a j + cfcrfVT +  c$ cr*VR) 
sn (n  — l)crj}
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for the constant-scaled criterion. For th e  2S4P design ci =  0.5 and for th e  3S3P (cxtra- 

rcfcrcucc) design cl =  0. For both the 2S4P and 3S3P designs ci  =  1.5.

T he 2S3P design is not sequence-balanced, so the asym ptotic variance of & i b e  is 

different. It is

(n -  1)(f“(<rjt +  (tj2) + n(0.5<rjl + 0.5erj2 4- 0.125<7jVrT 4- 2(82 + O.Scr^ 4- 0 .5tr |2 +  0.25a2VT)2)
n ( n  —

for the reference-scaled criterion, and

(n — 1 )52<t2 4- n(0.5crf L 4- 0.5<Ti 2 +  0.125<r^r  4- 6.125crjJv R)
n (n  -  1 )cTq

for the constant-scaled criterion. Here a 2n  =  a 2D +  0.5<j^t  +  c r^ R, and a 22 =  ct2d  + cr2VT +

T he relative efficiency results arc sum m arized in Table 1 (large sam ple) and  Table

2 (small sample). For the  constant-scaled criterion, Table 1 uses n  =  9 sub jects per 

sequence for the 2S4P design, n  =  12 p e r sequence for the 2S3P design, an d  n  =  8  for 

the 3S3P design. For th e  reference-scaled criterion, the num ber of subjects p e r  sequence 

is doubled for each design. Therefore, each design has 72 or 144 to tal ‘observations’ or 

‘doses’ (Hyslop and Iglcwicz (2001) used the  term  ‘adm inistrations’). T h e  large sample 

results arc based on th e  observation th a t ,  for S and a 2D close to 0 , the asym pto tic  relative 

efficiency (ARE) is a function of the ra tio  r  =  a w r /a w t i -  T h is relationship is illustrated 

in Figure 6.1 for the com parison of th e  2S3P design to the  3S3P design w hen 8 and ap  

equal 0. Analogous graphs for com paring th e  other designs arc similar. In  T able 1, the 

first colum n shows the  designs being com pared, the second the  individual bioequivalencc 

criteria, either reference-scaled (R) or constant-scaled (C). T h e  next 5 colum ns show the 

A R E’s for various values o f r 2, assum ing 8 =  0 and  a2D =  0. T he last co lum n shows the 

value o f r  for which A R E  =  1, i.e., w hen th e  two designs are equally efficient.
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Tabic 1. Large Sample Results

Designs

C om pared C riteria

A RE

S =  0 , Op =  0

r 2 =  0 .5 ,0 .75,1,1.25, oo

r

A R E  =  1

2S4P/3S3P R 1.075 1.046 1.0294 1 .0 2 0 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 never

2S3P/2S4P C 1.881 1.825 1.7662 1.708 1.0909 never
r  =  a w r / a w n  R=Referencc-scalcd C=Constant-scalcd
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F igure 6.1: Relative efficiency versus ra tio  of w ithin-subjcct standard  deviations r  =

Q w t I o w r  for 2S3P versus 3S3P when S =  a n  = 0

Left: Rcfcrcncc-scalcd criterion Right: Constant-sealed criterion 

(Note that vertical scales differ)

Table 1 shows th a t  the 2S3P design can  be expected to  require more ‘doses’ to  estim ate 

Q i b e  w ith the sam e precision as the sequence-balanced designs (3S3P an d  2S4P). T he 

exception is when the  ra tio  r  =  ( T w t / ^ w r  is almost larger th an  2  (i.e.,, th e  w ithin-subjcct 

s tan d a rd  deviation is alm ost twice as large for the test form ulation) for th e  com parison to  

th e  3S3P design using the constant-scaled criterion, i.e., w hen 0 \VR < 0.04, b u t w ith such 

a  large ratio for the  w ithin-subject s tan d ard  deviation we would not w ant to  conclude 

individual bioequivalencc, since this corresponds to Q i b e  — 2.646, larger th a n  the  regula­

to ry  upper bound on  th is param eter. T h is lower precision for estim ating Q i b e  translates 

d irec tly  into a  greater num ber of ‘doses’ (and, by extension, a  greater num ber o f subjects)

R eproduced  with permission of the copyright owner. Further reproduction prohibited without permission.



128

needed to assure adequate power for concluding individual bioequivalencc. We will see the 

direct effect of this below in Table 2. In com paring the 2S4P an d  3S3P designs we find 

th a t this 3-period design appears to have a  m odest advantage over the 4-pcriod design 

over a large p art of the param eter space. T h e  exception again  is for larger values of r, 

especially when the  constant-scaled criterion comes into play.

Figures 6 .2-6.7 show the  effect of slightly varying values o f S(=  0.05,0.1) and  a 2n (=  

0.1,0.15) on ARE. The horizon scale is the ra tio  of w ithin-subjcct variation r  =  o w t / o w r ,  

where & w t  is allowed to vary from 0 .2  to 1 .2  for reference-scaling, and from 0 .1  to  0 . 6  for 

constant-scaling. T he reader should note th a t the  vertical scales b o th  between and  within 

the figures. Figures 2 and 3 show the relative efficiencies for th e  comparison of the 3S3P 

design to the 2S3P design for the reference and constant-scaled criteria, respectively. Wc 

see the effect of S  and a n  being greater th an  zero is m inim al for reference-scaling. For 

constant-scaling, the da ta  cloud appears to have a little m ore spread, bu t the  relative 

efficiency values do not appear to deviate significantly from those in Table 1 . Figures 

4 and 5 show same com parison for 3S3P versus 2S4P for reference and constant-scaling, 

respectively. T he d a ta  cloud in Figure 4 appears to be larger th a n  in Figure 1 (partly  due 

to the sm aller vertical scale), b u t 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  an d  7 show com parative relative efficiencies for 2S4P versus 2S3P for reference 

and constant-scaling, respectively. In Figure 6 , the bottom  edge o f the da ta  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 substan tia lly  better. I t  should 

be noted th a t on the lower edge of the da ta  cloud wc have a \vR  =  0 .2 , i.e., wc are  a t the 

changeover point from constant to reference-scaling. In F igure 7, we sec th a t the  ARE 

can go as low as 1.05 for 5 — 0.1, a n  =  0.15, a w n  =  0.1, and  r  =  1. It should be noted 

th a t the em pirical relative efficiencies for this point are 1.167 an d  1.333 for the FDA and 

generalized p-value tests, respectively.

In  Table 2, the  ratios of th e  to tal num ber of observations required for 80% power 

(i.e., the o f subjects required for 80% power times the num ber o f sequences tim es the
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num ber of periods in a  given design) are com pared, assuming S =  0.05, ctd =  0.1, r 2 =  

0 .5 ,0 .75,1 ,1 .25, and  ct\v r . =  0.15,0.23,0.5, these three levels roughly  corresponding to  

low, medium, and  high intra-subject variances. T h e  two tests used to  com pare the designs 

are the the Howe-type small-sample confidence interval (H) (Hyslop et al 2000, Chow et al 

2002) and the generalized ;>-value (G) tests of C hapters 3 and 4. T he column labelled 

A is the large sam ple asym ptotic relative efficiency com puted in th e  sam e manner as the 

relative efficiencies in Table 1.
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Figure 6.2: Relative efficiency versus ratio of within-subjcct standard deviations r  =

c t w t /<*w r  for 3S3P versus 2S3P-Rcfcrcnce-scalcd criterion

t  L.Mg L. • U

(Note that vertical scales differ)
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Figure 6.3: Relative efficiency versus ratio of within-subject standard deviations r  =

o \ V T h w R  for 3S3P versus 2S3P-C onstant-scaled criterion

(Note that vertical scales differ)
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Figure 6.4: Relative efficiency versus ratio of within-subjcct standard deviations r  =

o \v t / v w r  f° r 3S3P versus 2S4P-Rcfcrcncc-scalcd criterionj-------      miM u .sjzyn---------------------- (--------------------

A«o ao*(r}
■H«4 U H

J i.n

(Note that vertical scales differ)
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Fig tire 6.5: Relative efficiency versus ratio of within-subject standard deviations r  =

a w r/c rw R  for 3S3P versus 2S4P-C onstant-scaled criterionj " «it—4.H >! ' -1---- ---
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Figure 6 .6 : R elative efficiency versus ratio of w ithin-subjcct s tan d ard  deviations r  =  

a w r / Q\v r  for ‘2S4P versus 2S3P-Rcfcrcncc-scalcd criterion_______________________
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Figure 6.7: Relative efficiency versus ratio of within-subjcct standard deviations r  =

a w r /a w  r for 2S4P versus 2S3P-Rcferencc-scalcd criterion
} W IW H  H p .r t.1  | "

»> 0)

(Note that vertical scales differ)
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Table 2. Small Sample Results

S =  0.05, ere == 0 .1

r 2 =  0.5

Designs <TWR =  0. 15 &w r  — 0.23 0 \V R  =  o . 5

C om pared H G A H G A H G A

2S4P/3S3P 0.889 1.067 1.130 1.016 1.016 1 .1 1 0 1.016 1.143 1.084

2S3P/3S3P 1 .2 1.333 1.851 1.619 1.619 2.026 1.619 1.810 2.134

2S3P/2S4P 1.35 1.25 1.638 1.594 1.594 1.825 1.594 1.583 1.969

r 2 =  0.75

Designs & W R  =  0 .15 <*\v r  =  0.23 & W R — 0 5

C om pared H G A H G A H G A

2S4P/3S3P 1.067 1.067 1.058 1.086 1.086 1.074 1.086 1.086 1.052

2S3P/3S3P 1.467 1 .6 1.689 1.630 1.630 1.885 1.630 1.778 1.950

2S3P/2S4P 1.375 1.5 1.597 1.5 1.5 1.755 1.5 1.636 1.854

r 2 =  1 .0

Designs an R =  o 15 & \v r  =  0.23 <t w r  =  0 5

C om pared II G A II G A H G A

2S4P/3S3P 1.037 1.037 0.998 1.026 1.037 1.052 1.037 1 .1 1 1 1.034

2S3P/3S3P 1.333 1.556 1.553 1.590 1.611 1.792 1.611 1.778 1.834

2S3P/2S4P 1.286 1.5 1.557 1.55 1.554 1.703 1.554 1 .6 1.773

r 2 =  1.25

Designs & W R  — 0 15 cr\VR =  0.23 <*WR =  0 .5

C om pared H G A H G A H G A

2S4P/3S3P 1.016 0.889 0.948 1.037 0.993 1.038 1 .0 1 .1 1 1 1.024

2S3P/3S3P 1.333 1.333 1.440 1.593 1.569 1.725 1.625 1.75 1.755

2S3P/2S4P 1.313 1.5 1.519 1.536 1.579 1.662 1.625 1.575 1.716
H=Howc-type small-sample C l G=Generalized p-value 

A=Asymptotic relative efficiency calculation r 2 =  Ow t / ^ w r
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For th e  most part, Table 2 appears to confirm the the effects on relative efficiency 

suggested by Table 1 . W ith  the exception of when the w ithin-subjcct variance ra tio  is very 

low (r2  =  0.5), we feel som ew hat encouraged by the  agreement between the  theoretic  and 

em pirical values, given th a t  the sample sizes arc m odest (40-56 doses for the m ore efficient 

designs (2S4P and 3S3P) w ith low variability, and around 120 doses for these designs w ith 

m oderate and  high variability). For r 2 =  1 , it may be interesting to note th a t  the  3S3P 

design appears to be em pirically more efficient than  the 2S4P design, barely th e  opposite of 

what the large sample calculation would suggest. This may be th e  result of the  asym ptotic 

calculation being based on the  constant-scaled criterion, while th e  em pirical resu lt is based 

on power calculations th a t  use mixed scaling, since the asym ptotic calculation for the 

reference-scaled criterion here is 1.072, a  value favoring the 3S3P design. T h is may also 

be an artifact caused by the discreteness in the  empirical calculations. W hat wc mean by 

•discreteness’ is that the estim ated relative efficiencies here arc  the  ratios of th e  num ber 

of observations, which arc  whole numbers th a t  can only have a  finite num ber o f values. 

The reason for this is twofold: the required sam ple size per sequence is whole number, 

which when realized m ay yield an estim ated power from 80.0% to 89%. T he num ber of 

observations, assuming an  equal num ber of subjects in each sequence, are m ultiples of 

8 , 9, an d  6  for the 2S4P, 3S3P, and 2S3P designs, respectively, so th a t th e  estim ated 

relative efficiencies tend to  be quite grainy, especially when th e  sam ple size requirem ents 

arc relatively low. So w hen the discreteness is taken into account, it appears th a t  the large 

sample calculations do relatively well in predicting the small sam ple relative efficiencies, 

especially when r 2 is close to  1 .

The im portan t point to  be made concerning Table 2 is th a t  the 2S3P is never as 

efficient as the  other two designs.

R eproduced  with permission of the copyright owner. Further reproduction prohibited without permission.



138

6.4 E xten sion  to  P opulation  B ioequivalence

T h e methodology above can be ex tended  to  evaluate s tu d y  designs w ith  respect to 

their ab ility  to assess & p b e » the FDA param eter for population  bioequivalencc (PBE). 

Using th e  same sta tis tica l model tha t wc had for IBE, the FDA param eter for PB E  is

© P B E  =

S2 + a f j .  — g-RR 
max{cr2RR,o l)

where S is the same as above, = +  a WT *s l he to ta l variation of the  tes t formu­

lation. an d  g2r r  =  a~BR +  o fr /t is the to ta l variation  of the reference formulation. Here we 

again have in essence two criterion, reference and  constant-scaled, depending on whether 

the variance of the reference formulation is g reater or less th a n  some changeover value Oq.

In population  bioequivalencc, the cstim ability  of param eters is no longer a t issue, as it 

was for IB E: any crossover design will be adequate to assess &p b e  and it constituents, and 

even parallcl-group stud ies could be used, if necessary. Therefore, we considered the  2S4P 

design, th e  3S3P design, and the typical 2 x 2  (2S2P) design th a t has been the  standard  

for assessing average bioequivalencc. Wc do not consider the  2S3P design w ith  respect 

to relative efficacy, since wc have shown in a  previous chap ter [C hapter 4] th a t  the 3S3P 

crossover design is superior with respect to  PBE; and since w ith  param eter cstim ability  

is no longer an  issue, th e  2S3P holds no advantage over the 3S3P design. In  assessing 

relative efficiency o f designs for PBE, wc will be using bo th  the  asym ptotic and  em pirical 

m ethods described above.

T h e  evaluation o f the asym ptotic relative efficiency for P B E  is simplified by the 

fact th a t  all 3 of th e  designs wc arc considering are sequence-balanced, allowing us to 

generalize the PB E  crite ria  and formulas in  term s of the design constants ci an d  c2. F irst 

we reparam eterize Q p b e  in term s of th e  estim able param eters and  the design constants.

_ d2 + <4 +  ciofrr -  ( 4  +  c2a^VR)
^ P B E  — t  o , 2 2amax(cr%  -I- c2<rfVR, <r£)
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Here 5, a lVT, and ci\v r  arc as before, a f  =  cr^T + ( l —c i)u fyT , an d  a \  =  crgft+ ( l —C2 )cr^R. 

To estim ate  the necessary param eters, we need the following additional s tatistics

v ' i=i j =i

5 « =  ^ T )
i = l  j — 1

S S t r  = Z U i  E ; = i ( ^ r  -  Ver)(VijR  -  V iR)

where
, r YijTl +  YijT2 
ViiT =  2--------'  i jT  

^  1

V ijR  =_  I j j R I ijft2

•2

V ‘T = ' - Y . V‘jT  V ia = l Y _ V m
j =  I j  =  L

for the 2S4P design. T h e  statistics are su itab ly  modified for the  other designs. The design 

constants are C[ — co =  0.5 for the 2S4P design, ci =  0 and  c> =  0.5 for th e  3S3P design, 

and ci =  ci =  0 for th e  2S2P design. Note th a t when a  design constant is zero, it is not 

necessary (or even possible) to estim ate the  corresponding w ith in  form ulation variance for 

th a t design. T h at is, we do not need S fVT for the  3S3P an d  2S2P designs, or S fVfl for the 

2S2P design.

To calculate A V ar(& P B E ) we need the  constituents o f al Va. The covariance m atrix

is
/  rr i

0(
S T L  

0

V  =

0

2

2

0

0

4erf
s ( n  -  1 ) )  

2

TR
s(n  — 1 )

T R
s (n  — 1 ) s (n  — 1 )) 

0

0

0

0

0

2 -
«

0

4
a W T  

~s(n -  1 ))

0

0

0

0

\

'WR
s { n -  1 )) /

where crj =  Var(S) =  a f  4 -  a \  — 2 err ft • Note th a t, unlike th e  covariance m atrix  that we 

used to  get .4V ar(© /B E ), th is covariance m atrix  has non-zero off-diagonal elem ents. This 

is due th e  covariance o f P)yr and Vtj R generally being non-zero. The vector a is

V  C T fi

25 Cl

WR

Jo  , o  2
- h  Orf + •  C i& ivr

(c-ft +  c i ° w r )2 O r  +  W w r
- c 2

5^ +  (T'p 4" Cl 
(o-fi +  W w r )

rr_ \  
2 )
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for the rcfercncc-scalcd criterion, and

V <*5 ctq CTo /

for the constant-scaled criterion. The asym ptotic  variances of Q p b e  are then

2 ( _______'26~ctj_____________  ° r  c i a w r _______________ 2(<5- +  o 'T -)crfn  (<̂ ~ +  Q't ) ' ( . c r  +  R j^ iV n ) \
\ s r i ( f f 2n  -i- c 2 a ' iv n ) 2 s ( n  -  1 ) ( a 2R  +  c 2 a 'iv n ) 2 s ( n  -  l ) { a 2n  +  c 2 a ^ v n ) 3 s ( n  -  l ) ( e r %  +  c 2a ^ v n ) '  )

for the rcfcrcncc-scalcd criterion, and

(  ̂ 2f7? , a T  +  ^  a WT  ~  ^ a TR  +  a R +  c2<TtVfi\
\  sn c T g  r  ( n  — 1 )<Tq /

2

for the constant-scaled criterion. We then  com pute the asym ptotic relative efficiency 

(ARE) in the m anner described in the M ethods Section. Em pirical relative efficiencies arc 

also calculated as described above. The em pirical results arc based on power calculations 

using the generalized p-value t e s t , since this te s t accounts for correlation between sum m ary 

statistics, while the H SC I/FD A  test docs not.

One challenge with m ulti-param eter problem s is discovering the relationships that 

affect whatever properties we are studying. In  the  IBE case, we found th a t  the  ratio 

o \ v t I a \ v r  was key in the asym ptotic relative efficiency of the designs that we considered, 

especially when the other param eters were close to 0 . The PB E case has more param eters 

than IBE, so the situation is not so clear. B u t an exam ination o f some scenarios sug­

gests th a t the key relationship here is the ra tio  o f the bctween-subjcct and w ithin-subject 

s tandard  deviations (k  =  c t b / c t w ) -  To facilitate comparisons between the em pirical and 

asym ptotic calculation, we varied the to ta l num ber of doses in  each com parison to  try  

to m atch the to ta l doses in  the  empirical calculations, where possible. Therefore the 

2S4P/3S3P com parison is based on 72 doses, th e  3S3P/2S2P com parison is based on 36 

doses, and the  2S4P/2S2P com parison is based on 48 doses.

Table 3 shows em pirical and  asym ptotic results for S =  0.05, c t w t  =  &\v r  =  

0.15,0.23,0.5, p =  0.9,0.95, and  k  =  1.0,2.5(0.5). The line w ith  the value o f p  gives 

the em pirical relative efficiencies, and the line m arked ’Asym’ gives the  asym ptotic values.
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Table 3a. Relative Efficiency Results for PBE

2S4P vs. 3S3P
6 = 0.05

own
obt / owt

= 0.15 
= obr / owr

own
obt/ owt

= 0.23 
= (TBr / owr

OWR 
Ob t !  OWT

= 0.5
= Ob r / 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
0.90 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
0.95 1.067 1.067 1.111 1.111 1.037 1.067 1.111 1.111 1.037 1.067 1.111 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

T a b le  3 b . Relative Efficiency Results for P B E  
________________3S3P vs. 2S2P________________

<5 = 0.05
OWR

obt / owt
= 0.15
= obr/ owb

own
obt/ owt

=  0.23 
= obr / owr

own
Ob t / owt

= 0.5
= obr/ 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
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

Asym 1.327 1.380 1.434 1.483 1.345 1.391 1.440 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

T a b le  3 c . Relative Efficiency Results for P B E  
________________2S4P vs. 2S2P_______________

<5 = 0.05
own = 0.15 own =  0.23 own = 0.5

obt / owt = obr / owr Ob t / owt =  obr / owr Ob t / owt = obr/ 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

0.90 1.333 1.333 1.50 1.429 1.167 1.333 1.50 1.429 1.273 1.333 1.50 1.429
Asym 1.161 1.261 1.376 1.489 1.163 1.263 1.377 1.490 1.165 1.263 1.378 1.490
0.95 1.50 1.50 1.429 1.667 1.167 1.333 1.429 1.667 1.273 1.333 1.429 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 th e  em pirical results, Table 3 suggests th a t there is very  little  to be gained 

by adding periods to a  crossover study when th e  objective is assessing PB E , using @p b e - 

Given the added  problems th a t  can occur w ith longer studies, an d  th e  fact th a t, assum ing 

th a t there is no carryover effect, there is no additional inform ation concerning ®p b e  th a t 

one can derive from a  longer s tu d y  that is not available in the s ta n d a rd  2 x 2  crossover 

design, there docs not seem to  be any reason to  use anything o th e r th a n  the  2 x 2  design 

for evaluating population bioequivalence. T here  docs appear to  b e  a  d irect relationship 

between k  an d  relative efficiency, which we feel is an  im portant re su lt, since we expect

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



142

bctwcen-subjcct variation to  be larger th a n  w ith in-subjcct variation, as th is is the  chief 

rationale for using a crossover design. T h e  role of p in determ ining  relative efficiency is not 

as pronounced in the em pirical results a rc  it is in the asym pto tic  calculations. In general, 

the asym ptotic results do not appear to  predict the em pirical efficiency as well as they did 

for IBE, with the 3S3P/2S2P com parison being a possible exception. T he discreteness of 

the relative efficiency calculation seems to  be more of a problem  here than  it was for IBE. 

This is not surprising, since the sam ple sizes arc som ew hat sm aller for PB E , so th a t the 

■jumps’ in power arc larger between successive values o f n .

6.5 D iscussion

Basing comparisons on the num ber of ‘observations’ (i.e., snp), appeared  to  be the 

fairest way to compare 3 and 4-pcriod designs. Another way of describing w hat we have 

done is th a t we have com pared designs based on the to ta l num ber of ‘doses’. T he subjcct- 

trcatm ent-period notion of ‘observation /dose’ is merely an  objective (although naive) way 

of quantifying a unit of effort/cost so th a t  designs w ith different numbers of periods could 

be d irectly  compared. A reasonable 4-pcriod design, such as the 2S4P design, is naturally  

expected to be more efficient than  a  3-period design w ith  the  same num ber of subjects. 

B ut it may be difficult to  assess objectively the possible additional burden o f the 4-period 

design, except to consider the additional ‘observations’ in Period 4 as som ewhat equivalent 

to the  additional subjects needed in th e  3-period designs. Additional factors which arc 

difficult to quantify, such as the increased risk of sub ject withdraw al in a  longer study, 

may m otivate investigators to  choose a  3-period crossover design when the 3 and  4-period 

designs can be judged to  be roughly ‘equivalent’ in som e respect.

I t  is clear from th e  results th a t th e  2S3P design, which is the 3-period design cited 

in the  FDA guidance docum ent, is inefficient com pared to  th e  sequence-balanced designs, 

2S4P an d  3S3P, in respect to the effort required (i.e., th e  num ber of ‘doses’) to  show 

individual bioequivalence. For com pounds w ith a  reasonable degree of bioequivalence, 

the large sample results suggest th a t th e  2S3P design m ay require 65% — 120% m ore ob­
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servations to  estim ate Q / b e  w ith the same precision as the sequence-balanced designs. 

The only circum stance we found under which th e  2S3P design is m ore efficient is for the 

low-variability situation (where the  constant-scaled criterion is used), where the value of 

the param eter © / b e  is already outside of the acceptable range for individual bioequiv- 

alcncc, and  th a t is only when it is compared to  the  other 3-pcriod design. T he 2S3P 

design never has better asym ptotic efficiency th a n  th e  4-pcriod design we considered, even 

though it already has 33.3% m ore subjects. A lthough the sm all sam ple results a rc  not 

as dram atic as their large sam ple counterparts, especially when r 2 =  0.5, the difference 

in efficiency is still quite striking, with increases in the required num ber of doses in  the 

range of 20 — 80%. The reason why the 2S3P design is so inefficient is th a t estim ates of 

the w ithin-subjcct variances, and <J\VR, use only half of the subjects. We m ust also 

assume. under the null hypothesis of non-equivalence, th a t the variances of the estim ate 

of <) arc different for the 2 sequences. This leads to a loss in degrees of freedom (from  a 

Sattcrthw aite correction) when the  confidence interval for <5 is com puted, as we have done 

for the this portion of the Howe small-sample confidence interval m ethod (n.b., neither 

Hyslop and  Iglcwicz (2001) nor Chow et al (2002) use the corrected degrees of freedom for 

the confidence interval of S = p r  — HR.)- Both o f these things follow from  the 2S3P design 

not being sequence-balanced.

On one level, the com parison of to tal num ber of treatm ents m ay not be so naive, since 

increasing th e  num ber of doses also increases th e  num ber of p lasm a sam ples that m ust be 

assayed. Suppose that a biocquivalcncc study  w ith  a  2S4P crossover design requires 15 

subjects per sequence, or a to ta l of 120 doses. For each dose th e re  m ay be 10 to  12 (or 

more) tim e points a t which p lasm a samples a re  taken, yielding a  to ta l of 1200 to  1440 

samples th a t  m ust be assayed. Now, the sam e s tu d y  conducted w ith  a 2S3P design is 

likely to require 50% — 75% m ore doses, which increases the num ber of samples to  be 

assayed accordingly. T hat transla tes to 600 to  1080 more plasm a sam ples that m ust be 

assayed. D epending on such factors as the per u n it cost of supplies, doing the assay, the 

time required to  do the laboratory  work, the cost o f transporting  sam ples from the s tu d y
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site to  the  laboratory, etc., using the 2S3P design to s tu d y  individual biocquivalence may 

considerably increase the  cost of doing a biocquivalence study.

In  the  com parison of designs 2S4P and  3S3P there is not a  clear w inner, bu t design 

3S3P does appear to  be slightly more ‘efficient’ (in term s of ‘doses’), b o th  for reference- 

scaled tests overall and  when for constant-scaled tests w hen the in tra-sub ject variability 

of the  treatm ent form ulation is less th an  th a t of the reference. Here we have essentially 

the situation  described above, where w hat may be in terp re ted  as a very slight advantage, 

or even the lack of a  distinct disadvantage (except when the reference form ulation has 

m inim al w ithin-subjcct variance), in using the 3-pcriod design may be considered as strong 

su p p o rt for its use when other factors arc taken into account. However, the  choice may 

not be  so clear-cut. T he main drawback of the 3S3P design is th a t, since the design 

param eter ci equals 0, the param eters cr|j and  a fVT arc not identifiable. T he statistical 

FDA guidance docum ent for biocquivalence does not s ta te  th a t  all param eters be estim ated 

explicitly (FDA, 2001), bu t the general guidance docum ent on biocquivalence studies 

requests th a t a po int estim ate of the subjcct-form ulation in teraction a o  be  provided (FDA, 

2 0 0 0 ), and  there also is a  strong em phasis on the constituen t parts o f  the  individual 

biocquivalence crite ria  in the literature on the sub ject, especially w ith  respect to 

(C hen et al., 2000). Individual param eter estim ates arc also useful in any  post-m ortem  of 

study  results, especially when non-equivalence has been concluded. T h e  3S3P design can 

give an  estim ate of a~D + crfVT, which then  provides an  u pper bound on  <t d ,  which may 

be sufficient for regulatory  purposes, especially if the  w ithin-subjcct variances arc small 

for a  given com pound. An estim ate of cr2D can also be ob ta ined  if one is w illing to assume 

a WT =  a \YR- would go further and examine the function a-2D =  a j  — ( r 2 +  Q.5)&2V[t, 

where r 2 =  cr\VTl a \ VIt is allowed to vary over some reasonable range, say  from 0.5 to 2. 

T his sensitivity analysis was discussed in  detail in C h ap te r 4, and m ay b e  acceptable to 

regulatory' agencies as an  adequate assessment of the subject-form ulation interaction, and 

it also illustrates th e  trade-off between the variance param eters in the  aggregate criteria.

T here  arc two m ain  results we derived when we applied  our com parison methods to 

popu lation  bioequivalence. The first, based on the em pirical results, is th a t  there appears
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to be little th a t  one can gain by adding periods to crossover designs for bioequivalencc 

studies. Therefore, the standard  2 x 2  crossover design th a t has a  long history of use in 

biocquivalence studies is probably the best for investigators who want to evaluate Q p b e - 

T he second result is th a t the asym ptotic results we derived are probably not very useful 

for assessing the  relative efficiency of designs for PB E . T he la tte r  result should no t be 

surprising, since we were exam ining scenarios for P B E  w ith  very sm all numbers o f subjects.

In conclusion, we recommend th a t the 2S3P design not be used for the assessm ent 

of individual biocquivalence, since the alternative 3 and  4-pcriod designs are m ore effi­

cient. We also recommend th a t the 2S2P dcsign-thc design th a t  is already in w ide use 

for assessing average biocquivalcnce-be used when the  prim ary objective is to  evaluate 

population biocquivalence. T he 2S4P design appears to  be reasonably efficient for IBE 

and provides useful information abou t secondary individual biocquivalence param eters, 

while the 3S3P (cxtra-rcfcrcncc) design is a viable alternative to  th e  2S4P design when 

tim e and subject withdrawal arc prim ary 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.

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



Chapter 7

G ENERA LIZED C O N F ID E N C E  INTERVALS FO R  T H E  F D A  

IN D IV ID U A L  A N D  PO P U L A T IO N  BIO EQ U IV A LEN C E P A R A M E T E R S

SU M M A R Y

A m ethod for deriving interval estim ates for the FDA individual an d  population 

biocquivalence criteria using generalized pivotal quantities is proposed. T hese generalized 

confidence intervals (GCI) arc compared to  modified large sample (MLS) intervals, both in 

an exam ple and through sim ulation. We find th a t the G CI intervals have adequate prob­

ability  of covering the tru e  param eter values, and, because of their very close relationship 

to generalized p-values, th e  results of C h ap ter 3 suggest th a t testing procedures using the 

G C I will have superior power to  those using MLS. Therefore, we recom m end G CI intervals 

over their MLS counterparts for the individual and population biocquivalence param eters.
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7.1 Introduction

Ever since Schuirm ann (1987) introduced his two one-sided tests approach for average 

biocquivalence, confidence intervals have been the principal tool for evaluating biocquiv- 

alencc. Schuirm ann’s procedure is equivalent to calculating  a 100(1 — 2 a )% confidence 

interval for the m ean difference p r  — Hr ’, one concludes biocquivalence if th is interval is 

completely contained in the interval (A ;, A u), where the  deltas represent the  lower and up­

per bounds of a  prcspccificd interval of equivalence. T he FDA has followed this paradigm  

in the  test procedures it recommends for IBE and PB E . T he test procedure for IBE was 

derived by Hyslop, Hsuan, and Holder (2000), and th e ir procedure has been adapted to  

P B E  in Appendix F o f the  FDA guidance document. A lternative procedures for bo th  IB E 

and  PB E have been proposed by Quiroz et al (2002) based on the modified large sample 

(MLS) methodology o f constructing confidence intervals for functions of variance compo­

nents for random effects and mixed models. These au tho rs showed th a t the  MLS approach 

is slightly less powerful than  the FDA test for IBE, and  slightly more powerful for PB E . 

T he Hyslop (FDA) and  Quiroz (MLS) approaches differ in  th a t the FDA interval is based 

on a  linearized form o f the appropriate biocquivalence criterion, whereas th e  MLS interval 

is in the same (unitlcss) scale as the criterion itself. Q uiroz et al claim th a t this difference 

as one of the advantages of their methodology. A general overview o f MLS methodology 

is contained in the book by Burdirk an d  Graybill (1992).

Previous chapters developed test procedures for IB E  and  PB E based on the general­

ized p-value (GPV) methodology introduced by Tsui an d  W cerahandi (1989). T he G PV  

methodology for IB E  and  PB E is departu re  from th e  m ethods described above in th a t 

it is based not on confidence intervals, b u t on the calculation of the area  o f an  extrem e 

region based on a  particu la r hypothesis, as is done in  calculating classical p-values. T h is  

is done using a  generalized test variable (GTV), which takes the role of th e  test sta tis tic  

from classical decision theory. Since, by construction, th e  GTV  does not depend on any  

unknown param eters, it is very similar to  a  pivotal q u an tity  in classical sta tis tica l theory. 

VVeerahandi (1993) used this fact to define the generalized pivotal quantity (G PQ ), which
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he used to  derive generalized confidence intervals (GCI). C hiang  (2001) la te r developed 

a methodology for constructing  confidence intervals for functions of variance com ponents 

that he called the method o f surrogate variables (SV). The G C I an d  SV m ethodologies arc 

identical, although C hiang’s paper is more detailed  and contains comparisons to  MLS and 

Bayesian methodologies.

In this investigation, we derive GPQs an d  GCIs for ® i b e  and © p b e ,  i.e ., on the 

same scale as Quiroz et al for 4-pcriod crossover study  designs. Section 7.2 introduces the 

statistical tools th a t we will use. In Section 7.3 we derive generalized pivotal quantities for 

®  I b e  and Q p b e , and we explain how these arc used to com pute generalized confidence 

intervals. T his section also contains an exam ple of the use o f GCIs with biocquivalence 

data. In Section 7.4 we present simulation results, com paring the coverage o f GCIs to 

the MLS intervals of Q uiroz et al (2002). Section 7.5 contains a  short discussion and our 

conclusions.

7.2 Prelim inaries

7.2.1 S tatistica l M odel and Sum m ary S tatistics

In th is chapter, we will construct intervals for the 2-sequence/4-pcriod design th a t 

was examined in C hapter 3. T he statistical m odel and sum m ary statistics a rc  given in 

C hapter 3, Section 2 .

7.2.2 T h e  G eneralized P ivo ta l Q uantity an d  G eneralized Confidence Intervals

W ccrahandi (1993) defined R  = r (X ;  x ,  £) as a  generalized pivotal quantity  (G PQ ) if 

it satisfies the following two conditions

Property  A: R  has a  probability  d istribu tion  free of unknow n param eters.

P roperty  B: The observed pivotal, defined as r0bs = r (x ;  x ,  £), does not depend on 

the nuisance param eter £.
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Wc then define a  set C7  such th a t

Pr[R G C7] =  7 .

In direct analogy to the pivotal quan tity  method, wc obtain  a subset C ( X )  of the sam ple 

space such th a t

P r[X  G C (x)\ =  7 .

Wc further define a  subset 0 C o f the param eter space 0  of 9 such th a t

©c(r) =  {9 6  0 |r (x ;  x ,  £) G C7}.

T he interval estim ate 0 c(r) derived from the generalize pivotal q u an tity  R  is a generalized 

confidence interval of 9. If wc arc, for example, interested in finding a  95% upper bound 

on R , wc would find U such th a t

P r[R  < U \R  =  r (x ;x ,£ ) ]  =  0.95.

T hen the interval (—oc,U ) is a  95% lower generalized confidence interval on R.

In C hapter 3 wc introduced G T V s that we used to  assess IB E an d  PBE. The G PQ s 

wc will use to construct GCIs for ® i b e  and & p b e  arc one-to-one transform ations of those 

GTVs. These G PQ s are given in th e  next section.

7.3 G eneralized P ivotal Q uantity  and G eneralized C onfidence Intervals for

Qf BE a n d  © p b e

In  this section wc construct th e  generalized pivotal quantities (G PQ s) for deriving 

the generalize confidence intervals (GCIs) for IBE an d  PBE. T h is section ends w ith  an  

exam ple where wc apply b o th  the  G C I and MLS m ethods to biocquivalence data.

7.3.1 Individual B ioequivalence

To construct the G PQ  for IBE, we use the iden tity  erf = a 2D +  0.5cr;VT -f 0.5<t^r  to  

reparam eterized Q i b e

a  S2 +  erf + 0.5afVT — \.ba fVR 
max{(j2VR,a l )

R eproduced  with permission of the copyright owner. Further reproduction prohibited without permission.



150

The GPQ for computing the GCI is

. ( d ~ c Z n \ / W )  + f f + °'5

( i ^ ° )

SSWT , - 
—  1 . 0 -

x . , _  ^

/  SS\V R  2 m a i  I -------- rr~

where £ =  (® [ B E ,f i ,t f ,0 \v T 'a WR.) and °o ~  0.04. To calculate the GCI, wc generate 

a large num ber of random  vectors X  = {Z q , U j,U w t, U w r), an d  com pute r(„Y; x ,£ ) for 

each set o f random  variables given the observed values x  =  {d, s s i , s s w t ,  s s w r ) -  The 

upper 1 0 0 ( 1  — a)%  bound is then the 1 0 0 ( 1  — a)%  percentile o f th e  em pirical cumulative 

d istribu tion  function (C D F), of r { X ; x , £ ) .  Note th a t comparing th is upper bound to the 

regulatory limit 9[ provides an approxim ate a-lcvel test of IBE.

7.3.2 P opulation  Bioequivalence

As w ith IBE, wc need to reparam ctcrized the PBE criteria so th a t wc can construct 

a G PQ .

S2 +  <4(1 -  /32) + 0.5<7jvT -  U T  + \ v w r )
® P B E  =  ----------------------  p r ------------

m a x  ( 4 / 3 2 4- cr2  |T +  0.5<r}VR, ° o )

This is the  rcparam ctcrization th a t we used in  C hapter 3 to construc t their testing  proce­

dure for © p b e -  It differs from  the rcparam cterization  used by th e  FD A  guidance docum ent 

(2001) and  Quiroz et al (2002) because it reflects the statistical dependence between the 

random  variables SSt  and  S S R. The G PQ  for com puting the G C I for PB E  is

=  ------------------------------------------ f t  , , ---- U< " --------------
m a x ( r R, erg)

r°  u RW + U r ( 1 r  Z b \I  s s T U R]1

_  S S T  f .  „  I s s r \ t  \  s s R\T  , „ , s s Wft
R UT \  ss t Ur \t  J  Ut  °  Uw r

where f  =  {Q iB E ,S ,a2,a 2RYr ,a^VT,cr2VR,S )  and  crfi =  0.04. To calculate th e  GCI, we 

generate a  large num ber o f random  vectors X  =  (Z d , Z b ,U t , Ur \Ti Uw t , Uw r ), and

R eproduced  with permission of the copyright owner. Further reproduction prohibited without permission.



151

proceed as we did for IBE, calculating the desired  upper bound from the em pirical CDF 

of r (X;  x , £) for the given values x  — (d, 6 , s s t , s s r \Ti s s w t , ssu'ft)- A nd as w ith th e  upper 

bound wc derived for Q /b e i the  upper bound for PB E  can also be used for hypothesis 

testing.

7.3.3 E xam ple: m ethylphenidate

Meyer et al (2000) conducted a  study to  characterize the in trasubject variability  of 

m ethylphenidate. In this study  20 healthy m ale subjects were random ized to one o f four 

4-pcriod sequences. Using SAS wc com puted th e  following estim ates for area under the 

tim c-concentration curve (AUC) for the log-transform ed data

d  =  0.07796 ssH'ft — 0.54461 s s u 't  =  0.82991 

sat =  0.42181 6  =  0.75669

s s t  =  2.07850 ssfl|7- =  0.29876

For IBE, th e  95% upper bounds for Q ib e  a rc  1.338 and 1.3564 for the  MLS an d  GCI 

intervals, respectively. The upper bounds arc q u ite  similar, and b o th  are well w ith in  the 

equivalence region for IBE. For PB E , the 95% upper bounds for & p b e  arc 1.93625 and 

1.1043 for th e  MLS and GCI intervals, respectively. Hypothesis tests based on these upper 

bounds would reach contrary conclusions, since th e  regulatory bound is dp =  1.7448. This 

is not surprising  in light of previous results, since wc have shown th a t test procedures based 

on these MLS intervals, as well as the FDA te s t procedure, had m uch lower power and 

larger sam ple size requirements th an  the generalized p-valuc (the testing  analogue o f the 

GCI) test procedure for PBE.

7.4 S im u lation  Studies

Sim ulation studies were done to assess th e  performance of th e  G C I intervals and 

to compare them  to the MLS intervals for IB E  and  PBE. The tab les below show the 

proportion o f  times that either th e  G C I or MLS interval contained th e  ac tua l value o f the 

appropriate param eter (Q i b e  or Q p b e )-  T h ere  were 5000 sim ulated d a ta  sets generated
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for each set of param eters. Coverage of the GCI was calculated for each sim ulated d a ta  

set using 10000 sets o f M onte Carlo points. The nominal level of coverage for all intervals 

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

T he perform ance o f G C I and MLS intervals were evaluated for the following param ­

eter values: 6  =  (0.05,0.15) , o p  =  (0 .01 ,0 .1 ,0 .15 ,0 .2),o \ v r  =  (0.15,0.2,0.23,0.3,0.5), 

i7 \ v t /< * \v r  =  (0.8,1.0,1.2), and n  =  (8 ,12 ,16 ,20). These p aram eter combinations repre­

sent a large range of values of Q ib e  relevant to  the experim ental situation. T he results 

arc shown in Table 2.

T ab le  2 a . Coverage of MLS and  GCI intervals for IBE
S = 0.05, o w t / o w n = 0 .8

O D = 0 .0 1

O W R = 0.15 o w n = 0 .2 o w n =  0.23 o w n =  0.3 o w n = 0.5
n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
S 0.966 0.975 0.967 0.982 0.963 0.975 0.960 0.974 0.961 0.974

12 0.961 0.967 0.970 0.977 0.968 0.974 0.961 0.970 0.962 0.973
16 0.963 0.964 0.967 0.972 0.971 0.976 0.966 0.973 0.960 0.970
2 0 0.967 0.967 0.967 0.974 0.966 0.968 0.963 0.966 0.964 0.968

O d = 0 .1 0

o w n = 0.15 o w n = 0 .2 o w n =  0.23 o w n =  0.3 o w n = 0.5
n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.967 0.972 0.961 0.973 0.963 0.974 0.968 0.978 0.969 0.982

12 0.970 0.971 0.966 0.973 0.969 0.974 0.965 0.973 0.962 0.972
16 0.964 0.962 0.963 0.968 0.971 0.974 0.967 0.971 0.968 0.977
2 0 0.971 0.967 0.962 0.965 0.965 0.967 0.964 0.967 0.967 0.972

o d = 0.15
o w n = 0.15 o w n = 0 .2 o w n =  0.23 o w n =  0.3 o w n = 0.5

n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.967 0.972 0.964 0.970 0.960 0.972 0.962 0.978 0.964 0.977
12 0.973 0.971 0.961 0.962 0.965 0.972 0.961 0.970 0.962 0.971
1G 0.971 0.966 0.961 0.959 0.962 0.967 0.964 0.970 0.966 0.975
2 0 0.970 0.965 0.959 0.957 0.963 0.966 0.962 0.967 0.962 0.969

O D =  0 .2

o w n = 0.15 o w n =  0 .2 o w n =  0.23 o w n =  0.3 o w n = 0.5
n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.969 0.971 0.956 0.958 0.958 0.969 0.961 0.975 0.964 0.976

12 0.973 0.971 0.953 0.952 0.965 0.968 0.961 0.970 0.960 0.969
16 0.969 0.968 0.962 0.952 0.962 0.966 0.965 0.968 0.967 0.975
2 0 0.972 0.966 0.957 0.949 0.963 0.965 0.963 0.967 0.964 0.968
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Table 2a. (con’t) Coverage of MLS and GCI intervals for IDE
<5 =  Q .\o,aw Tlow n = 0 .8

o d = 0 .0 1

ow n =  0.15 own =  0 .2 own =  0.23 own = 0.3 ow n = 0.5
n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.965 0.964 0.968 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
2 0 0.960 0.958 0.961 0.959 L 0.964 0.964 0.965 0.964 0.968 0.968

O D = 0 .1 0

own =  0.15 own =  0 .2 own =  0.23 own = 0.3 ow n = 0.5
n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.973 0.966 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 0.966 0.958 0.958 0.952 0.966 0.964 0.964 0.963 0.972 0.972

OD = 0.15
own =  0.15 own =  0 .2 own =  0.23 own =  0.3 ow n = 0.5

n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.974 0.965 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 0.964 0.966 0.948 0.969 0.963 0.971 0.968 0.973 0.973
20 0.976 0.961 0.965 0.951 0.966 0.961 0.968 0.964 0.964 0.964

od =  0 .2

own =  0.15 own =  0 .2 own =  0.23 own = 0.3 ow n = 0.5
n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.974 0.965 0.965 0.952 0.963 0.965 0.965 0.971 0.964 0.975
12 0.9S0 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
6  =  0.Qo , o \v t / o w r = 1 .0

o D = 0 .0 1

OWR =  0.15 o w n =  0 .2 OW R = 0.23 o w n = 0.3 O W R =  0.5
n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.968 0.978 0.968 0.979 0.963 0.975 0.963 0.974 0.962 0.975

12 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
2 0 0.969 0.970 0.966 0.968 0.964 0.968 0.961 0.967 0.962 0.968

O D = 0 .1 0

o w n =  0.15 OWR = 0 .2 o w n = 0.23 o w n = 0.3 =  0.5
n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
S 0.968 0.974 0.962 0.970 0.963 0.975 0.968 0.979 0.970 0.9S2
12 0.971 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 0.975 0.965 0.972 0.968 0.977
2 0 0.971 0.969 0.960 0.961 0.964 0.968 0.962 0.967 0.967 0.971

O D = 0.15
OWR = 0.15 =  0 .2 OW R = 0.23 O W R = 0.3 o w n =  0.5

n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.969 0.974 0.963 0.970 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
2 0 0.970 0.964^ 0.958 0.955 0.963 0.968 0.961 0.967 0.961 0.968

OD = 0 .2

o w n =  0.15 OWR = 0 .2 o w n = 0.23 O W R =  0.3 o w n =  0.5
n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.968 0.973 0.955 0.959 0.960 0.970 0.962 0.978 0.965 0.977

12 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 0.953 0.961 0.966 0.962 0.971 0.966 0.975
2 0 0.971 0.968 0.957 0.949 0.961 0.965 0.960 0.967 0.963 0.969
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Table 2b. (con’t) Coverage of MLS and GCI intervals for IDE
<5 = 0.15,o-vvT/<nr/i = 1.0

o D = 0.01
o w n = 0.15 O W R = 0.2 O W R = 0.23 O W R = 0.3 o w n =  0.5

n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.971 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
20 0.962 0.958 0.961 0.958 0.964 0.966 0.965 0.966 0.967 0.968

o D  - = 0.10
O W R = 0.15 o w r = 0.2 O W R = 0.23 O W R = 0.3 o w n =  0.5

n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.973 0.968 0.964 0.962 0.966 0.969 0.967 0.975 0.969 0.981
12 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

o d = 0.15
o w n = 0.15 O W R = 0.2 O W R = 0.23 O W R = 0.3 O W R =  0.5

n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
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 0.977 0.963 0.963 0.950 0.966 0.962 0.967 0.964 0.963 0.966

o d = 0.2
O W R = 0.15 O W R = 0.2 o w n = 0.23 o w n = 0.3 o w n = 0.5

n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.975 0.967 0.965 0.954 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 2c. Coverage of MLS and GCI intervals for IBE
S  =  0.05, a w r / o w n = 1 .2

<t d = 0 .0 1

o w n = 0.15 o w n =  0 .2 o w n =  0.23 o w n =  0.3 o w n =  0.5
n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.972 0.979 0.966 0.977 0.963 0.974 0.962 0.973 0.962 0.975

12 0.966 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
2 0 0.970 0.969 0.965 0.963 0.963 0.968 0.961 0.968 0.960 0.968

o d = 0 .1 0

o w n = 0.15 o w n = 0 .2 o w n =  0.23 o w n =  0.3 o w n =  0.5
n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.970 0.974 0.962 0.969 0.966 0.976 0.967 0.980 0.969 0.981

12 0.973 0.972 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
2 0 0.974 0.970 0.959 0.958 0.961 0.965 0.962 0.967 0.966 0.972

o d = 0.15
o w n = 0.15 o w n = 0 .2 o w n = 0.23 o w n =  0.3 o w n = 0.5

n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.971 0.976 0.963 0.970 0.962 0.975 0.966 0.979 0.965 0.977

12 0.976 0.974 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
2 0 0.973 0.967 0.958 0.954 0.960 0.967 0.960 0.966 0.960 0.968

OD =  0 .2

o w n = 0.15 o w n = 0 .2 o w n =  0.23 o w n = 0.3 o w n =  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 0.971 0.971 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
2 0 0.973 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 IDE
5  = 0.15 , o w r / o w n = 1 .2

o d = 0 .0 1

o w n =  0.15 o w n = 0 .2 o w r =  0.23 o w n =  0.3 o w n = 0.5
n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
S 0.977 0.971 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
2 0 0.966 0.960 0.964 0.958 0.964 0.965 0.966 0.968 0.966 0.969

o D = 0 .1 0

o w n = 0.15 o w n = 0 .2 o w n =  0.23 o w n = 0.3 o w n = 0.5
n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.976 0.970 0.962 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
2 0 0.970 0.963 0.958 0.946 0.965 0.964 0.966 0.963 0.968 0.972

o d  = 0.15
o w n =  0.15 o w n =  0 .2 o w n = 0.23 o w n = 0.3 o w n = 0.5

n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.977 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 0.953 0.970 0.970 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

o d =  0 .2

o w n =  0.15 o w n =  0 .2 o w n =  0.23 o w n = 0.3 o w n = 0.5
n MLS GCI MLS GCI MLS GCI MLS GCI MLS GCI
8 0.975 0.968 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
2 0 0.980 0.964 0.962 0.941 0.966 0.962 0.967 0.966 0.963 0.965

The G CI intervals appear to do well a t m ain tain ing  the nom inal coverage, with only 

6  out of 480 p aram ete r combinations in Table 2 having observed coverage values less th an  

94.7%. These 6  eases all occur when o w r  =  0.2, th e  changeover po in t from reference 

to  constant-scaling. In  C hapter 3, we observed th a t  the G PV  (the  testing  analogue of 

the GCI) was som etim es slightly anti-conservative for IBE when o w r  =  0.2. T he MLS 

intervals m ain ta in  the nominal coverage probability  th roughout T able 2. As a  down side 

o f their solid coverage, test procedures for IBE th a t  use MLS intervals tend  to have less 

power th an  th e  H yslop/FD A  and G PV  procedures (Quiroz e t  a l . ,  2002).
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7.4.2 Population Bioequivalence

Table 3 shows sim ulation results for G C I and MLS intervals for PBE for the 

following sets of param eters: 8 =  (0 .05,0.15),p  =  (0 .7 ,0 .8 ,0.9),crl r r  =  a W R =  

(0 .15 ,0 .23 ,0 .3 ,0 .5),( T b t /g w t  =  ^ b r / o w r  =  (1 ,2), and n  =  (8,12,16,20). N ote th a t 

the value of @ p b e  for these param eter com binations is less th an  1 , which puts them  well 

w ithin the  region of equivalence.

T a b le  3 a . Estim ated coverage of procedures MLS and G PV  for PBE
S  = 0.05

a  b t  = a  b  r  = 0.15 o b t  =  a s n  = 0.3 a  b t  = a s n  =  0.23 a s T  — a n n  =  0.46
a \ v T  — a w n  — 0.15 a w r  = a w n  = 0.23

n P MLS GCI MLS GCI MLS GCI MLS GCI
8 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 0.9564 0.9664 0.9558 0.9874 0.955S
0.9 0.9790 0.9620 0.9944 0.9512 0.9758 0.9622 0.9916 0.9572

12 0.7 0.9650 0.9650 0.9736 0.9474 0.9642 0.9594 0.9786 0.9544
0 .8 0.9696 0.9570 0.9896 0.9506 0.9730 0.9616 0.9S86 0.9526
0.9 0.9772 0.9572 0.9936 0.9482 0.9742 0.9576 0.9950 0.9572

16 0.7 0.9570 0.9490 0.9792 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 0.9776 0.9612 0.9962 0.9534

2 0 0.7 0.9750 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 0.9758 0.9564 0.9954 0.9570

a  b t  = obr =  0.3 o b t  — a s n  — 0 .6 a s T  = a  b r  — 0.5 a s r  = a n n  =  1 .0
o w t  =  aw n  =  0.3 a w r  =  a w R  = 0.5

n P MLS GCI MLS GCI MLS GCI MLS GCI
8 0.7 0.9688 0.9628 0.9774 0.9534 0.9656 0.9614 0.9790 0.9532

0 .8 0.9704 0.9590 0.9840 0.9520 0.9732 0.9648 0.9828 0.9502
0.9 0.9744 0.9570 0.9946 0.9534 0.9766 0.9654 0.9936 0.9522

12 0.7 0.9688 0.9614 0.9774 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 0.9876 0.9544 0.9722 0.9576 0.9876 0.9576
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 0.94S4
0 .8 0.9688 0.9552 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

obt = cr an  =  0.15 o bt  =  o br  =  0.3 obt  = obr  =  0.23 o rt  — obr  — 0.46
<7(v t  — OWR =  0.15 o w t  = o w r  — 0.23

n P MLS GCI MLS GCI 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 0.9556
0.9 0.9752 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 0.9656 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 0.9956 0.9526

2 0 0.7 0.9680 0.9450 0.9790 0.9492 0.9606 0.9462 0.9776 0.9486
0 .8 0.9692 0.9430 0.9850 0.9526 0.9706 0.9536 0.9884 0.9518
0.9 0.9784 0.9456 0.9936 0.9516 0.9730 0.9496 0.9954 0.9554

o bt  = obr  =  0.3 o bt  = o br  =  0 .6 obt  = o br  =  0.5 o b t  ~  obr  =  1 .0
o w t  = own  =  0.3 o w t  — o w r  — 0.5

n P MLS GCI MLS GCI MLS GCI MLS GCI
8 0.7 0.9652 0.9582 0.9792 0.9544 0.9626 0.9588 0.9788 0.9552

0 .8 0.9712 0.9576 0.9852 0.9512 0.9744 0.9638 0.9832 0.9512
0.9 0.9722 0.9554 0.9956 0.9528 0.9758 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 0.9558 0.9876 0.9548 0.9712 0.9572 0.9874 0.9566
0.9 0.9776 0.9552 0.9944 0.9502 0.9808 0.9628 0.9964 0.9504

2 0 0.7 0.9652 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 0.9452
0.9 0.9744 0.9532 0.9956 0.9478 0.9752 0.9574 0.9970 0.9502

W hen (S =  0.05, the GCI intervals appear to do fairly well in m aintain ing the nominal 

coverage probability, w ith only I o u t of 96 coverage values less th an  94.7%. W hen <) 

increases to 0.15, there arc more eases where the coverage probabilities o f the G C I arc 

slightly lower th an  the nominal level. W ith  12 out o f 96 values less th a n  94.7%, and 

2 values less th an  94%. On the o th e r hand, the coverage of the MLS intervals is quite 

high, sometimes exceeding 99.5%. N either result is surprising. C hap ter 3 showed th a t the 

G PV , the testing analogue of the G C I, produced slightly anti-conservative tests o f PBE, 

especially as the absolute value of S increased. They also showed th a t  MLS intervals for 

PB E  produced very conservative te s t procedures, which had  a  detrim ental effect on  the 

power of these procedures.
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Tabic 3 addresses the  coverage of intervals for Q p b e  when th e  hypothesis o f equiv­

alence, which here is the alternative hypothesis, is true. Since wc are also in terested  in 

the perform ance of these intervals when th e  null hypothesis o f non-equivalence is true , we 

present T able 4 for completeness, which shows sim ulation results for param eter com bina­

tions th a t produce values o f Q p b e  greater th a n  2 , well outside the  region of equivalence.

T ab e  4 . Estim ated coverage of procedures MLS and GPV for PB E
6  = 0.15

o b t =  0.3 o b t = 0.46 o b t = 0 .6 OBT = 1 .0

o b r = 0.15 o b r = 0.23 o b r = 0.3 o b r = 0.5
OW T =  0.15 o w t =  0.23 o w t = 0.3 o w t = 0.5
o w n = 0 .1 o w n =  0 .2 o w n = 0 .2 o w n = 0.4

n P MLS GCI MLS GCI MLS GCI MLS GCI
8 0 .7 0.9528 0.9406 0.9638 0.9366 0.9756 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 0.9524 0.9306 0.9724 0.9470 0.9758 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

2 0 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 G C I in Table 4 is slightly lower th a n  the  nominal coverage 

probability, w ith  most values less than 95%, b u t only 5 ou t o f 48 less than  94%, an d  none 

less th an  93%. On the o th er hand, the MLS intervals all m ain tain  the  nominal coverage, 

although som e coverage probabilities are very high, sometimes in  excess of 99%. Again, 

neither resu lt is surprising, in light of the re su lts  of C hapter 3. We will discuss these result 

further in th e  next section.

7.5 D isc u ss io n

The generalized confidence intervals (G C I) for IBE appear to  do quite well in  m ain­

taining th e  nom inal coverage probability, an d  to  be com parable to  th e  corresponding MLS 

intervals o f Quiroz e t  al .  (2002) with respect to  this coverage. T he only circum stance 

where the  coverage of the  G C I intervals d ips very slightly below th e  nom inal level is when
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&w r  =  0.2, the changeover point from constan t to  reference scaling. GCI intervals for 

PB E  can  tend  to  have coverage slightly below th e  nom inal level, especially as S s ta r ts  to  

deviate from  0. Wc saw in Table 3 th a t th e  coverage of the deteriorates slightly when 

S goes from  0.05 to 0.15. However, it seems th a t values of S g reater than  0 .1  arc rare 

in biocquivalence studies (Henncy, 1999), a t  least for generic products th a t have gained 

regulatory approval in the past 2 decades. O th e r than  the obvious selection bias, th is ob­

servation suggests th a t the m ean is a relatively easy m ark to hit for a  com petent chemist 

a t a  generic m anufacturer, even though he docs not know the the explicit details of how 

the innovator (i.e., reference) product was com pounded. Taking this and the fact th a t 

some sort o f average biocquivalence is needed in  order to  conclude P B E  (FDA, 2001), the 

practical significance of the  GCIs for PB E falling slightly below the nominal level may 

be attenua ted . On the o ther hand, the MLS intervals arc very solid when it comes to 

m aintaining nominal coverage. But, as wc will sec, their application in testing procedures 

for biocquivalence can tend to  be overly conservative, especially w ith  respect to PB E .

Having prim arily exam ined interval coverage in this paper, the question of com par­

ative interval length comes to  mind. Wc address this question by referring to 2 o ther 

sources. T h e  first is Chiang (2001), whose m ethod  of surrogate variables (SV) is exactly 

the sam e as the procedure wc have outlined for GCIs. Table 8  in C hiang shows ratios 

of interval lengths for equal-tailed SV (GCI) and  MLS intervals for a param eter th a t is 

estim ated by taking the difference of means squares, sim ilar to the constant-scaled criteria 

for IBE and  PBE. This tab le shows th a t th e  2 methodologies produce intervals for this 

param eter th a t arc almost identical in length. Table 10 in Chiang shows ratios of intervals 

lengths for a  ratio  param eter th a t is estim ated by a  difference of m ean squares is th e  nu­

m erator and  has a  mean square in the denom inator, sim ilar to the reference-scaled criteria 

for IBE and  PBE. Here there appears to be a  tendency for the equal-tailed SV (GCI) in­

terval to  be slightly shorter th a n  its MLS coun terpart. These results suggest th a t th e  G C I 

intervals for biocquivalence should at least b e  no longer than  the  MLS intervals. Even 

more suggestive are the power results we presen ted  in  C hapter 3 (note th a t the generalized 

p-value (G PV ) is the hypothesis testing analog o f the  G CI). T here  we showed th a t  the
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G PV  had slightly b e tte r  power than  the MLS procedure for IBE, and  th a t the G PV  was 

significantly more powerful than  the MLS for PBE. T h e  large power difference between 

the G PV  and b o th  the MLS and FDA tests for P B E  appears to  be due to the  la tter 2 

tests ignoring the  sta tis tica l dependence between the  sufficient statistics in this problem. 

This leads to  intervals th a t arc excessively long for P B E , as we saw in the exam ple given 

above. Since the  generalized test variable (GTV) of th e  G PV  and the generalized pivotal 

quantity  of the G C I are closely related (they arc alm ost always e ither identical or one a 

one-to-one function of the other), we expect GCI intervals to  shorter th an  MLS intervals 

in critical cases for IBE, and in general for PBE.

In our experience w ith GPVs in the previous chapters, wc have found th a t conclusions 

draw n from exam ining 4 period study  designs tend to  generalize to 3 period study  designs 

and even to the evaluation of PB E in a 2 x 2 study  design. Therefore, wc expect our 

results for GCIs also to generalize to o ther study designs. T his assertion also seems to 

be confirmed by som e special cases we have looked a t  for o ther designs used to assess 

biocquivalence.

In this chapter, wc have presented G PQ s and G CIs for IBE and  PB E arc in the same 

scale, respectively, as Q ib e  and Q p b e • Wc can as easily  generate G PQs and GCIs for 

the linearized c rite ria  of the FDA guidance docum ent, o r for any arb itra ry  scale th a t wc 

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 th a t  their MLS intervals, as our 

GCIs, arc in the  sam e scale as Q i b e  and Q p b e ■ We would tem per this assertion with 

the  following observations. The scale o f the linearized crite ria  is the  same as the  scale 

o f the  variance o f th e  m ean difference of the log-transform ed d a ta . This may lend some 

intuitive in terp re ta tion  to intervals based on the linearized crite ria-o ftcn  the variance of 

the mean on a  log-transform ed scale is interpreted as a  squared coefficient of variation 

{C V 1)-a lthough  it should be noted th a t the length o f these intervals is a  function of the 

treatm ent variances, which is probably why the FDA chose to im plement scaled criteria 

for IBE and PB E . T h e  GCI and MLS intervals, on  the  o th e r hand , are on a  unitless scale. 

Quiroz et al ap p ear to  take for granted th a t this scale has ‘m ore m eaningful interpretations
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(pg. 1840).’ T he individual and  population biocquivalencc c rite ria  are constructed  by 

taking a  d istance metric (Schall and Luus, 1992) and dividing by a  scale factor based on 

the variation of the reference formulation. Consider the sta tem en t, ‘the distance between 

form ulations is less th an  or equal to 1.5 tim es the  reference variance w ith 95% certain ty .’ 

Because of th e  novelty of the the  param eters in  question, we are no t sure what the  m eaning 

of this s ta tem en t would be to  a  pharm acologist, o ther than  w hether 1.5 is greater or less 

than the regulatory upper bound. Therefore, it is not necessarily given that one scale is 

preferable to  any other. However, as investigators and regulatory  agencies gain greater 

experience w ith IBE and PB E , it is possible th a t the intervals th a t both we and  Quiroz 

et al. have proposed will also gain intuitive meaning, potentially  m aking them useful tool 

for assessing IBE and PBE. I t  should also be noted th a t, since th e  G PQ  for the linearized 

criteria is a  one-to-one function of the G P Q  th a t  we present, we can  generate G C Is w ith 

the exact sam e coverage probabilities as those we com puted above on the same scale as 

the H yslop/FD A  intervals.

In conclusion, we would recommend th e  G C I over MLS intervals on two counts: the 

coverage of the  GCI intervals appears to be adequate, and the G C I intervals arc analogous 

to testing  procedures, nam ely the  GPV tests, th a t arc more powerful than tests derived 

from the  MLS intervals. We feel th a t the slight anti-conscrvativcncss of the G C I intervals 

for PB E  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

C O N C L U SIO N

8.1 Sum m ary o f  Prim ary C onclusions

In this dissertation, we have derived new tests for the  FDA individual and  popula­

tion biocquivalcncc param eters using the  generalized p-valuc methodology, we have used 

generalized confidence intervals to construct interval estim ates for these sam e param eters, 

and  we have shown th a t these m ethods produce viable ways to evaluate these same pa­

ram eters. These m ethods have been derived for the m ost likely experim ental designs for 

evaluating biocquivalcncc, and have been rigorously assessed for a large p a r t of the likely 

param eter space. In the course of these investigations, we have addressed the following 

im portan t statistical and  practical issues:

1 . We have derived a test th a t is not discontinuous when one switches from constant 

to  reference scaling in the biocquivalcncc criteria.

2. We have derived a  test th a t is more powcrfiil than  the  test recom m ended by the FDA 

for population biocquivalcncc. T his tes t was constructed  by taking in to  account the 

dependence s tru c tu re  of the sum m ary statistics, going beyond the  assum ption that 

most researchers in field have made: th a t the sta tistics used to estim ate  the variance 

com ponent functions are independent.

3. We have exam ined the efficiency, b o th  asym ptotically and empirically, of the most 

likely bioequivalence study  designs. We have also presented a strong  case for using 

the sequence-balanced 3-pcriod crossover design instead of the 3-pcriod design in 

the  FDA guidance.
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4. Wc have suggested strategics for addressing some of th e  issues related to  particular 

designs, e.g., the non-idcntifiability of and a \VT in th e  3S3P design.

A som ewhat unusual characteristic o f the FDA biocquivalcncc param eters is that 

they are  functions of b o th  fixed effects and variance com ponents. From the success of the 

generalized p-valuc and th e  generalized confidence interval in assessing these param eters, 

it appears th a t these m ethods should be useful for assessing general functions o f fixed and 

variance param eters from linear mixed models. We believe th a t th is dissertation represents 

significant contributions to  a  very timely and  im portant topic.

8.2 Topics for Future S tu d y

8.2.1 T heoretical properties o f G P V s and GCIs

O u r investigations have concentrated on the properties of generalized p-valucs and 

generalized confidence intervals for specific functions of the param eters of a linear mixed 

model for relatively small sam ples. O ther investigations into sim ilar problems have been 

conducted by o ther researchers, such as Zhou and M athew (1994) and  Chiang (2001). Zhou 

and M athew  (1996) sta ted  th a t ‘the test based on the generalized p  value [sic] does have 

theoretical justifications, and  m any theoretical properties are know n.’ However, proofs for 

the results th a t they cite are not available in the published littc ra tu rc . W eerahandi gives 

o ther properties in his book (1995) where he relies on the results th a t Meng (1994) derived 

for posterior predictive p-valucs, e.g., th a t the size of a G PV  te s t is bounded by 2 a , where 

a  is th e  nom inal size of the test. The results of Meng appear only to be applicable when 

there is a Bayesian test th a t corresponds to the GPV test, as w ith the Bchrcn-Fisher 

problem .

As wc have noted, G PV  tests have m any sim ilarities to  b o th  fiducial an d  Bayesian 

m ethods. T he link to  fiducial appears to be very strong, b u t th e  lack of a  general theory of 

fiducial inference-fiducial argum ents for a  specific inferential approach arc usually  made 

on a case by case basis-weakens the usefulness o f this connection. A stronger connection
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to  Bayesian m ethods would endow the  G PV  and G C I w ith  many desirable properties, b u t 

a t present this connection is som ew hat tenuous. E stablishing a stronger, more general 

link between the G PV  and the PPV , i.e., whether an d  when one can derive a discrepancy 

variable and specify a prior d istribu tion  so th a t the  2  methods give identical answers, 

would be extrem ely useful in docum enting the theoretical properties of the G PV  an d  

GCI.

8.2 .2  A nalytic approxim ations

There is little  or no literature on the  actual sam pling (or even approxim ate) d is trib u ­

tions of the generalized test variable an d  generalized p ivotal quantity. W ith  the availability 

o f relatively inexpensive computing power, one can calculate GPVs and  GCIs for a p a rtic ­

u lar set of da ta  practically instantaneously. But the s tu d y  of statistica l properties requires 

sim ulation studies th a t use much m ore time and com puting power. Therefore, analy tic  

m ethods such as saddlcpoint approxim ations would be very useful. W hile good second- 

order (or higher) approxim ations would not be likely to  replace the M onte Carlo m ethods 

for com puting G PV s and GCIs for individual d a ta  sets, they could prove indispensable 

for studying properties such as sta tis tica l power and th e  median length of GCIs. Such ap­

proxim ations could also be very useful in studying how variations of underlying param eter 

values and sufficient statistics effect the  properties o f G PV  tests, e.g., why does the  size 

of test increase when o w r  is close to  ero =  0.2. T hey could also be useful for exploring th e  

theoretical properties of the G PV and  GCI, assisting in  the investigations in the previous 

subsection.

8.2 .3  Interval estim ates for th e  subject-by-form ulation  in teraction

One of the problem s w ith the  disaggregate crite ria  approach for individual is th a t  

th e  d istribution of the subject-by-form ulation in teraction , crD, is generally in trac tab le  

(Chow and Liu, 2000). Fortunately, all of the m ethods th a t wc have discussed-the Howe 

m ethod  (1974), th e  modified large sam ple m ethod (B urdirk and G raybill, 1992), an d  

th e  G C I-can be used to com pute approxim ate intervals for this param eter. Even th e
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methodology of Tiikcy (1951) and  Williams (1962) can be adap ted  to  this problem. Given 

the im portance of this param eter to the FDA, a  study  of the relative m erits of each of the 

above methodologies with respect to the interval estim ation of a 2D is in order. A nd since 

the variability o f estimates o f <t|j appears to  be a  function of the  w ith in-subjcct variabilitcs 

(Endrcyi, Taback, and Tothfalusi , 2000), s tudy  of an appropriately  scaled version of the 

subjcct-by-form ulation interaction might also be m erited. One intriguing candidate for a 

scaled subjcct-by-form ulation interaction is

a \\’T  +  ° H ’ ff

a function for which an ‘exact’ interval estim ate exists.

8.2.4 Popu lation  equivalence

Placebo-controlled clinical trials have historically been the  stan d ard  route for eval­

uating the efficacy of novel therapies. B ut the  proliferation of me too products {e.g., a 

novel calcium-channcl blocker currently in clinical development for the  trea tm ent o f hy­

pertension is a  me too drug, since there are several calcium-channcl blockers th a t have 

already been approved and m arketed for th is indication) has led to concerns, especially 

in the in ternational community, concerning the  standard  of care in and appropriateness 

of some placebo-controlled clinical trials. More and more, developers of me too drugs 

are being encouraged to use active controls instead of placebos in  their clinical trials. In 

an  activc-control trial, the goal is to show th e  non-inferiority  o f the  novel p roduct w ith 

respect to the  appropriate active control. T he hypothesis of non-inferiority is the union of 

the hypotheses of equivalence and  superiority. M any 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 param eter

S2 + &%, — cr2R
m a x {cr \,a g) ’

where 8 is th e  m ean treatm ent difference, R  is the  active com parator, and T  is the novel 

therapy. We could conclude population equivalence if we can show th a t w ith some specified
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assurance th a t this param eter is less than some upper bound th a t would probably have to 

be determ ined for each ease individually. Note th a t, in all likelihood, the d ata  will come 

from a study w ith  a  parallcl-group design: in this case, the  dependency between estim ates 

of ( j f  and a \  is no longer an  issue. In this approach, slight superiority  of the active 

com parator (i.e ., 6 < 0) could be offset if the novel therapy has less paticn t-to -paticn t 

variability. T h e  obvious disadvantage of this approach is th a t wc want to allow (and  even 

encourage) larger positive values of S, i.e., allow the novel therapy to  be superior. An 

alternative param eter might be

sg n (—S)S2 +  erf. — <r\ 
max{o\,0%)

The emphasis on the  tradeoff betw een com ponent param eters is even stronger here th an  

it was for individual and population  biocquivalcncc. However, by m anipulating th e  sign 

of d2 wc lose the in terpretation  o f the num erator as a distance m etric. There is also a 

question of w hether this param eter provides any useful inform ation beyond w hat can  be 

extracted by assessing estim ates o f the mean difference param eter S.

8.2.5 M ore general dependency structures

Both Zhou and Mathew (1994) and Chiang (2001) only considered problems in which 

the sufficient statistics were independently d istribu ted . To derive our test for popu lation  

biocquivalcncc, wc needed to consider dependent sufficient statistics, and  the m ultivari­

a te  generalization of the x 2 d istribu tion , the W ishart. McNally (2002, see A ppendix C) 

discussed a sim ilar generalization of the methodology o f Wolfingcr an d  Kass (2000) also 

applied to P B E . T he dependency structure in th is problem  is often called exchangable or 

compound sym m etry  in mixed m odels literature. Extending our m ethods to  more general 

dependency structu re , such as first-order autoregressive or unstructured  could be very use­

ful in the analysis o f longitudinal d a ta , especially in  studies w ith relatively small num bers 

of subjects.
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8.2.6 Other topics

Here arc some o th er topics for which th e  GPV methodology may prove useful:

1. M ultiple com parison and  testing situations, especially when the results o f tests arc 

dependent on each other.

2. M eta-analysis: reaching a  single conclusion based on sum m ary results from two or 

more investigations.

3. M ultiple im puta tion  for missing data , along the lines discussed in M eng (1994).
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/ * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * *

VGR.MI3.SAS
This program does HSCI, MLS, and GPV procedures for  the IBE/2S4P 
of verapamil (E sinhart and C h ic h i l l i ,  1994).
This i s  Example 1 in  Chapter 3 , Section  4 .1 .

options ps=»64 ls*120  nodate nonumber; 
t i t l e  'Verapamil IBE’ ; 
libname mi3 ’j : \m i3 ’ ; 
run;
•input data; 
data hw5;
do sub = 10 to  32; 
input seq <5(3; 
do period = 1 to  4; 
input t r t  $ auc 99; 
lnauc » lo g (a u c ) ; 
output;
end;
end;
d a ta lin e s ; 
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
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
4 R 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 T 611.83 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
) 1 M

run;
i
i
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•compute e s t . o f model param eters;
proc mixed data*hw5 method=reml m axiter*500 n o itp r in t  n oclp rin t;  
c la s s  seq sub period t r t ;
model lnauc=seq period t r t  se q * p e r io d (tr t) /  ddfm =satterth; 
random trt/su b ject= su b (seq ) type=un g; 
repeated /grou p= trt; 
lsm eans t r t ;
e stim a te  'F' t r t  -1 1 /  c l  alpha*0.1;
ods output g=gm;
ods output covparms*cv;
ods output estim ates*d f;
run;
q u i t ;

data cv; s e t  cv(where*(covparm*1R esid u a l1))  end*eof;
i f  grou p * 'tr t R’ then sw r*estim ate;
i f  grou p * 'tr t T’ then sw t*estim ate;
r e ta in  swr;
keep swr sw t;
i f  e o f  then output;
run;

data gm; se t  gm end*eof; 
i f  row=l then s l= c o ll;
i f  e o f  then do; s2=col2; s d * s l+ s2 -2 * c o ll; output; end; 
r e ta in  s i ;  
keep sd s i  s2; 
run;
•compute HSCI;
data b a l l;  merge cv gm d f(k eep *estim ate);
m il=(estim ate*estim ate+sd+sw t-sw r);
mi3*mil/max(swr ,0 .0 4 );
e_i*sd+(sw r+sw t) / 2 ;
e_d=estim ate*estim ate;
e_ t*sw t/2 ;
e _ r * -3 . 9948*swr;
t = t in v (0 .9 5 ,1 9 ) ;
h_d=(abs (estim ate) +t*sqrt (0 . 7 * e _ i/1 6 )) **2;
q u = cin v(0 .9 5 ,1 9 );
q l* c in v (0 .0 5 ,19);
h _ i* 1 9 * e _ i/q l;
h _ t*19*e_ t/q l;
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= (h _r-e_r)**2;
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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 prin t d a ta * b a ll; 
run;
•compute MLS;
data tin g ; merge cv gm df (keep=*estimate); 
s_0=0.04;
e ta O = (( lo g ( l.2 5 ) )**2 + 0 .0 5 )/s_ 0 ;
sn*23;
nu=19;
d=estim ate;
m_i=sd+(swr+swt) / 2 ;
m_t=swt;
m_r=swr;
ssdrug=sn*d*d;
••• •T h is  s tu f f  i s  d irec t from Burdick sim u lation  program****; 
lam bhat=ssdrug/(2*M _i);
n sta r= in t( ( l+2*lambhat) **2/(l+4*lam bhat))+1;
f l5 * c in v (0 .0 5 ,n u )/n u ;
fu2=cinv(0 .9 5 ,n u )/n u ;
f l6 = f in v (0 .0 5 ,n s ta r ,n u );
f l7 = f in v (0 .0 5 ,n u ,n u );
hd= n star/cinv( 0 .0 5 ,n sta r)-1;
h i = l / f l 5 - l ;
h t* h i;
g r * l- l /fu 2 ;
hdr* ( ( 1 -f  16) **2- (hd*f 16) **2-gr**2) / f  16 ; 
h ir » ( ( l- f l7 )* * 2 - (h i* f l7 )* * 2 -g r * * 2 ) /f l7 ;  
h tr * h ir ;
k l* ssd ru g /(sn ) + (1 -1 /  ( sn )) *m_i+. 5*m_t; 
k2=m_r;
rh oh tib e= k l/k 2;
k6=(hd*ssdrug/(sn)) **2+(hi*( 1 - 1 / ( s n ) ) *m_i)**2+(h t* . 5*m_t)**2; 
k7=hdr/ (sn) *ssdrug*m_r+ hir* (1 -1 /  ( sn )) *m_i*m_r+htr*. 5*m_t*m_r; 
k8=(gr*m_r)**2; 
i f  (m_r gt s_0) then do;
vu ib er= (2+ k 7 /(k l*k 2 ))**2 -4* (l-k 8 /k 2**2 )* (l-k 6 /k l**2 ); 
um lsi=rhohtibe*( (2+k7/(kl*k2)+sqrt (vuiber) ) / ( 2 *  ( l-k 8 /k 2 * * 2 )) ) -1 .5 ;  
end;
e ls e  do;
vustar*k 6+ (l.5 ) **2*k8+l. 5*k7; 
u m ls i* (k l- l . 5*k2+sqrt (vustar)) / s _ 0 ; 
end; 
run;

proc p r in t data*ting;
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run;
•compute GPV;
data c a l l ;  merge cv gm df (keep *estim ate); 
m il= (estim ate*estim ate+sd+svt-sw r); 
m i3=m il/m ax(swr,0.04 );  
s_i=sd+(swr+swt) / 2 ; 
nu=19;
c = s q r t (0 .7 ) ; 
d= estim ate; 
ssu= nu*s_i; 
ssv=nu*swt; 
ssw*nu*swr; 
eta0*2.4948; 
s0*0 .04;
do i * l  to  50000;
2 =normal(0 ) ;
u=2*rangam (0,nu/2);
v=2*rangam (0,nu/2);
w=2*rangam(0,nu/2);
e _ d = d -(c * z * sq r t(s su /1 6 )) /sq r t(u );
e_ i= ssu /u ;
e _ t= ssv /v ;
e_r*ssw/w;
t*  C( ( 1 . 5*ssw)/w)+eta0*max(ssw/v, sO)) / ( (e_d *e_d )+ e_ i+ (e_ t/2 )) ;  
p iv= ((e_d *e_d )+ e_ i+ (e_ t/2 )-((l.5*ssw )/w ))/(m ax(ssw /M ,sO ));  
p s i= ( t  I t  1); 
o u tp u t; 
end;

proc u n ivar ia te;  
var p s i  p iv; 
run;

HPH.IBE.SAS
This program does HSCI, MLS, GPV procedures, 
and GCIs, fo r  the IBE/2S4P 
of m ethylphenidate (Meyer e t a l ,  2000).
This i s  Example 2 in  Chapter 3, S ec tio n  4 .2 .
I t  i s  a lso  the example in  Chapter 7 , S ection  3 .3 .

op tion s ps*64 ls*120  nodate nonumber; 
t i t l e  ’R ita lin  data/IB E’ ; 
libname mi3 ’j : \m i3 ’ ; 
run;
• input data from Excel spreadsheet provided by Drs. Meyer and Straugh; 
PROC IMPORT OUT* WORK.mph
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DATAFILE® "J:\mi3\MPH.xls"
DBMS*EXCEL2000 REPLACE;

GETNAMES-YES;
RUN;
♦do log  transform; 
data mph; s e t  mph;
ln au c* log(au c); ♦change input va r ia b le  to  cmax to  do other a n a ly s is ;  
run;
♦compute e s t .  of model parameters;
proc mixed data*mph method*reml maxiter=500 n o itp r in t  n oclp rin t;  
c la ss  sequence su b ject week treatment;
model lnauc*sequence week treatment sequence^week(treatm ent)/ ddfm =satterth; 
random treatm ent/subject=subject(sequence) type=un g; 
repeated/group=treatm ent; 
lsmeans treatm ent;
estim ate ’F’ treatment -1 1 /  c l  alpha=0.1;
ods output g=gm;
ods output covparms=cv;
ods output estim ates= d f;
run;

data cv; s e t  cv(where=(covparm=’R esid u a l’ )) end=eof ;
i f  group*'Treatment 1' then sw r*estim ate;
i f  group*'Treatment 2 ’ then sw t=estim ate;
re ta in  swr;
keep swr swt;
i f  eof then  output;
run;

data gm; s e t  gm end*eof; 
i f  row*l then s l* c o l l ;
i f  eof then do; s2*co l2 ; sd * s l+ s2 -2 ^ c o ll; output; end; 
re ta in  s i ;  
keep sd s i  s2; 
run;
♦compute HSCI;
data b a l l;  merge cv gm d f(k eep = estim ate);
m il= (estim ate*estim ate+sd+svt-sw r);
mi3=mil/max(swr,0 .0 4 );
eta0=2.4948;
e_i=sd+(swr+swt)/2;
e_d*estim ate^estim ate;
e_ t* sw t/2 ;
e_ r* (-l.5 -e ta 0 ^ (sw r  g t  0.04))^swr; 
t* t in v (0 .9 5 ,1 6 ) ;
h_d*(abs(estim ate)+ t^ sqrt(0 .8 ^ e_ i/1 6 ))♦♦2; 
qu*cinv(0.9 5 ,1 6 );
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q l= c in v (0 .0 5 ,1 6 ); 
h _ i= 1 6 * e_ i/q l; 
h_t= 16*e_t/q l; 
h_r=16*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=Ch_r-e_r)**2;
h_m i3=(e_d+e_i+e_t+e_r-0.04*eta0*(swr le  0 .0 4 ) ) ;
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=estim ate) ; 
s_0*0.04;
e ta 0 * (( lo g (1 .25 ))**2  + 0 .0 5 ) /s _ 0 ;
sn*20;
nu=16;
d=estim ate;
m_i*sd+ (swr+s wt) / 2 ;
m_t=swt;
m_r=swr;
ssdrug=sn*d*d ;
••••T h is  s tu f f  i s  d ir e c t  from Burdick sim ulation  program****; 
lambhat=ssdrug/(2*M _i);
nstar=int ( ( l+2*lambhat) **2/ ( l+4*lambhat)) +1;
f15=cinv( 0 .0 5 ,nu )/n u ;
fu2=cinv(0.9 5 ,nu)/nu;
f l6 = f in v (0 .0 5 ,n s ta r ,n u );
f l7 = fin v (0 .0 5 ,n u ,n u );
hd=nstar/cinv( 0 .0 5 ,n sta r ) -1 ;
h i * l / f l 5 - l ;
h t= h i;
g r * l- l /fu 2 ;
h d r » ((l-f l6 )* * 2 -(h d * fl6 )* * 2 -g r * * 2 )/f l6 ;  
h ir * ( ( l - f  17) * * 2 -(h i* f1 7 )* * 2 -g r* * 2 )/fl7 ; 
h tr* h ir ;
kl*ssdrug/ (sn )+ (1 -1 / ( s n ) ) *m_i+. 5*m_t; 
k2*m_r;
rhohtibe=k l/k2;
k6=(hd*ssdrug/ ( s n ) ) **2+(h i*  ( 1 - 1 / (sn )) *m_i) **2+(ht* .5*m_t) **2; 
k7*hdr/(sn) *ssdrug*m_r+ h ir*  (1 -1 /  (sn )) *m_i*m_r+htr*. 5*m_t*m_r ; 
k8=(gr*m_r)**2; 
i f  (m_r gt s_0) then do;
vu ib er= (2+ k 7 /(k l*k 2 ))**2 -4* (l-k 8 /k 2**2 )* (l-k 6 /k l**2 );
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um lsi*rhohtibe*( (2+ k 7/(k l*k 2)+ sq rt(vu ib er)) /(2 *  ( l-k 8 /k 2 * * 2 )) ) - 1 .5 ;  
end;
e l s e  do;
v u sta r* k 6 + (l.5 ) **2*k8+l.5*k7; 
u m ls i* (k l- l . 5*k2+sqrt(vustar)) / s _ 0 ; 
end; 
run;

proc p r in t data=ting; 
run;
•compute GPV;
data c a l l ;  merge cv gm d f(k eep = estim ate); 
m il= (estim ate*estim ate+sd+sw t-sw r); 
mi3=mil/max(swr,0 .0 4 ) ;  
s_i=sd+(sw r+sw t)/2;  
nu=16;
c = s q r t (0 .8 ) ;
d= estim ate;
ssu=nu*s_i;
ssv=nu*swt;
ssw=nu*swr;
eta0=2.4948;
s0= 0 .04;
do i= l  to  50000; 
z=norm al(0); 
u=2*rangam (0,nu/2); 
v=2*rauigam(0,nu/2); 
w=2*rangam(0,nu/2); 
e _ i* ssu /u ;
e _ d * d -c * z* sq r t(e _ i/1 6 );
e _ t* ssv /v ;
e_r*ssw/w;
t* (l.5*e_r+ eta0*m 2u c(e_r,s0 ))/((e_d *e_d )+ e_ i+ (e_ t/2 ));
p iv = ((e_ d * e_ d )+ e_ i+ (e_ t/2 )-1 .5 * e_ r )/(m a x (e_ r ,s0 ));
p s i= ( t  I t  1);
p h i= (p iv  g t etaO );
ou tp u t;
end;

proc u n ivaria te;  
var p s i  phi p iv;  
run;

VER_MP3. SAS
This program does HSCI, MLS, and GPV procedures fo r  th e  PBE/2S4P 
o f  verapamil (Esinhart and C h ic h i l l i , 1994).
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This i s  Example 1 in  Chapter 3 , Section  5 .1 .  
* * * * * * * « * * * * * * * * * , * * * * ,* * * * * * * * * * * * * * * * * * /

options ps=64 ls=120 nodate nonumber; 
t i t l e  'Verapamil PBE’ ; 
libname st740  ’j: \s t7 4 0 p h ’ ; 
run;

•in p u t, transform  data and compute s t a t i s t i c s ;  
data hw5;
input seq t l  $ c l  t2  $ c2 t3  $ c3 t4 $ c4; 
l a l  = l o g ( c l ) ; 
la2  * lo g ( c 2 ) ; 
la3  = lo g (c 3 )  ; 
la4  * lo g (c 4 );  
i f  seq^l then  do; 

u t= (la l+ la 3 ) /2 ;  
u r= (la2+ la4)/2 ;  
v ta,( la l - l a 3 ) / s q r t ( 2 ) ; 
v r * ( la 2 - la 4 ) /s q r t (2 ) ; 
end;

i f  seq=*2 then  do; 
u r = (la l+ la 3 ) /2 ;  
u t= (la 2 + la 4 ) /2 ; 
v r * ( la l - la 3 ) / s q r t ( 2 ) ; 
v t * ( la 2 - la 4 ) /s q r t (2 ) ; 
end;

i f  seq=3 then do; 
u t= (la l+ la 4 ) /2 ;  
u r= (la2+ la3)/2 ;  
v t = ( la l - la 4 ) / s q r t ( 2 ) ; 
v r = ( la 2 - la 3 ) /s q r t (2 ) ; 
end;

i f  seq*4 then  do; 
u t* (la 2 + la 3 )/2 ;  
u r * ( la l+ la 4 ) /2 ;  
v t * ( la 2 - la 3 ) /s q r t (2 ) ; 
v r * ( la l - la 4 ) / s q r t ( 2 ) ; 
end;
i*u t-u r;  

d a ta lin e s ;
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
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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
4 R 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 T 611.83 R 711.83 T 255.66 R 396.34
2 R 125.98 T 203.73 R 294.89 T 284.17
3 T
I I I ;

run

849.39
1

»

R 763.20 R 517.79 T 292.56

♦ compute sigma_211;
proc glm data=hw5 outstat=tx(w here=(_type_=’ERRQR’ ) ) ;  
c la s s  seq;
model ur*seq ut /  so lu tio n ;
run;
q u it ;

proc so r t data*hw5; 
by seq;
♦compute s t a t i s t i c s  fo r  each sequence;
proc un ivariate  data*hw5 noprint;
var ut ur vt vr i ;
output out»st m ean *il-i5  c s s* s l-s 5 ;
by seq;
run;
♦compute cross product for  each s e q . ; 
data xp; merge hw5(in=a) s t;  
by seq; 
i f  a;
i f  f i r s t . s e q  then sxp=0; 
x p = (u t - i l )^ (u r - i2 ) ; 
sxp=sxp+xp; 
r e ta in  sxp;
i f  l a s t .s e q  then output; 
run;
♦ f in is h  computing summary s t a t i s t i c s ;  
proc u n ivaria te  noprint; 
var i5  s l - s 5  sxp;
output out*st2  sum*i s s l  ss2  ssu t ssu r  s s i  s s l2 ;

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



186

run;

data s t2 ;  s e t  s t2 ;  
nu=19;
s ig 2 i= ss i/n u ;
d = i/4 ;
run;

•compute HSCI; 
data b a l l;  se t  s t2 ;  
s_0=0.04;
e ta 0 = ( ( lo g ( l .25))**2  + 0 .0 2 )/s_ 0 ;
e_d=d*d;
e _ l* s s l/n u ;
e_2*ssw t/(2*n u );
e_3=-(l+etaO *(ssvr/nu  g t s_0 ))*ss2 /n u ;  
e_4= -(l+eta0*(ssw r/nu  gt s_0 ))* ssw r/(2*n u ); 
t * t in v ( 0 . 9 5 ,n u );
h _d*(abs(d )+ t*sqrt( 0 .7 * s ig 2 i/1 6 ))•*2 ;
q u *cin v (0 .95 ,n u );
q l= c in v (0 .0 5 ,n u );
h_l=*nu*e_l/ql;
h_2=nu*e_2/ql;
h_3=*nu*e_3/qu;
h_4*nu*e_4/qu;
u_d=(h_d-e_d)*»2;
u _ l= (h _ l-e _ l)**2;
u_2=(h_2-e_2)**2;
u_3=(h_3-e_3)**2;
u_4=(h_4-e_4)**2;
h_mi3=(e_d+e_l+e_2+e_3+e_4-eta0*s_0*(sswr/nu l e  s_ 0 ))
+sqrt(u_d+u_l+u_2+u_3+u_4);
run;

proc p r in t d a ta= b a ll; 
run;
•compute MLS;
data t in g ;  s e t  s t2 ;
s_0*0.04;
etaO *C(logCl.25))**2  + 0 .0 2 )/s_ 0 ;
s tt* 2 * ss l/n u ;
srr=2*ss2/nu;
st=ssw t/nu;
sr*ssw r/nu;
sn*23;
ssd*sn*d*d;
lam b d a= ssd /(2»sig2 i);
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n sta r = c e il( ( l+2*lambda)* ( l+2*lambda)/ ( l+4*lambda));  
sd t* 2 * ssd /sn + stt+ st;
n d t» c e il(sd t* sd t/(4 * ssd * ssd / (sn * sn * n sta r)+ (stt* stt/n u ) + (s t* s t/n u )  ) ) ; 
i f  (srr+sr g t 2*s_0) then do; 
src*srr+ sr;
n r c * c e il(sr c * sr c /( (sr r * sr r /n u )+ (sr * sr /n u )) ) ;  
f  l= f inv (0 .0 5 ,n d t,nu); 
f2 = fin v (0 .9 5 ,n u ,n d t); 
f3 * fin v (0 .0 5 ,n r c ,n u ); 
f4 * f in v (0 .9 5 ,n r c ,n d t) ; 
c0 * l-2 /n r c ; 
c2»(c0-f3)**2;
c l= ((cO *(f2 -1 ))* * 2 )-c2 * f2 * f2; 
c3*(f4-c0)**2;
c4=( (cO *(1-f1 ))* * 2 )- c 3 * f l* f1; 
rhohat* (sd t-2*  s ig 2 i / s n ) /  sr  c ; 
v u l= c l* sd t* sd t+ 4 * c2 * sig 2 i* sig 2 i/(sn * sn ); 
vu 2= c3*sd t*sd t+ 4*c4*sig2 i»sig2 i/(sn *sn ); 
d t= sn * sd t/(2 * s ig 2 i);
i f  (dt le  f l )  then u_pber*cO *rhohat+sqrt(vu l)/src-l; 
e ls e  i f  (dt g t  f l )  then u_pber=c0*rhohat+sqrt(vu2)/src-l; 
end;
e ls e  do;
s ir= srr+ sr+ 2*sig2 i/sn ;
n ir * c e il(s ir * s ir /( (4 * s ig 2 i* s ig 2 i/(sn * sn * n u ))+ (sr r * sr r /n u )+ (sr * sr /n u )) ) ;  
h i* (n d t/c in v ( 0 .0 5 ,n d t))-1 ;  
g 2 * l-n ir /c in v (0 .9 5 ,n ir ) ;
c 5 * ((1 - f in v (0 .0 5 ,n d t ,n ir ) ) * * 2 -fin v (0 .0 5 ,n d t,n ir )
* f in v (0 .0 5 ,n d t ,n ir )* h l* h l-g 2 * g 2 )/f in v (0 .0 5 ,n d t ,n ir ) ;
vm 3*sdt*sdt*hl*hl+sir*sir*g2*g2+c5*sdt*sir;
u _p b ec*(sd t-sir+ sq rt(vm 3))/(2*s_0);
end;
run;

proc prin t; 
run;
•compute GPV;
data c a l l ;  merge st2  tx ;
k=sqrt(0 .7 /1 6 );
ss2 o n l* ss;
b = s s l2 /s s l ;
s_0*0.04;
e ta 0 = ( ( lo g ( l .2 5 ) )**2 + 0 .0 2 ) /s_ 0 ;
do i* l  to  100000;
z=normal(0);
zl2*norm al(0);
ul*2*rangam(0, nu/2) ;
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u2*2*rangam(0, ( n u - l ) /2 ) ;
ut*2*rangam(0 ,n u /2 );
ur=2*rangam(0 ,n u /2 );
sig2w t*ssw t/u t;
sig2w r*ssw r/ur;
s ig s q l* s s l /u l ;
lambdasq2=ss2onl/u2;
b eta= b -z l2*sq rt(lam b d asq 2 /ssl);
s ig i= s q r t(s ig s q l* (b e ta -1 )**2 + lambdasq2);
d e lta = d -k * sig i* z ;
sigsq2*lam bdasq2+beta*beta*sigsql;
gpvm p3=(delta*delta+ sigsq l+ sig2w t/2-sigsq2-sig2w r/2)/m ax(sigsq 2+ sig2w r/2 ,s_0);
psi=(gpvmp3 gt etaO );
output;
end;
run;

proc u n iv a r ia te ;
var psi gpvmp3 d elta ;
run;

MPH_PBE. SAS
This program does HSCI, MLS, GPV procedures, 
and GCIs, fo r  the PBE/2S4P 
of methylphenidate (Meyer e t  a l , 2000).
This is  Example 2 in  Chapter 3 , Section 5 .2 .
I t  i s  a lso  th e  example in  Chapter 7, S ec tio n  3 .3 .

options ps*64 ls=120 nodate nonumber;
t i t l e  'R ita lin  data/PBE’ ;
run;
• input data from Excel spreadsheet provided by Drs. Meyer and Straugh;
PROC IMPORT 0UT= WORK.mph

DATAFILE* " j :\m i3\m ph.xls"
DBMS=EXCEL2000 REPLACE;

GETNAMES-YES;
RUN;
•transpose data and do prelim inary c a lc u la t io n s ;  
proc transpose data*mph out*tm prefix*c;
var auc; •  change variab le  name to  cmax to  g e t  other a n a ly s is ;  
id  week;
by sequence su bject;  
run;
/ *
proc prin t; 
run;
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* /
data hw5; se t tm; 
l a l  = l o g ( c l ) ; 
la 2  = lo g (c 2 ) ; 
la 3  * lo g (c 3 ) ; 
la 4  = lo g (c 4 ) ; 
i f  sequence*3 then do; 

u t* ( la l+ la 2 ) /2 ; 
ur= (la3+ la4)/2 ;  
v t * ( la l - la 2 ) / s q r t ( 2 ) ; 
v r * ( la 3 - la 4 ) /s q r t (2 ) ; 
end;

i f  sequence*l then do; 
u r * (la l+ la 2 )/2 ;  
u t* (la 3 + la 4 )/2 ; 
v r = (la l- la 2 ) /s q r t(2 )  ; 
v t= ( la 3 - la 4 ) /s q r t (2 ) ; 
end;

i f  sequence=4 then do; 
u t= (la l+ la 4 ) /2 ;  
u r*(la2+ la3)/2 ;  
v t = ( la l- la 4 ) / s q r t ( 2 ) ; 
v r = ( la 2 - la 3 ) /s q r t (2 ) ; 
end;

i f  sequence=2 then do; 
u t= (la2+ la3 )/2 ;  
u r= (la l+ la 4 )/2 ;  
v t= ( la 2 - la 3 ) /s q r t (2 ) ; 
v r * ( la l - la 4 ) /s q r t ( 2 ) ; 
end;
i=»ut-ur;

run;
*compute summary s t a t i s t i c s ;
proc glm data*h«5 outstat»tx(w here*(_type_= ’ERROR’ ) ) ;  
c la s s  sequence;
model ur*sequence ut /  so lu tio n ;
run;
q u i t ;

proc sort data*hw5; 
by sequence;

proc univariate data*hw5 noprint;
var u t ur vt vr i ;
output out*st m ean=il-i5 c s s = s l- s 5 ;
by sequence;
run;
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data xp; merge hw5(in*a) s t ;  
by sequence; 
i f  a;
i f  f ir s t .s e q u e n c e  then sxp*0; 
x p * ( u t - i l ) * ( u r - i2 ) ; 
sxp*sxp+xp; 
r e ta in  sxp;
i f  l a s t . sequence then ou tp u t; 
run;

proc u n ivar ia te  nop rin t; 
var i5  s l - s 5  sxp;
output out=st2  sum=i s s l  ss2  ssv t sswr s s i  s s l2 ;  
run;

data s t2 ;  s e t  st2 ;
nu*16;
m ut*ssl/nu;
mur=ss2/nu;
mwt*sswt/nu;
mwr*sswr/nu;
s ig 2 i= s s i/n u ;
d * i/4 ;
run;

•proc p r in t;  
run;
•compute HSCI; 
data b a l l ;  s e t  s t2 ;  
s .0 -0 .0 4 ;
eta0*(C logC l.25))**2 + 0 .0 2 ) /s_ 0 ;
e_d*d*d;
e_l»m ut;
e_2=mwt/2;
e_3=-( 1+etaO)•mur;
e_4»-( 1+etaO)*mHr/2;
t= t in v (0 .9 5 ,n u );
h_d*(abs(d)+ t«sqrt( 0 .8 * s ig 2 i ) /4 ) **2;
qu*cinv(0 .9 5 ,n u );
q l* c in v (0 .0 5 ,n u );
h_l*nu*e_l./ql;
h_2»nu*e_2/ql;
h_3*nu*e_3/qu;
h_4*nu*e_4/qu;
u_d*(h_d-e_d)**2;
u _ l* (h _ l-e _ l)**2;
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u_2=(h_2-e_2)**2; 
u_3=(h_3-e_3)**2; 
u_4=(h_4-e_4)**2;
mp3=(e_d+e_l+e_2-mur-mwr/2)/ (mur+mwr/2); 
lmp3i«e_d+e_l+e_2+e_3+e_4 ; 
h_mp3=lmp3+sqrt(u_d+u_l+u_2+u_3+u_4); 
run;

proc print d a ta = b a ll; 
run;
♦compute MLS;
data tin g; s e t  st2 ;
s .0 -0 .0 4 ;
e ta 0 -( ( lo g (1 .2 5 ))* * 2  + 0 .0 2 )/s_ 0 ;
s tt* 2 * ss l/n u ;
srr*2*ss2/nu;
st*ssw t/nu;
sr=sswr/nu;
sn=20;
ssd*sn*d*d;
lam b d a= ssd /(2*sig2 i);
n s ta r = c e il((1+2*lambda)* ( l+2*lambda)/ ( l+4*lambda)); 
sd t= 2 * ssd /sn + stt+ st;
n d t= ce il(sd t*sd t/(4*ssd *ssd /(sn *sn *n star) + ( s t t* s t t /n u )  + ( s t * s t /n u ) )) ; 
i f  (srr+sr g t 2*s_0) then do; 
src= srr+ sr;
n r c = c e il(sr c * sr c /( (sr r * sr r /n u )+ (sr * sr /n u )));
f l= f in v (0 .0 5 ,n d t ,n u ) ;
f2 * f in v (0 .9 5 ,n u ,n d t) ;
f3 * fin v (0 .0 5 ,n r c ,n u );
f4 = fin v (0 .9 5 ,n r c ,n d t) ;
c0» l-2 /n rc;
c2«(c0-f3 )**2;
C l » ( ( c 0 * ( f 2 - l ) ) * * 2 ) - c 2 * f 2 * f 2 ;
c3»(f4-c0)**2;
c4* ( (cO*( 1 - f 1 ))* * 2 )-c 3 * f l* f1; 
r h o h a t= (sd t-2 * s ig 2 i/sn ) /sr c ; 
v u l= c l* sd t* sd t+ 4 * c2 * sig 2 i* s ig 2 i/(sn * sn ); 
vu2»c3*sd t*sd t+ 4*c4*sig2 i*sig2 i/(sn *sn ); 
d t= sn * sd t /(2 * s ig 2 i) ;
i f  (dt le  f l )  then u_pber*cO *rhohat+sqrt(vul)/src-l; 
e ls e  i f  (dt g t  f l )  then u_pber=c0*rhohat+sqrt(vu2)/src-l; 
end;
e ls e  do;
s ir= srr+ sr+ 2 * sig 2 i/sn ;
n ir = c e il( s ir * s ir /( (4 * s ig 2 i* s ig 2 i/( s n * s n * n u ))+ (s r r * s r r /n u )+ (s r * s r /n u )) ) ; 
h l= (n d t/c in v (0 .0 5 ,n d t) )- l;
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g2=*l-nir/cinv (0 .95 , n i r ) ;
c5*( ( 1 -f  in v (0 .0 5 ,n d t , n ir ) ) * * 2 - f in v (0 .0 5 ,ndt, n ir )
* f in v (0 .0 5 ,n d t,n ir )* h l* h l-g 2 * g 2 ) f t in v (0 .05 ,n d t ,n ir ) ;
vm 3=sdt*sdt*hl*hl+sir*3ir*g2*g2+c5*sdt*sir;
u _p b ec= (sd t-sir+ sq rt(vm 3))/(2*s_0);
end;
run;

proc p rin t;  
run;

proc p rin t;  
run;
•compute GPV;
data c a l l ;  merge s t2  tx ;
nu=16;
k = sq r t(0 .8 /1 6 ); 
ss2 o n l= ss ; 
b = s s l2 /s s l;  
s_0=0.04;
e ta 0 = ((lo g (1 .2 5 ))* * 2  + 0 .0 2 )/s_ 0 ;
do j= l  to  50000;
z*norm al(0);
zl2=norm al(0);
ul*2*rangam (0,nu/2);
u2=2*rangam(0, ( n u - l ) /2 ) ;
ut=2*rangam (0,nu/2);
ur*2*rangam (0,nu/2);
s ig 2 w t= ssu t/u t;
sig2w r*ssw r/ur;
s ig s q l* s s l /u l ;
lambdasq2»ss2onl/u2;
b eta= b -zl2*sq rt(lam b d asq 2/ssl);
s ig i= s q r t(s ig s q l* (b e ta -1 )**2 + lambdasq2);
d e lta = d -k * sig i* z ;
sigsq2=lam bdasq2+beta»beta*sigsql;
gpvm p3=(delta*delta+ sigsq l+ sig2w t/2-sigsq2-sig2w r/2)/m ax(sigsq 2+ sig2w r/2 ,s_0);
psi=(gpvmp3 gt etaO) ;
output;
end;
run;

proc u n ivariate;
var p s i  gpvmp3 d e lta ;
run;
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SIMIBE.SAS
This program does the t e s t  s iz e  sim ulations  
for  IBE/2S4P.
Chapter 3 , Section  6 .1 , Table 2. 
* « • * * • , • * • • • • • • * * * • • • * • • » * * * * * « * * * * • • , • • * • * /

options ps*66 ls=120 nodate nonumber mprint; 
libname mi3 'c:\My Documents\My SAS F ile s \V 8 ’ ;
•ibname mi3 ’j : \m i3 ’ ;
t i t l e  ’Sim ulations for IBE’ ;
run;

'/.macro s im ib e (d e l,sd ,sw t, sw r,n sim ,n gp ,seed ,d s);

t i t l e 2  "delta~& del, sigma_d*fcsd sigma_ut*ftswt sigma_wr*fcswr"; 
♦Create sim ulation  data s e ts ;  
data sim;
♦•♦♦Input model parameter values****;
sigd=ftsd;
s ig w t* isw t;
sigwr=fcswr;
delta=fcdel;
••••C a lc u la te  needed parameter values****; 
s ig2u t= sigw t*sigw t; 
sig2w r=sigwr*sigwr; 
sig2i= sigd *sigd+ sig2ut/2+ sig2w r/2;  
s ig i= s q r tC s ig 2 i) ;
mi3= C delta*delta+sig2i+0. 5 * s ig 2 w t-l.5*sig2w r)/m ax(sig2w r,0 .0 4 );  
c a l l  symput(’MI3’ ,m i3);
•♦•♦Compute sim ulated values****;
junk*int(100000*ranuni(& seed));
do n *6 ,12 ,18 ,24;
n u * 2 * (n -l);
k * l/s q r t (2 * n );
do i* l  to  ftnsim;
z*norm al(0);
u*2*rangam (0,nu/2);
v=2*rangam (0,nu/2);
w=2*rangam(0,nu/2);
d = d elta+ k *sig i*z;
sswt*sig2trt*u;
sswr*sig2wr*v;
ssi= sig2 i*w ;
keep n i  nu d s s i  sstrt sswr k mi3;
output;
end;
end;
run;
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♦••♦Compute HSCI****; 
data b a l l;  se t  sim; 
s_ 0 -0 .0 4 ;
e ta O * (( lo g ( l .25))**2  + 0 .0 5 )/s_ 0 ;
s2wr*sswr/nu;
e_d=d*d;
e _ i* s s i/n u ;
e_ t= ssw t/(2*n u );
e_r=(-3.9948*(s2w r gt s_0)-1 .5*(s2w r le  s_0))*s2wr;
t= tin v (0 .9 5 ,n u );
h_d*(abs(d)+t*k*sqrt(e_i))**2;
qu = cin v(0 .95 ,n u );
q l= c in v (0 .0 5 ,n u );
h _ i= s s i /q l;
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_m i3*(e_d+e_i+e_t+e_r-eta0*s_0*(s2wr le  s_0))+sqrt(u_d+u_i+u_t+u_r); 
phi=(h_mi3 I t  0 );  
keep n i  phi h_mi3; 
run;

proc u n ivaria te  data=»ball noprint; 
var phi;  
by n;
output out*h3 mean*hsci; 
run;

•••♦Compute Ting-Burdick****; 
data t in g ;  se t  sim; 
s_0*0.04;
e ta 0 = ( ( lo g ( l .2 5 ))**2 + 0 .0 5 )/s_ 0 ;
sn=2*n;
m _i=ssi/nu;
m_t=sswt/nu;
m_r=sswr/nu;
ssdrug=sn*d*d;
••♦ •T h is  s tu ff  i s  d ir e c t  from Burdick sim ulation  program****; 
lambhat=s sdrug/(2*M _i);
n sta r* in t C (l+2*lambhat) **2/(l+4*lam bhat) ) + l ; 
fl5 * c in v (0 .0 5 ,n u )/n u ;  
fu2*cinv (0 .9 5 ,n u )/n u ; 
f1 6 * fin v (0 .0 5 .n s ta r ,n u );
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f l7 = f in v (0 .0 5 ,n u ,n u ); 
hd=nstar/cinv( 0 .0 5 ,n star)-1 ;  
h i = l / f 15-1; 
h t= h i; 
g r = l- l/fu 2 ;
hdr=( ( 1 - f1 6 )**2 -(hd*f16)* * 2 -g r* * 2 )/f16; 
h ir = ( ( 1 - f1 7 )* * 2 -(h i* f17)* * 2 -g r* * 2 )/f17; 
h tr= h ir ;
k l= ssd ru g /(sn )+ (l-l/(sn ))* m _ i+ .5 * m _ t; 
k2=m_r;
rhohtib e=k l/k2;
k6=(hd*ssdrug/(sn)) **2+(hi*( 1 - 1 / (sn )) *m_i)**2+(h t* .5*m_t)**2; 
k7=hdr/(sn)*ssdrug*m_r+ h ir * ( 1 - 1 / (sn )) *m_i*m_r+htr*. 5*m_t*m_r; 
k8“ (gr*m_r)**2; 
i f  (m_r gt s_0) then do;
vuiber=(2+k7/(k l*k2))**2 -4* (l-k 8 /k 2**2)*( l-k 6 /k l* * 2 ) ;
um lsi=rhohtibe*( (2+ k7/(k l*k2)+ sq rt(vu ib er)) / ( 2 *  (l-k 8 /k 2**2)) ) - 1 .5 ;
end;
e ls e  do;
vustar=k6+(1.5)**2*k8+1.5*k7; 
u m ls i» (k l-1 . 5*k2+sqrt(vustar) ) / s _ 0 ; 
end;
chi=(um lsi I t  etaO ); 
nan;

proc un ivariate  data=ting noprint ; 
var chi;
output out=mls mean=mls;
by n;
run;

****Compute GPV****; 
data c a l l ;  s e t  sim; 
s_0*0.04;
e ta 0 * (( lo g (1 .2 5 ))* * 2  + 0 .0 5 ) /s _ 0 ;
xi*0;
x i2= 0;
do j= l to  ftngp; 
z=norm al(0); 
u=2*rangam (0,nu/2); 
v*2*rangam (0,nu/2); 
w»2*rangam(0,nu/2); 
s ig 2 i* s s i/w ;
d e lta = d -k * z * sq r t(s ig 2 i);
sig2w t=ssw t/u;
sig2wr=sswr/v;
gpvmi3* C d elta*delta+sig2i+0. 5 * s ig 2 w t- l .5*sig2w r)/m ax(sig2w r, s _ 0 ) ;
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xi*xi+Cgpvmi3 gt etaO ); 
xi2=xi2+Cgpvmi3 g t m i3 ); 
end;
p * x i/ta g p ; 
c*xi2/ftngp; 
psi05*(p  I t  0 .0 5 );  
psi025*Cp I t  0 .025);  
cover=(c g t  0 .0 5 );  
run;

proc u n iv a r ia te  d a ta * c a ll noprint;
var psiOS psi025 cover;
output out*gpv mean=gpv5 gpv25 cover95;
by n;
run;
•merge r e s u lt s ;
data t e s t s ;  merge h3 mis gpv;
length t e s t  $ 5;
by n;
delta=& del; 
sigma_d-&sd; 
sigma_wt*fcswt ; 
s igma_wr*&swr; 
test*" 4d s" ; 
mi3=fani3; 
run;

proc p r in t  d a ta ~ tests;  
run;

proc append b a se > m i3 .te s ts i d a ta* tests;  
run;

*/,mend;

’/.simibeCO.3 1 5 7 4 2 ,0 .0 1 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,8 4 4 3 1 ,i l a ) ; 
•/.simibe (0 .2 9 9 6 5 5 ,0 .1 ,0 .1 5  ,0 .15  ,5000,10000,79087, i lb )  ; 
•/.simibe(0 .2 7 8 0 1 6 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,7 1 0 8 9 ,i l c )  ; 
'/.simibe (0 .315742 ,0 .0 1 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,3 8 6 9 3 , i2a) ; 
•/.simibe (0 .2 9 9 6 5 5 ,0 .1 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,9 0 6 1 7 , i2 b ) ;
*/,s imibe ( 0 .278016 ,0 .15 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,2 6 6 2 7 , i2 c ) ;
•/.s imibe (0 .363148 ,0 .0 1 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 9 1 5 7 , i3 a ) ; 
‘/.simibe CO. 3 4 9 2 51 ,0 .1 ,0 .23 ,0 .23 ,5000 ,10000 ,35393 , i3b) ; 
’/.simibeCO. 330872 ,0 .15 ,0 .23 .0 .23 ,5000 ,10000 ,53507 , i 3 c ) ; 
'/.simibeCO.4737450264747 ,0 .01 ,0 .3 ,0 .3 ,5000 ,10000 ,56401 ,i4 a )  ; 
‘/.simibeCO.4631785294133 ,0 .1 ,0 .3 ,0 .3 ,5000 ,10000 ,97931 ,i4b ) ; 
•/.simibeCO.4494823134557 ,0 .15 ,0 .3 ,0 .3 ,5000 ,10000 ,90053 ,i 4 c ) ;
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y.sim ibe(0 .7896876142387 ,0 .01 ,0 .5 ,0 .5 ,5000 ,10000 ,88211 ,i5 a ) ; 
•/.simibe(0 .7833942354153 ,0 .1 ,0 .5 ,0 .5 ,5000 ,10000 ,31123 ,i5 b ) ; 
'/.simibe(0 .775375088639 ,0 .15 ,0 .5 ,0 .5 ,5000 ,10000 ,36931 ,i 5 c ) ;

proc p r in t d a ta * m i3 .tests i;  
non;

/* * « • • « « • • •* * * * • » * * • • * * •* ,•* * •  * * * ••••« «
SIMIBEP. SAS
This program does the power/sample s iz e  sim ulations  
for  IBE/2S4P.
Chapter 3 , Section 6 .1 ,  Table 3. 
* • • • • • • • • * • * * * * * • * • * * • • • * * • • • * • • • • « • * * • • • * • /
op tion s ps*64 ls=120 nodate nonumber mprint; 
t i t l e  'Sim ulation d a ta ';
libname mi3 'c:\My Documents\My SAS F ile s \V 8 ’ ;
* ibname mi3 ’j :\m i3 '; 
t i t l e  'Sim ulation fo r  PBE’ ; 
run;

•/.macro s im ib e (d e l,sd ,sw t,sw r ,n s im ,n g p ,n l,n 2 ,se e d ,d s);

t i t l e 2  "delta*&del, sigma_d=ftsd sigma_wt=ftswt sigma_wr=fcswr"; 
•c r e a te  sim ulation data s e t s ; 
data sim;
•• ••In p u t model parameter values****;
sigd=fcsd;
sigwt=&swt;
sigwr=&sur;
delta=Scdel;
• • ••C a lc u la te  needed parameter values****; 
sig2w t=sigw t*sigw t; 
sig2w r=sigwr*sigwr; 
sig2 i=sigd *sigd+sig2H t/2+sig2w r/2;  
s ig i* s q r t ( s ig 2 i ) ;
m i3*(delta*delta+s ig 2 i+ 0 . 5*s ig 2 u t-1 .5*s ig2ur) /m ax(sig2wr,0 .0 4 ) ;  
c a l l  sym put('M I3',m i3);
•♦••Compute sim ulated values****; 
junk=int(100000*ranuni(& seed));  
do n=&nl to  ftn2;
*do n*5 to  35 by 3; 
n u * 2 * (n -l) ; 
k » l/s q r t (2 * n ); 
do i z l  to  ftnsim; 
z=norm al(0); 
u*2*rangam (0,nu/2); 
v*2*rangam (0,nu/2);
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w~2*rangam(0,nu/2); 
d = d elta+ k *sig i*z; 
sswt»sig2wt*u; 
ssvr*sig2w r*v; 
ssi=sig2i*w ;
keep n i  nu d s s i  sswt ssu r  k  mi3;
output;
end;
end;
run;

♦♦♦•Compute HSCI****; 
data b a ll;  s e t  sim; 
s_0=0.04;
e ta O = ((lo g (l.2 5 ) )**2 + 0 .0 5 ) /s_ 0 ;
s2wr=sswr/nu;
e _d=d»d;
e_ i= ssi/n u ;
e_ t= ssw t/(2*n u );
e_ r= (-3 .9948*(s2wr gt s _ 0 ) - l  .5*(s2wr le  s_0))*s2wr;
t= tin v (0 .9 5 ,n u ) ;
h_d=(abs(d)+t*k*sqrt(e_ i))**2;
qu*cinv( 0 .9 5 ,n u );
q l=cinv( 0 .0 5 ,nu) ;
h _ i* s s i/q l;
h _t*n u *e_t/q l;
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_m i3=(e_d+e_i+e_t+e_r-eta0*s_0*(s2wr le  s _ 0 )) +sqrt(u_d+u_i+u_t+u_r) ; 
phi»(h_mi3 I t  0 );  
keep n i  phi h_mi3; 
run;

proc u n ivar ia te  data=ball noprint; 
var phi; 
by n;
output out=h3 mean=hsci; 
run;

♦♦♦♦Compute Ting-Burdick**** ; 
data t in g ; s e t  sim; 
s_0*0.04;
e ta 0 « (( lo g (1 .2 5 ))* * 2  + 0 .0 5 ) /s_ 0 ;  
sn=2*n;
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m _i*ssi/nu;
m_t*sswt/nu;
m_r=sswr/nu;
ssdrug=sn*d*d;
****This s tu f f  i s  d irec t from Burdick sim u lation  program****; 
lam bhat=ssdrug/(2*M _i);
n sta r= in t( ( l+2*lambhat)* * 2 /( l+4*lambhat))+1;
f  15=cinv(0.05 ,nu) /nu;
fu2=cinv(0 .9 5 ,n u )/n u ;
f l6 = f in v (0 .0 5 ,n s ta r ,n u ) ;
f1 7 = fin v (0 .0 5 ,n u ,n u );
h d * n s ta r /c in v (0 .0 5 ,n s ta r ) - l;
h i * l / f 15-1;
h t* h i;
g r = l- l/fu 2 ;
h d r= ((1 -f1 6 )* * 2 -(hd*f16)**2 -gr**2)/f16; 
h ir = ((1 - f1 7 )* * 2 -(h i* f17)**2 -gr**2 )/f17; 
h tr = h ir ;
k l*ssd ru g /(sn ) + (1 -1 /  (sn )) *m_i+. 5*m_t; 
k2=m_r;
rhohtibe=kl/k2;
k 6= (h d *ssd ru g /(sn ))**2+ (h i* (l-l/(sn ))*m _i)**2+ (h t* .5*m _t)**2; 
k7=hdr/(sn)*ssdrug*m_r+ hir*(l-l/(sn))*m _i*m _r+htr*.5*m _t*m _r; 
k8=(gr *m_r)* *2; 
i f  (m_r gt s_0) then do;
vu ib er= (2+ k 7 /(k l*k 2 ))**2 -4* (l-k 8 /k 2**2 )* (l-k 6 /k l**2 ); 
um lsi=rhohtibe*( (2+ k 7 /(k l*k 2)+ sq rt(vu ib er))/(2*  (l-k 8 /k 2 * * 2 )) ) - l .5; 
end;
e ls e  do;
vust«ir=k6+(l .5) **2*k8+l .5*k7; 
u m lsi= (k l-1 . 5*k2+ sqrt(vustar)) / s_ 0 ; 
end;
chi=(um lsi I t  e ta O ); 
run;

proc u n ivar ia te  data*ting  noprint;  
var ch i;
output out*mls mean*mls;
by n;
run;

****Compute GPV****; 
data c a l l ;  s e t  sim; 
s_0=0.04;
e ta 0 * (( lo g (1 .2 5 ))* * 2  + 0 .0 5 ) /s_ 0 ;
xi*0;
xi2*0;
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do j= l  to  &ngp; 
z=norm al(0); 
u“2*rangam (0,nu/2); 
v*2*rangam(0,nu/2) ; 
w=2*rangam(0,nu/2); 
s ig 2 i* s s i /v ;
d e lta = d -k * z * sq r t(s ig 2 i);
sig2w t*ssw t/u;
sig2w r*ssw r/v;
gpvm i3*(delta*delta+sig2i+0. 5 * s ig 2 w t- l. 5*sig2w r)/m ax(sig2w r, s _ 0 ) ; 
xi*xi+(gpvm i3 gt etaO ); 
xi2*xi2+(gpvmi3 gt mi3) ; 
end;
p=xi/fcngp; 
c=xi2/&ngp; 
psi05=(p I t  0 .05);  
cover=(c gt 0 .05);  
run;

proc un ivariate  d a ta = ca ll n op rin t; 
var p si05  cover;
output out=gpv mean=gpv5 cover95;
by n;
run;
•merge r e su lts ;
data t e s t s ;  merge h3 mis gpv;
len gth  t e s t  $ 5;
by n;
delta*& del; 
sigma_d=&sd; 
sigma_wt=&swt; 
sigma_wr*ftswr; 
te s t* " id s" ; 
mi3=toni3; 
run;

proc p r in t data= tests;  
run;

proc append base=mi3. poweri d a ta ^ tests;  
run;

’/.mend;

•/.simibe(0 .0 5 ,0 .0 1 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,5 ,6 ,6 5 4 7 9 ,p la ) ;
•/.simibe (0 .0 5 ,0 .1 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,6 ,9 ,4 7 0 4 1 ,p lb ) ;
•/.simibeCO.0 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,1 0 ,1 3 ,4 5 8 2 3 ,p ic ) ;
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•/.simibeCO.0 5 ,0 .0 1 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,8 ,1 0 ,5 4 0 0 1 ,p2a) ; 
’/,s imibe (0 .0 5 ,0 .1 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,1 1 ,1 4 ,2 8 0 3 1 , p2b ) ; 
•/.simibe (0 .0 5 ,0 .1 5 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,1 7 ,2 1 ,1 8 5 0 3 ,p2c);  
*/.simibe(0 .0 5 ,0 .0 1 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 1 ,1 4 ,5 4 5 7 7 ,p3a) ; 
•/.simibe (0 .0 5 ,0 .1 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 4 ,1 7 ,3 3 8 9 3 ,p3b) ; 
*/.s imibe(0 .0 5 ,0 .1 5 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,2 0 ,2 4 ,7 9 0 8 7 ,p3c);  
•/.simibe(0 .0 5 ,0 .0 1 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,1 3 ,1 5 ,4 7 9 3 9 ,p 4 a );
*/,simibeCO.0 5 ,0 .1 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,1 4 ,1 6 ,4 1 2 4 3 ,p4b ); 
’/.sim ibe(0 .0 5 ,0 .1 5 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,1 8 ,2 0 ,8 6 4 5 3 ,p4c) ; 
•/.simibe(0 .0 5 ,0 .0 1 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,1 2 ,1 5 ,2 6 7 0 1 ,p5a) ; 
•/.simibe(0 .0 5 ,0 .1 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,1 3 ,1 5 ,2 3 2 2 7 ,p 5b);
'/,simibeCO.0 5 ,0 .1 5 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,1 4 ,1 6 ,5 3 5 5 1  ,p5c) ;

proc prin t data=m i3.poweri; 
run;

SIMPBE.SAS
This program does the t e s t  s iz e  sim ulations  
for  PBE/2S4P.
Chapter 3 , S ection  6 .2 , Table 4 .
* * * * * * * * * * * * * * *  ...

options ps=64 ls*120 nodate nonumber;*print; 
t i t l e  'S im ulation  data’ ;
libname mi3 'c:\My Documents\My SAS F ile s \V 8 ’ ;
•ibname mi3 ' j : \m i3 ';  
t i t l e  ’S im ulation for  PBE’ ; 
run;

•/.macro simpbe ( d e l , r , s b t , s b r , sw t, swr, nsim ,ngp, se ed , d s);

t i t l e 2  "d elta= 4d el, rho=4r, sigma_bt=4csbt 
sigma_br=4sbr sigma_wt=4swt sigma_wr=4swr" ; 
run;
•create  s im u la tion  data s e t s ;  
data sim;
••••In p u t model parameter values****;
s ig b t* tsb t;
sigbr»4sbr;
sigw t*4sw t;
sigwr*fcswr;
d elta*4del;
rho*4r;
••••C a lc u la te  needed parameter values****; 
s ig 2 b t= s ig b t* s ig b t; 
sig 2 b r* sig b r* sig b r; 
sig2w t*sigw t*sigw t;
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sig2w r=sigw r*sigw r;
s ig sq l= s ig 2 b t+ s ig 2 w t/2 ;
sigsq2=sig2br+sig2w r/2;
s ig l2 » rh o * sig b t* sig b r;
b e t a * s ig l2 /s ig s q l ;
s ig i* s q r t ( s ig s q l+ s ig s q 2 -2 * s ig l2 ) ;
la m b d a l* sq r t(s ig sq l);
Ia m b d a sq 2 * sig sq 2 -s ig l2 * s ig l2 /s ig sq l; 
lambda2*sqrt (lambdasq2);
mp3*(delta*delta+ sig2b t+ sig2w t-sig2br-sig2w r)/m ax(sig2br+sig2w r,0 .0 4 );  
c a l l  symputC’MPS’ ,mp3);
****Compute sim ulated values****; 
junk*int(100000*ranuni(& seed)); 
do n*12,18,24; 
n u * 2 * (n -l) ; 
k = l/sq r t(2 * n ); 
do i * l  to  fcnsim; 
z=norm al(0); 
ul=2*rangam (0,nu/2); 
u2=2*rangam(0, ( n u - l ) /2 ) ; 
ut=2*rangam (0,nu/2); 
ur=2*rangam (0,nu/2); 
z l2*n orm al(0); 
d = d elta+ k *sig i*z; 
ssw t=sig2w t*ut; 
sswr=sig2wr*ur; 
s s l* s ig s q l* u l;  
ss2onl*lambdasq2*u2; 
b*beta+zl2*lam bda2/sqrt(ssl) ; 
ss2*b *b *ssl+ ss2on l; 
s ig 2 i* C ss2 + ss l* (i-2 * b ))/n u ;
keep n i  nu d s s l  ss2  ss2onl s ig 2 i  ssw t sswr b k mp3;
ou tp u t;
end;
end;
run;

****Compute HSCI****; 
d ata b a ll;  se t  sim; 
s_0*0.04;
etaO *C (log(l.25 ))**2  + 0 .0 2 )/s_ 0 ;
e_d*d*d;
e _ l= ss l/n u ;
e_2*ssw t/(2*n u );
t= t in v (0 .9 5 ,n u );
h_d* C ab s(d )+ k*t*sqrt(sig2 i))**2; 
qu*cinv(0 .9 5 ,n u );

R eproduced  with permission of the copyright owner. Further reproduction prohibited without permission.



203

ql=*cinv (0 .0 5 , nu) ; 
h _l= n u *e_ l/q l; 
h_2*nu*e_2/ql; 
u_d*(h_d-e_d)**2; 
u _ l= (h _ l-e _ l)**2; 
u_2=(h_2-e_2)**2;
i f  ( (ss2/nu+ssw r/(2*nu)) g t  s_0) then do;
e_3=-( 1+etaO)* ss2 /n u ;
e_4= -(l+ eta0)*ssw r/(2*n u );
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_l+e_2+e_3+e_4;
h_mp3*lmp3+sqrt(u_d+u_l+u_2+u_3+u_4);
end;
e ls e  do; 
e_3*-l*ss2 /n u ;  
e_4“- l* s s v r /(2 * n u ); 
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;
Imp3*e_d+e_l+e_2+e_3+e_4-s_0*eta0; 
h_mp3*lmp3+sqrt(u_d+u_l+u_2+u_3+u_4); 
end;
phi“ (h_mp3 I t  0 );
keep n i  lmp3 h_mp3 phi;
run;

proc u n ivaria te  data=ball noprint; 
var phi; 
by n;
output out*h3 mean=hsci; 
run;

♦••♦Compute Ting-Burdick****; 
data tin g ; s e t  sim; 
s_0*0.04;
e ta 0 « ((lo g (1 .2 5 ))* * 2  + 0 .0 2 ) /s _ 0 ;
s tt* 2 * ss l/n u ;
srr*2*ss2/nu;
s t 3ssv t/n u ;
sr*sswr/nu;
sn*2*n;
ssd=sn*d*d;
lam b d a*ssd /(2*sig2 i);
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n s ta r = c e il  ( ( l+2*lambda) * ( l+2*lambda) /  ( l+4*lambda)) ; 
sd t= 2 * ssd /sn + stt+ s t;
n d t* c e il(sd t* sd t /(4 * ssd * ssd /(sn * sn * n s ta r )+ (s t t* s t t /n u )+ (s t* s t /n u )) );
i f  (srr+ sr g t 2*s_0) then do;
src*srr+ sr;
n r c = c e il(sr c * sr c /( (sr r * sr r /n u )  + ( s r * s r /n u )) ) ;
f l * f in v (0 .0 5 ,n d t ,n u );
f2 * f in v (0 .9 5 ,n u ,n d t) ;
f3 * f in v (0 .0 5 ,n r c .n u );
f4 * f in v (0 .9 5 ,n r c ,n d t) ;
c0 = l-2 /n rc;
c2* (c0 -f3 )**2 ;
c l* ( ( c O * ( f 2 - l) )* * 2 )-c2*f2*f2; 
c3= (f4-c0)**2;
c 4 * ( ( c 0 * ( l - f l ) ) * * 2 ) - c 3 * f l* f l ;  
r h o h a t= (sd t-2 * s ig 2 i/sn ) /sr c ; 
v u l= c l* sd t* sd t+ 4 * c 2 * s ig 2 i* s ig 2 i/(sn * sn ); 
vu 2= c3*sd t*sd t+ 4*c4*sig2 i* sig2 i/(sn *sn ); 
d t= s n * s d t /(2 * s ig 2 i) ;
i f  (dt le  f l )  then u_pber=cO *rhohat+sqrt(vul)/src-1; 
e ls e  i f  (dt g t f l )  then u_pber=cO *rhohat+sqrt(vu2)/src-1; 
chi=(u_pber I t  e taO ); 
end;
e l s e  do;
s ir = sr r + sr + 2 * s ig 2 i/sn ;
n ir = c e il( s ir * s ir /( (4 * s ig 2 i* s ig 2 i/( s n * s n * n u ))+ (s r r * s r r /n u )+ (s r * s r /n u )) ) ; 
h i* (n d t/c in v ( 0 .0 5 ,ndt) )-1 ;  
g 2 * l-n ir /c in v (0 .9 5 ,n ir ) ;
c 5 * ( ( l- f in v (0 .0 5 ,n d t ,n ir ) )* * 2 - f in v (0 .0 5 ,n d t ,n ir )
*f in v  (0 .0 5 ,n d t, n ir )  *hl*hl-g2*g2) / f  in v (0 .0 5 ,n d t, n ir )  ;
vm 3*sdt*sdt*hl*hl+sir*sir*g2*g2+c5*sdt*sir;
u _p b ec* (sd t-s ir+ sq rt(v m 3 ))/(2 * s_ 0 );
chi*(u_pbec I t  e taO );
end;
run;

proc u n ivar ia te  data=ting noprint; 
var ch i;
output out=mls mean=mls;
by n;
run;

••♦♦Compute GPV****; 
data  c a l l ;  s e t  sim; 
s_0=0.04;
e ta 0 » (( lo g (1 .2 5 ))* * 2  + 0 .0 2 )/s_ 0 ;  
xi=0;
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x i2 * 0 ;
do j * l  to  &ngp;
z=norm al(0);
zl2=norm al(0);
u i»2*rangam (0,nu/2);
u2*2*rangam (0 ,(nu-l)/2 );
ut*2*rangam (0,nu/2);
ur=2*rangam (0,nu/2);
s ig 2 w t* ssw t/u t;
sig2w r=ssw r/ur;
s ig s q l= s s l /u l ;
lam bdasq2=ss2onl/u2;
b eta= b -z l2*sq rt(lam b d asq 2 /ssl);
s ig i= s q r t(s ig s q l* (b e ta - l)* * 2  + lambdasq2);
d e lta = d -k * s ig i* z ;
sigsq2=lam bdasq2+beta*beta*sigsql;
gp vm p 3= (d elta*d elta+ sigsq l+ sig2w t/2-sigsq 2-sig2w r/2)/m ax(sigsq 2+ sig2w r/2 ,s_0); 
xi*xi+(gpvmp3 g t  etaO ); 
xi2*xi2+(gpvmp3 g t  mp3); 
end;
p*xi/ftngp; 
c=xi2/&ngp; 
psi05=(p I t  0 .0 5 );  
psi025*(p I t  0 .0 2 5 );  
cover*(c gt 0 .0 5 ) ; 
run;

proc un ivariate  d a ta*ca ll noprint;
var psi05 psi025 cover;
output out=gpv mean*gpv5 gpv25 cover95;
by n;
n a n ;

♦merge r e s u l t s ;
data t e s t s ;  merge h3 mis gpv;
len g th  t e s t  $ 5;
by n;
delta*& del; 
r * t r ;
sigm a_bt*ftsbt; 
sigma_br=ftsbr; 
sigm a_wt*iswt; 
sigma_wr*ftswr; 
test*"ftds"; 
mp3*fcnp3; 
run;run;

proc p r in t d a ta * te s ts;
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run;

proc append b ase= m i3 .tests2 f d ata= tests;  
run;

'/.mend;

*/.simpbeCO.2 6 4 1 8 3 7 ,0 .8 ,0 .1 ,0 .1 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,7 1 3 6 3 ,d la ) ;
•/.simpbe (0 .2 6 4 1 8 3 7 ,0 .9 ,0 .1 ,0 .1 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,8 8 2 4 1 ,d lb ) ; 
•/.simpbeCO. 2 9 5 3 6 6 ,0 .8 ,0 .2 ,0 .2 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,5 4 5 5 9 ,d ie );
•/.simpbeCO.2 9 5 3 6 6 ,0 .9 ,0 .2 ,0 .2 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,3 2 9 1 7 ,did) ;
•/.simpbeCO. 2 6 4 1 8 3 7 ,0 .8 ,0 .2 ,0 .2 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,4 6 8 6 7 ,d2a); 
•/.simpbeCO.2 6 4 1 8 3 7 ,0 .9 ,0 .2 ,0 .2 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,1 9 2 3 7 ,d2b); 
•/.simpbeCO. 5 9 0 7 3 3 ,0 .8 ,0 .4 ,0 .4 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,3 1 6 9 9 , d2c);
’/.simpbeCO.5 9 0 7 3 3 ,0 .9 ,0 .4 ,0 .4 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,6 1 2 1 1 ,d2d);
'/.simpbeCO. 5 6 0 4 1 8 ,0 .8 ,0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,8 5 1 0 3 ,d3a),•
‘/,s impbe CO. 5 6 0 4 1 8 ,0 .9 ,0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 5 2 6 7 , d3b);
•/.simpbeCO.8 8 6 0 9 9 ,0 .8 ,0 .6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,5 5 0 6 1 ,d3c);
*/.s impbeCO. 8 8 6 0 9 9 ,0 .9 ,0 .6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,7 2 2 7 7 ,d3d);
7.simpbe CO. 2 9 5 366 ,0 .8 ,0 .2 ,0 .173205 ,0 .141412 ,0 .1 ,5000 ,10000 ,20857 , e l a ) ; 
'AsimpbeCO.29536 6 ,0 .9 ,0 .2 ,0 .1 7 3 2 0 5 ,0 .1 4 1 4 1 2 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,3 2 1 4 3 ,e l b ) ; 
’/.simpbeCO.2 9 5 3 6 6 ,0 .8 ,0 .1 7 3 2 0 5 ,0 .2 ,0 .1 ,0 .1 4 1 4 2 1 ,5 0 0 0 ,1 0 0 0 0 ,1 4 1 9 7 ,e l c );  
’/.simpbeCO.2 9 5 3 6 6 ,0 .9 ,0 .1 7 3 2 0 5 ,0 .2 ,0 .1 ,0 .1 4 1 4 2 1 ,5 0 0 0 ,1 0 0 0 0 ,3 3 3 4 3 ,e ld ) ; 
•/.simpbe CO. 59073 3 ,0 .8 ,0 .3 8 7 2 9 8 ,0 .4 ,0 .2 2 3 6 0 7 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,9 8 3 2 1 ,e 2 a ) ; 
•/.simpbe CO. 5 9 0733 ,0 .9 ,0 .387298 ,0 .4 ,0 .223607 ,0 .2 ,5000 ,10000 ,54517 , e2b ; 
•/.s impbe CO. 590733 ,0 .8 ,0 .4 ,0 .387298 ,0 .2 ,0 .223607 ,5000 ,10000 ,69497 , e2c);  
'/.simpbe CO. 59073 3 ,0 .9 ,0 .4 .0 .3 8 7 2 9 8 ,0 .2 ,0 .2 2 3 6 0 7 ,5 0 0 0 ,1 0 0 0 0 ,8 0 9 1 7 ,e 2 d ); 
'/.simpbeCO.8 8 6 0 9 9 ,0 .8 ,0 .6 ,0 .5 ,0 .3 ,0 .4 4 7 2 1 3 6 ,5 0 0 0 ,1 0 0 0 0 ,5 5 0 6 1 ,e3a) ;
•/.s impbe CO. 8 8 6 0 9 9 ,0 .9 ,0 .6 ,0 .5 ,0 .3 ,0 .4 4 7 2 1 3 6 ,5 0 0 0 ,1 0 0 0 0 ,7 2 2 7 7 , e3a) ; 
'/.simpbeCO.8 8 6 0 9 9 ,0 .8 ,0 .5 ,0 .6 ,0 .4 4 7 2 1 3 6 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,5 5 0 6 1  ,e3c) ; 
‘/.simpbeCO.8 8 6 0 9 9 ,0 .9 ,0 .5 ,0 .6 ,0 .4 4 7 2 1 3 6 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,7 2 2 7 7 ,e3d) ; 
•/.simpbeCO,0 .8 ,0 .2 8 2 4 7 6 6 2 6 ,0 .1 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,7 5 5 7 7 ,f l a ) ;
•/.simpbeCO,0 .9 ,0 .2 8 2 4 7 6 6 2 6 ,0 .1 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,6 4 6 2 1 ,f  lb) ;
‘/.simpbeCO,0 .8 ,0 .3 5 6 7 0 8 9 9 3 ,0 .2 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,7 9 0 4 3 ,f l c ) ;
’/.simpbeCO,0 .9 ,0 .3 5 6 7 0 8 9 9 3 ,0 .2 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,8 6 9 2 3 ,f I d ) ;
’/. s impbe CO, 0 .8 ,0 .4 2 3 7 7 5 9 8 9 ,0 .2 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,4 6 8 6 7 , f  2 a ) ;
‘/.simpbeCO,0 .9 ,0 .4 2 3 7 7 5 9 8 9 ,0 .2 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,1 9 2 3 7 ,f2 b ) ;
V,s impbe CO, 0 .8 ,0 .7 1 3 4 1 7 9 8 6 ,0 .4 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,3 1 6 9 9 , f  2c);
'/,simpbe CO, 0 .9 ,0 .7 1 3 4 1 7 9 8 6 ,0 .4 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,6 1 2 1  l , f  2d);
•/.simpbeCO,0 .8 ,0 .6 3 5 6 6 3 9 8 4 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,8 5 1 0 3 ,f 3 a ) ;
•/.simpbeCO,0 .9 ,0 .6 3 5 6 6 3 9 8 4 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 5 2 6 7 ,f3 b ) ;
‘/.simpbeCO,0 .8 ,1 .0 7 0 1 2 6 9 7 9 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,5 5 0 6 1 ,f3c) ;
•/.simpbeCO,0 .9 ,1 .0 7 0 1 2 6 9 7 9 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,4 4 8 9 7 ,f 3d) ;

proc p r in t;  
run;
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/*****************************************«,*
SIMPBE_P.SAS
This program does the power/sample s iz e  s im u lation s  
fo r  PBE/2S4P.
Chapter 3 , Section 6 .2 , Table 5.
* * ,* * * * » * * •• ••  ....
options ps=66 ls=120 nodate nonumber;* p r in t ; 
t i t l e  'Sim ulation d a ta ';
libname mi3 'c:\My Documents\My SAS F ile s \V 8 ’ ;
•ibname mi3 'j: \m i3 ';  
t i t l e  'Sim ulation for  PBE’ ; 
run;

‘/.macro s impbe (d e l, r , s b t , s b r , sw t, swr, nsim , ngp, seed , n l , n2, n 3 , n 4 , d s);

t i t l e 2  "delta=6del, rho*ftr, sigma_bt=ftsbt 
sigma_br*&sbr sigma_wt*Aswt sigma_wr=fcswr" ; 
run;
•crea te  sim ulation data s e t s ;  
data sim;
••••In p u t model parameter values****;
sigb t*& sbt;
sigbr*ftsbr;
sigwt»&swt;
sigw r=tsw r;
d e lta -ftd e l;
rh o*tr;
• •••C a lc u la te  needed parameter values****;
s ig 2 b t= sig b t* s ig b t;
sig2b r=sigbr*sigbr;
sig2w t=sigw t*sigw t;
sig2wr=sigwr*sigwr;
sigsq l= sig2b t+ sig2w t/2;
sigsq2=sig2br+sig2w r/2;
sig l2*rho*sigb t*sigbr;
b e ta * s ig !2 /s ig s q l;
s ig i* s q r t  C sig sq l+ sig sq 2 -2 * sig l2 );
lam b d a l«sq rt(sig sq l);
Iam b d asq 2*sigsq 2-sig l2*sig l2 /sigsq l;  
lambda2s sqrt (lambdasq2);
m p3*(delta*delta+sig2bt+sig2w t-sig2br-sig2w r)/m ax(sig2br+sig2w r,0 .0 4 );  
••••Compute simulated values****; 
j  unk«int ( l00000*ranuni (Aseed) ) ; 
do n=fcnl, An2, An3, tn 4 ;
*o n*5 to  15 by 2; 
n u * 2 * (n -l);
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k= l/sq rt(2*n ) ; 
do i * l  to  ftnsim; 
z=norm al(0); 
ul=2*rangam (0,nu/2); 
u2=2*rangam (0,(nu-l)/2); 
ut=2*rangam (0,nu/2); 
urz 2*rangam (0,nu/2); 
zl2=norm al(0); 
d »d elta+ k *sig i*z; 
ssw t»sig2w t*ut; 
sswr*sig2wr*ur; 
s s l* s ig sq l* u l;  
ss2onl~lambdasq2*u2; 
b=beta+zl2*lam bd a2/sqrt(ssl); 
ss2=b*b*ssl+ss2on l; 
s ig 2 i= (ss2 + ss l* ( l-2 * b )) /n u ;
keep n i  nu d s s l  ss2 ss2onl s ig 2 i  sswt sswr b k mp3;
ou tp u t;
end;
end;
run;

****Compute HSCI****; 
data b a ll;  s e t  sim; 
s_0=0.04;
e ta 0 = ((lo g (1 .2 5 ))* * 2  + 0 .0 2 ) /s _ 0 ;  
e_d=d*d; 
e _ l* ss l/n u ;  
e_2*ssw t/(2*nu); 
t* t in v (0 .9 5 ,n u ) ;
h _d *(ab s(d )+ k *t*sq rt(sig2 i))**2; 
q u »cin v (0 .95 ,n u ); 
q l* c in v (0 .0 5 ,n u ); 
h_l*nu*e_l/q l;  
h_2*nu*e_2/ql; 
u_d*(h_d-e_d)**2; 
u _ l* (h _ l-e _ l)**2; 
u_2*(h_2-e_2)**2 ;
i f  C(ss2/nu+sswr/(2*nu)) g t s_0) then do;
e_3= -(l+ eta0)*ss2 /n u ;
e_4= -(l+ eta0)*ssw r/(2*n u );
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_l+e_2+e_3+e_4;
h_mp3=lmp3+sqrt(u_d+u_l+u_2+u_3+u_4);
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end;
e ls e  do; 
e_3«-l*ss2 /nu ;  
e_4»-l*ssw r/(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;
Imp3=e_d+e_l+e_2+e_3+e_4-s_0*eta0; 
h_mp3-lmp3+sqrt Cu_d+u_l+u_2+u_3+u_4); 
end;
phi=(h_mp3 I t  0 );
keep n i  lmp3 h_mp3 phi;
run;

proc un ivariate  d a ta -b a ll noprint; 
var phi; 
by n;
output out=h3 mean=hsci; 
run;

♦•♦•Compute Ting-Burdick*^^^; 
data tin g ; s e t  sim; 
s_0-0.04;
e ta 0 « ( ( lo g (1 .2 5 ))^ 2  + 0 .0 2 ) /s_ 0 ;
s tt* 2 * ss l/n u ;
srr=2^ss2/nu;
st-ssw t/n u ;
sr*sswr/nu;
sn=2^n;
ssd=sn^d^d;
lam bda=ssd /(2*sig2i);
n star=ceil((l+2*lam bda)* Cl+2*lambda)/(l+4^1ambda));  
sd t-2 ^ ssd /sn + stt+ st;
n d t= ce il(sd t^ sd t/(4 ^ ssd ^ ssd /(sn ^ sn ^ n sta r)+ (stt^ stt/n u )+ (st^ st/n u )) ) ;
i f  (srr+sr g t 2^s_0) then  do;
src-srr+ sr;
n r c -c e il(sr c * sr c /( (sr r * sr r /n u )+ (sr * sr /n u )) ) ;
f1 - f in v (0 .0 5 ,n d t,n u );
f2 = fin v (0 .9 5 ,n u ,n d t);
f3 - f in v ( 0 .0 5 ,n rc .n u );
f4 * fin v (0 .9 5 ,n r c ,ndt);
c0 = l-2 /n rc ;
c 2 * (c 0 - f3 )« 2 ;
c l - ( (c0^(f2 -1 ))♦ ♦ 2 ) -c2^f2^f2; 
c 3 - ( f4 -c 0 )~ 2 ;
c4»( (c0 ^ (1 -f1 ) ) •♦ 2 ) - c 3 * f l* f 1;
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r h o h a t= (sd t-2 * s ig 2 i/sn ) /sr c ; 
v u l= c l* sd t* sd t+ 4 * c 2 * s ig 2 i* s ig 2 i/(sn * sn ); 
vu 2= c3*sd t*sd t+ 4*c4*sig2 i* sig2 i/(sn *sn ); 
d t= s n * s d t /(2 * s ig 2 i) ;
i f  (dt le  f l )  then u_pber=cO *rhohat+sqrt(vul)/src-1; 
e l s e  i f  (dt gt f l )  then u_pber=cO *rhohat+sqrt(vu2)/src-1; 
chi*(u_pber I t  e taO ); 
end;
e l s e  do;
s ir * sr r + sr + 2 * s ig 2 i/sn ;
n ir * c e il(s ir * s ir /( (4 * s ig 2 i* s ig 2 i/(s n * s n * n u ))+ (s r r * s r r /n u )+ (s r * s r /n u )) ) ;
h l* (n d t /c in v (0 .0 5 ,n d t) ) - l ;
g 2 * l-n ir /c in v (0 .9 5 ,n i r ) ;
c5= ( ( 1 -f in v (0 .0 5 ,n d t ,n ir ) ) **2-f in v (0 .0 5 ,n d t,n ir )
♦ f in v ( 0 .0 5 ,n d t ,n ir )* h l* h l-g 2 * g 2 ) /f in v (0 .0 5 ,n d t ,n ir ) ;
vm 3*sdt*sdt*hl*hl+sir*sir^g2*g2+c5*sdt*sir;
u _ p b ec* (sd t-s ir+ sq rt(vm 3))/(2*s_0 );
chi*(u_pbec I t  e taO );
end;
run;

proc univariate data=ting n o p r in t; 
var c h i ;
output out*mls mean=mls;
by n;
r u n ;

♦♦♦♦Compute GPV***^; 
d ata  c a l l ;  se t  sim; 
s_0*0 .04;
e t a 0 * ( ( lo g ( l .2 5 ))*^2 + 0 .0 2 ) /s_ 0 ;  
x i* 0 ;
do j * l  to  ftngp;
z*norm al(0);
zl2*n orm al(0);
ul*2*rangam(0,nu/2) ;
u2*2*rangam(0, (nu-1) / 2 ) ;
ut*2*rangam(0,nu/2) ;
ur*2*rangam(0,nu/2) ;
s ig 2 w t* ssw t/u t;
sig2vr= ssw r/ur;
s ig s q l* s s l /u l ;
lam bdasq2*ss2onl/u2;
b eta*b -zl2^ sq rt(lam b d asq 2 /ssl);
s ig i* s q r t  (s ig sq l* (b e ta -1 )  **2 + lambdasq2);
d e lta = d -k * sig i* z ;
sigsq2*lam bdasq2+beta*beta*sigsql;
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gpvm p3*(delta*delta+ sigsq l+ sig2w t/2-sigsq2-sig2w r/2)/m ax(sigsq 2+ sig2w r/2 ,s_0);
xi*xi+(gpvmp3 gt etaO );
end;
p=xi/&ngp; 
psi05=(p I t  0 .05 );  
psi025“ (p I t  0.025); 
run;

proc un ivariate  data=call noprint;
var p si05  psi025;
output out=gpv mean=gpv5 gpv25;
by n;
run;
•merge r e su lts ;
data t e s t s ;  merge h3 mis gpv;
len gth  t e s t  $ 5;
by n;
delta=& del; 
r = tr ;
sigma_bt=&sbt; 
sigma_br*fcsbr; 
sigma_wt*&swt; 
sigma_wr*ftswr; 
te s t* " td s" ; 
run;

proc p r in t data=tests; 
run;

proc append base=mi3.power d ata= tests;  
run;

’/.mend;

'/.simpbe(0 .0 5 ,0 .9 0 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,2 0 2 9 7 ,6 ,7 ,8 ,9 ,p la ) ;
•/.simpbe(0 .0 5 ,0 .9 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,4 1 6 5 9 ,6 ,7 ,8 ,9 ,p lb ) ;
•/.simpbe(0 .0 5 ,0 .9 0 ,0 .3 0 ,0 .3 0 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,9 9 4 8 7 ,5 ,6 ,9 ,1 0 ,p i c ) ;
•/.simpbe(0 .0 5 ,0 .9 5 ,0 .3 0 ,0 .3 0 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,5 6 8 2 1 ,5 ,8 ,9 ,1 0 ,p ld) ;
•/.simpbe(0 .0 5 ,0 .9 0 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,8 1 8 4 7 ,7 ,8 ,9 ,1 0 ,p2a) ;
’/.simpbe(0 .0 5 ,0 .9 5 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 1 5 9 7 ,7 ,8 ,9 ,1 0 ,p2b) ;
'/.simpbe(0 .0 5 ,0 .9 0 ,0 .4 6 ,0 .4 6 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,2 9 0 5 9 ,6 ,8 ,9 ,1 0 ,p 2 c ) ;
’/.simpbe(0 .0 5 ,0 .9 5 ,0 .4 6 ,0 .4 6 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 8 5 9 3 ,5 ,6 ,9 ,1 0 ,p 2d );
•/.simpbe(0 .0 5 ,0 .9 0 ,0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 0 7 3 7 ,7 ,8 ,9 ,1 0 ,p3a) ;
‘/.simpbe(0 .0 5 ,0 .9 5 ,0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,8 8 0 6 9 ,7 ,8 ,9 ,1 0 ,p3b) ;
’/.simpbe(0 .0 5 ,0 .9 0 ,0 .6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 0 0 7 7 ,6 ,8 ,9 ,1 0 ,p3c) ;
•/.simpbe(0 .0 5 ,0 .9 5 ,0 .6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,4 7 6 2 9 ,5 ,8 ,9 ,1 0 ,p3d) ;
‘/.simpbe(0 .0 5 ,0 .9 0 ,0 .5 ,0 .5 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,6 2 2 9 9 ,7 ,8 ,9 ,1 0 ,p4a) ;

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



212

•/.simpbeCO. 0 5 ,0 .9 5 ,0 .5 ,0 .5 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,5 0 5 0 3 ,7 ,8 ,9 ,  
‘/.simpbeCO.0 5 ,0 .9 0 ,1 .0 ,1 .0 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,7 7 0 8 1 ,6 ,7 ,9 ,  
’/.simpbeCO. 0 5 ,0 .9 5 ,1 .0 ,1 .0 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,4 8 6 7 3 ,5 ,6 ,8 ,

proc prin t; 
run;

DRUG15A.IBE.SAS
This program does HSCI and GPV procedures 
fo r  the IBE/2S3P o f Drug 15a CFDA bioequivalence w ebsite) 
This i s  the example in  Chapter 4 , Section  3 .4 .  
************************************************/
t i t l e  ’Drug 15a/IBE’ ;

proc format;
value $ tr  ’A’* 'T est'
’B’ = ’R eference’ ; 
run;
*input and transform  data; 
data drgl5a;
input SUB SEQ PERiod TRT $ AUC AUCINF Cmax; 
la=logC auc); 
ca rd s;
1 2 1 A 1106.94 1202.9 59.9
4 3 1 A 347.98 422.54 30.4
5 3 1 A 698.06 . 17.1
8 2 1 A 1018.47 1313.37 61.2
9 2 1 A 306.72 469.78 20.06
12 3 l A 599.21 . 34 .4
14 3 l A 1407.79 1572.95 64.5
15 2 l A 1280.25 1361.5 55
17 2 l A 616.23 728.25 21.7
20 3 l A 552.77 691.04 28.6
22 3 l A 2097.65 2260.71 83.9
23 2 l A 799.25 911.75 40.8
25 2 l A 924.2  1169.2 35.9
28 3 l A 972.39 1115.8 34.1
29 3 l A 419.84 . 19.4
32 2 l A 771.03 945.15 38.2
33 2 l A 1325.16 1482.57 38.9
36 3 l A 762.03 897.19 39.7
37 2 l A 639.65 752.84 23.5
40 3 l A 1354.86 1408.89 86.8
2 i :2 iA 885.09 1008.28 49.7
3 4 2 A 424.88 . 37 .9  
6 4 2 A 535.15 602.41 36.7

10 ,p 4b ); 
10 ,p 4 c ); 
9 ,p 4 d );

R eproduced  with permission of the copyright owner. Further reproduction prohibited without permission.



213

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 1 3 A 886.29 1000.06 51.5
4 3 3 A 287.53 390.71 21.3
5 3 3 A 412.79 734.64 15.9
7 1 3 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 .3 4 .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 1 1 B 1059.96 1139.74 69
3 4 1 B 850.25 1052.56 45 .3
6 4 1 B 465.81 545.11 27 .6
7 1 1 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 1 B 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 1 B 1138.46 1272.11 80 .3
39 4 1 B 1171.83 1331.54 46 .7
1 2 2 B 1024.15 1263.21 47 .4
4 3 2 B 254.24 362.69 16.1
5 3 2 B 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 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 2 B 644.97 . 31.4
40 3 2 B 1114.65 1239.1 67 .4
1 2 3 B 247.03 . 11.9  
3 4 3 B 1061.37 1165.1 57.8  
6 4 3 B 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 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 3 B 737.7 859.5 37
33 2 3 B 1174.89 1351.98 50 .4

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



215

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 so r t;  
by seq  sub; 
run;
•compute summary s t a t i s t i c s ;
proc transpose data*drgl5a ou t= tl5a  p refix*c;
var la ;
id  period ;
by seq  sub;
run;

data hw; se t  t l5 a ;  
i f  seq=l then do; 
v l= (c2 + c3 )/2  -  c l;  
u l* (c 2 - c 3 ) /s q r t ( 2 ) ; 
end;
i f  seq»3 then do; 
v l= (c l+ c 3 ) /2  -  c2; 
u l= ( c l - c 3 ) /s q r t ( 2 ) ; 
end;
i f  seq*2 then do; 
v 2 * c l-(c2 + c3 )/2 ;  
u 2 « (c 2 -c 3 ) /s q r t (2 ) ; 
end;
i f  seq*4 then do; 
v2*c2 -(c l+ c3 ) / 2 ; 
u 2 * ( c l- c 3 ) /s q r t ( 2 ) ; 
end; 
run;

proc u n ivaria te  n o p r in t; 
var v l v2 u l u2; 
by seq;
output out=st m ean=il-i4  c s s= s s l-s s 4 ;  
run;

proc u n ivar ia te  n o p r in t; 
var i l  i2  s s l - s s 4 ;
output outz s t2  sum«il i2  s s i l  s s i2  sswt sswr; 
run;

data t t ;  s e t  st2 ;
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nu=18;
k = s q r t ( l /4 0 ) ;
d = ( il+ i2 ) /4 ;
s ig 2 i l= s s i l /n u ;
s ig 2 i2 = ss i2 /n u ;
swr=sswr/nu;
n u i= (s ig 2 il/(n u + 2 ) + s ig 2 i2 /(n u + 2 ))* * 2 /((s ig 2 il/(n u + 2 ))* * 2 /n u
+ (sig 2 i2 /(n u + 2 ))* * 2 /n u );
run;
♦compute HSCI; 
data b a ll;  s e t  t t ;
m il“d * d + (s ig 2 il+ s ig 2 i2 )/2 + 0 . 2 5 * ssw t/n u -l. 75*ssw r/nu;
m i3*m il/m ax(swr,0.04) ;
s0*0.04;
etaO *(log(l.25)**2+ 0 .05)/sO ;
e _ i l= s ig 2 i l /2 ;
e _ i2 * s ig 2 i2 /2 ;
e_d=d*d;
e _ t* ssw t/(4 * n u );
e _ r = (-l.7 5 -e ta 0 * (sw r  gt 0 .04))*ssw r/nu;  
t= t in v ( 0 .9 5 ,n u i) ;
h_d=(abs(d)+t*k*sqrt ( ( s ig 2 i l+ s ig 2 i2 ) /2 ) )**2;
qu=cinv( 0 .9 5 ,n u );
q l= c in v ( 0 .0 5 ,n u );
h _ il= n u * e _ il/q l;
h _ i2= n u *e_ i2 /q l;
h _t= n u *e_ t/q l;
h_r=nu*e_r/qu;
u_d=(h_d-e _d)♦♦2;
u _ il= (h _ il- e _ il)* * 2 ;
u _ i2= (h _i2-e_ i2)**2;
u _t= (h _t-e_ t)**2;
u_r=Ch_r-e_r)**2;
h_m i3=e_d+e_il+e_i2+e_t+e_r-0.04*eta0*(swr l e  0 .0 4 );
I_mi3=*h_mi3+sqrt(u_d+u_il+u_i2+u_t+u_r);
run;

proc p r in t d a ta = b a ll; 
run;
♦compute GPV; 
data c a l l ;  s e t  t t ;  
s0*0.04;
e ta 0 * (lo g (l.2 5 )* * 2 + 0 .0 5 )/s0 ;  
do i= l  to  50000; 
z=norm al(0); 
ul=2*rangam(0,nu/2) ; 
u2=2*rangam (0,nu/2);
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v*2*rangam (0,nu/2); 
w*2*rangam(0,nu/2); 
e _ i» ( s s i l /u l  + s s i2 /u 2 ) /2 ;  
e_d *d -k *z*sq rt(e_ i); 
e_t*ssw t/v ;  
e_r=sswr/w;
p iv*((e_d*e_d)+e_i+0. 2 5 * e _ t- l .75*e_r)/ (max(e_r, sO));
p iv a * ((e _ d * e _ d )+ ss il/u l-1 .5 * e _ r )/(m a x (e _ r ,s0 ));
pivb=( (e_d*e_d)+ssi2/u2+0. 5*e_t-2*e_r)/ (max(e_r, sO));
piv2* Ce_d*e_d)+e_i+0. 2 5 * e _ t- l .75*e_r-eta0*max ( e _ r , sO);
p ivd *e_ i-0 .75*e_ t-0 .75*e_r;
p h i* (p iv  g t etaO );
phi2=(piva gt etaO );
phi3=(pivb gt etaO );
p si= (p ivd  gt 0 .0 4 );
ou tp u t;
end;

proc un ivariate;  
var phi piv; 
run;

DRUG15A.PBE.SAS
This program does HSCI and GPV procedures
fo r  the PBE/2S3P o f  Drug 15a (FDA b ioequivalence w e b s ite ) .
This i s  the example in  Chapter 4 , S ection  3 .4 .

t i t l e ;
t i t l e  ’Drug 15a/PBE’ ;

proc format;
value $ tr  ’A’* ’T e s t ’
’B’» ’R eference'; 
run;
•input and transform  data; 
data drgl5a;
input SUB SEQ PERiod TRT $ AUC AUCINF Cmax; 
la = lo g (a u c ); 
card s;
1 2 1 A 1106.94 1202.9 59.9
4 3 1 A 347.98 422 .54  30.4
5 3 1 A 698.06 . 17.1
8 2 1 A 1018.47 1313.37 61.2
9 2 1 A 306.72 469.78 20.06  
12 3 1 A 599.21 . 3 4 .4
14 3 1 A 1407.79 1572.95 64 .5
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15 2 l A 1280.25 1361.5 55
17 2 i A 616.23 728.25 21.7
20 3 i A 552.77 691.04 28.6
22 3 l A 2097.65 2260.71 83. 9
23 2 i A 799.25 911.75 40.8
25 2 i A 924.2  1169.2 35.9
28 3 i A 972.39 1115.8 34.1
29 3 i A 419.84 . 19.4
32 2 i A 771.03 945.15 38.2
33 2 i A 1325.16 1482.57 38. 9
36 3 i A 762.03 897.19 39.7
37 2 i A 639.65 752.84 23.5
40 3 l A 1354.86 1408.89 86. 8
2 :i :2 ,A 885.09 1008.28 49.7
3 4 2 A 424.88 . 37 .9
6 4 2 A 535.15 602.41 36.7
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 1 3 A 886.29 1000.06 51.5
4 3 3 A 287.53 390.71 21.3
5 3 3 A 412.79 734.64 15.9
7 1 3 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
2 1 1 B 1059.96 1139.74 69
3 4 1 B 850.25 1052.56 45.3
6 4 1 B 465.81 545.11 27.6
7 1 1 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
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 1 B 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 1 B 1138.46 1272.11 80 .3
39 4 1 B 1171.83 1331.54 46 .7
1 2 2 B 1024.15 1263.21 47 .4
4 3 2 B 254.24 362.69 16.1
5 3 2 B 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 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 2 B 644.97 . 31.4
40 3 2 B 1114.65 1239.1 67 .4
1 2 3 B 247.03 . 11.9
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3 4 3 B 1061.37 1165.1 57.8  
6 4 3 B 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 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 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

ru n ;

proc so r t;  
by seq  sub; 
run;
♦compute summary s t a t i s t i c s ;
proc transpose data»drgl5a ou t= tl5a  prefix=c;
v a r  l a ;
id  period ;
by seq  sub;
run;

data  hw; se t  t l5 a ;  
i f  seq = l then do; 
v tl= (c 2 + c 3 )/2 ;  
v r l= c l ;
u w t* (c 2 -c 3 ) /s q r t (2 ) ; 
end;
i f  seq=3 then do; 
v t l* (c l+ c 3 ) /2 ;  
v r l* c 2 ;
u w t* (c l-c 3 ) /s q r t(2 )  ; 
end;
i f  seq«2 then do; 
v t 2 » c l ; 
vr2*(c2+ c3)/2 ;  
u w r= (c2 -c3 )/sq rt(2 ) ;
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end;
i f  seq=4 then  do; 
vt2=c2;
vr2 = (c l+ c3 )/2 ;  
u w r= *(c l-c3 )/sq rt(2 ); 
end;
i l = v t l - v r l ; 
i2 * v t2 -v r 2 ; 
run;

proc u n iv a r ia te  noprint;
var i l  i2  v t l  v r l vt2 vr2 uwt uwr;
by seq;
output o u t* s t  m ean=il-i8 c s s= s s l-s s 8 ;  
run;

data xpl; merge hw(in*a) s t ;  
where seq in  (1 ,3 );  
by seq; 
i f  a;
i f  f i r s t . s e q  then sxpl=0; 
x p = (v t l - i3 )* ( v r l - i 4 ) ; 
sxpl=sxpl+xp ; 
re ta in  s x p l ;
i f  la s t .s e q  then output; 
run;

data xp2; merge hw(in*a) s t ;  
where seq in  (2 ,4 );  
by seq; 
i f  a;
i f  f i r s t . s e q  then sxp2*0;
x p * (v t2 - i5 )* ( v r 2 - i6 ) ;
sxp2*sxp2+xp;
re ta in  sxp2;
i f  l a s t . s e q  then  output;
run;

data xp; merge xpl xp2;
by seq;
run;

proc u n iv a r ia te  noprint; 
var i l  i2  s s l - s s 8  sxpl sxp2;
output o u t* s t2  sum*il i2  s s i l  s s i2  s s t l  s s r l  s s t2  ssr2  sswt sswr s s t r l  s s tr 2 ;  
run;
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data t t ;  se t  st2;  
nu*18;
k = s q r t ( l /4 0 ) ;
d = ( il+ i2 ) /4 ;
s ig 2 i l* s s i l /n u ;
s ig 2 i2 * ss i2 /n u ;
b l = s s t r l / s s t l ;
b 2 = sstr2 /sst2 ;
s s r t l = s s r l - s s t r l * s s t r l / s s t l ; 
s s r t2 = s s r 2 -s s tr 2 * s s tr 2 /s s t2 ; 
sr= 0 .5 * (ssrl/nu +ssr2/nu+ssw r/(2*nu ));
nui=(sig2il/C nu+2) + s ig 2 i2 /(n u + 2 )) * * 2 /( ( s ig 2 i l / (n u + 2 ) ) **2/nu
+ (sig 2 i2 /(n u + 2 ))* * 2 /n u );
run;
•compute HSCI; 
data b a ll;  se t t t ;
m il=d*d+0.5*(sstl/nu  + sst2 /n u  + 0 .5 * ssw t/n u )-sr ;  
mi3*mi1/m ax(sr,0 .0 4 );  
s0*0 .04;
e ta O = (lo g (l.25)**2+0.02)/sO ; 
e_d*d*d;
e _ t l= s s t l /(2 * n u ) ; 
e _ t2 * sst2 /(2 * n u ); 
e_w t»ssw t/(4*nu); 
e _ r l“- ( 0 .5+etaO )*ssr1/nu; 
e_r2*- ( 0 .5+etaO )*ssr2/nu; 
e_w r=-(0.25+eta0)*ssw r/nu; 
t= t in v (0 .9 5 ,n u i) ;
h_d=(abs(d)+t*k*sqrt( ( s ig 2 i l+ s ig 2 i2 ) /2 ) )**2;
q u *cin v(0 .95 ,n u );
q l= c in v (0 .0 5 ,n u );
h _ tl= n u * e _ tl/q l;
h_t2=nu*e_t2/q l;
h_ut=nu*e_ut/ql;
h_rl=nu*e_rl/qu;
h_r2=nu*e_r2/qu;
h_wr=nu*e_wr/qu;
u_d=(h_d-e_d)*»2;
u _ tl= (h _ tl-e _ tl)* * 2 ;
U _ t2 = (h _ t2 -e _ t2 )**2; 
u_w t“ (h _ w t-e_ w t)• • 2 ;  
u _ r l * ( h _ r l - e _ r l ) **2; 
u _ r2 = (h _ r2 -e _ r2 ) * * 2 ; 
u _ u r= (h_w r-e_w r)**2;
h _ m i3 * e _ d + e _ tl+ e _ t2 + e _ w t+ e _ rl+ e _ r2 + e _ w r;
I_m i3*h_m i3+ sqrt(u_d+ u_ tl+ u_ t2+ u_w t+ u_rl+ u_r2+ u_w r); 
ru n ;
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proc p rin t d a ta*b a ll;  
run;
♦compute GPV; 
data c a l l ;  s e t  t t ;  
s0*0.04;
etaO *(log(1 .25 )**2+ 0 .02 )/sO ; 
do i= l  to  250000; 
z*norm al(0); 
zb l*norm al(0); 
zb2*norm al(0); 
utl»2*rangam (0,nu /2); 
ut2*2*rangam (0,nu/2); 
url*2*rangam(0, ( n u - l ) /2 ) ; 
ur2=2*rangam(0, ( n u - l ) /2 ) ; 
vt*2*rangam (0,nu/2); 
wr*2*rangam (0,nu/2); 
b e l= b l- z b l* s q r t ( s s r t l / ( u r l* s s t l ) ); 
b e2 = b 2 -zb 2 * sq rt(ssr t2 /(u r2 * sst2 ));
t_ d = (s s t l* ( l-b e l)* * 2  + s s r t l /u r l  + s s t2 * (l-b e 2 )* * 2  + s sr t2 /u r 2 )/2 0 ;
e_d= d-k*z*sqrt(t_d );
e _ t = s s t l /u t l  + s s t2 /u t2  + ssw t/(2 * w t);
e _ r = (s s t l /u t l)* b e l* b e l  + s s r t l /u r l  + C sst2/ut2)*be2*be2 + s sr t2 /u r 2  
+ssw r/(2*w r);
p iv * ((e_ d * e_ d )+ 0 .5 * e_ t-0 .5 * e_ r)/(m a x (0 .5 * e_ r ,s0 ));  
phi=(piv  g t e ta O ); 
output; 
end;

proc u n iv a r ia te ;  
var phi p iv;  
run;

/I**,,*********,*,****,,,***,*,*,,*,,,***,****,*
MPH_IBE3.SAS
This program does HSCI and GPV procedures 
fo r  the IBE/3S3P of m ethylphenidate m eta-data 
(adapted from Meyer e t  a l 2000).
This i s  the example in  Chapter 4 , Section  3 .8 .

options ps*66 ls=r120 nodate nonumber; 
t i t l e  ’R ita lin  data/PBE’ ;
♦libname mi3 ’j : \m i3 ’ ; 
run;
•in p u t data from Excel f i l e  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;
•transform  and red efin e  the meta-data; 
proc transpose data*mph out*tm p r e f ix * c ; 
var auc; 
id  week;
by sequence subject;  
run;
•compute prelim inary and summary s t a t i s t i c s ;  
data hv5; s e t  tm; 
l a l  * l o g ( c l ) ; 
la 2  = lo g ( c 2 ) ; 
la 3  = lo g ( c 3 ) ; 
la4  = lo g ( c 4 ) ; 
i f  sequence=3 then d e le te ;  
i f  sequence=l then do; 

i « la 3 - ( la l+ la 2 ) /2 ;  
v r = ( la l - la 2 ) / s q r t ( 2 ) ; 
end;

i f  sequence*4 then do; 
i= la l- ( la 2 + la 3 ) /2 ;  
v r * ( la 2 - la 3 ) /s q r t (2 ) ; 
end;

i f  sequence*2 then do; 
i* la 2 -C la l+ la 4 ) /2 ; 
v r * ( la l - la 4 ) / s q r t ( 2 ) ; 
end; 

run;

proc so r t  data=hw5; 
by sequence;

proc u n iv a r ia te  data=hw5 noprint; 
var i  vr;
output ou t= st m ean=il-i2  c ss= s l-s2 ;
by sequence;
run;

proc u n iv a r ia te  noprint; 
var i l  s l - s 2 ;
output ou t*st2  sum=i s s i  sswr; 
run;

data s t2 ;  s e t  s t2 ;
mwr*sswr/12;
mi=*ssi/12;
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d = i/3 ;
run;
♦compute HSCI; 
data b a ll;  se t  s t2 ;  
s_0=0.04;
e ta 0 = ( ( lo g ( l  .25) ) ^ 2  + 0 .0 5 )/s_ 0 ;
e_d=d*d;
e_l=mi;
e_3=-3^mwr/2;
e _ 3 r » -( 1 .5+etaO)♦mwr;
t* t in v ( 0 .9 5 ,1 2 ) ;
h _d *(ab s(d )+ t^ sq rt(0 .6^ m i)/3 )^ 2;
q u * c in v (0 .9 5 ,1 2 );
q l* c in v (0 .0 5 ,1 2 ) ;
h _ l* 1 2 ^ e _ l/q l;
h_3*12^e_3/qu;
h_3r=12^e_3r/qu;
u_d*(h_d-e_d)**2;
u _ l* (h _ l-e _ l)^ 2 ;
u_3=(h_3-e_3)**2;
u_3r=(h_3r-e_3r)♦♦2;
m i3*(e_d+e_l+e_3)/s_0;
mi3b=(e_d+e_l+e_3)/mwr;
Im i3=e_d+e_l+e_3-eta0^s_0; 
h_m i3c*lmi3+sqrt(u_d+u_l+u_3); 
m i3r=(e_d+e_l)/m w r-l.5; 
lm i3r=e_d+e_l+e_3r; 
h_mi3r=lmi3r+sqrt(u_d+u_l+u_3r); 
run;

proc p r in t data=ball;  
run;
♦compute GPV;
data c a l l ;  s e t  s t2 ;
nu*12;
k= sq rt(0 .6 /9 ) ;  
s_0=0.04;
e t a 0 * ( ( lo g ( 1 .2 5 ) ) « 2  + 0 .0 5 )/s_ 0 ;  
do j * l  to  50000; 
z*norm al(0); 
ui*2^rangam (0,nu/2); 
ur*2^rangam(0,nu/2) ; 
sig2w r=ssw r/ur; 
s i g i * s q r t ( s s i / u i ) ; 
d elta * d -k ^ sig i^ z ;
gp vm i3*(d elta^ d elta+ sig i^ sig i-3^ sig2w r/2)/m ax(sig2w r,s_0); 
psi~(gpvm i3 g t etaO );
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ou tp u t;
end;
run;

proc u n ivariate; 
var p s i  gpvmi3; 
run;

/ . I * * * * , * , * , , , , * * * * , , , * * , , , * * * * * , * * , , * * * , ,

MPH.PBE3. SAS
This program does HSCI and GPV procedures fo r  the PBE/3S3P 
o f  men (Meyer e t  a l  2000).
This i s  Example 1 in  Chapter 4 , Section  5 . 1 .

op tion s ps=64 ls=120 nodate nonumber;
t i t l e  'R ita lin  data/PBE’ ;
run;
♦input Excel data f i l e  provided by Meyer and Straughn;
PROC IMPORT 0UT= WORK.mph

DATAFILE= "c:\my documents\my sas f ile s \m p h .x ls"  
DBMS-EXCEL2000 REPLACE;

GETNAMES-YES;
RUN;

proc transpose data*mph out*tm p r e fix * c ;
var auc; ♦♦♦♦select parameter AUC/Cmax;
id  ueek;
by sequence su b ject;  
run;
♦create meta-data s e t  and prelim inary s t a t i s t i c s ;  
data hw5; se t  tm; 
l a l  * lo g (c l) ;  
la 2  * lo g (c 2 ) ; 
la 3  = lo g (c 3 ) ; 
la 4  * lo g (c 4 ) ; 
i f  sequence=3 then d e le te ;  
i f  sequence=l then do; 

u r = (la l+ la 2 )/2 ;  
u t= la 3 ;
v r = ( la l- la 2 ) /s q r t ( 2 ) ; 
end;

i f  seq u en cer  then do; 
u t = la l ;
u r * (la 2 + la 3 )/2 ; 
v r * ( la 2 - la 3 ) /s q r t (2 ) ; 
end;

i f  sequence*2 then  do;
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u ts la 2 ;
u r = (la l+ la 4 ) /2 ;  
v r * ( la l - la 4 ) / s q r t ( 2 ) ; 
end;
i= u t-u r;

run;
♦compute summary s t a t i s t i c s ;
proc glm data=hw5 outstat=tx(w here® (_type_=’ERROR’) ) ;  
c la ss  sequence;
model ur=sequence ut /  so lu tion ;
run;
q u it ;

proc so r t  dataahw5; 
by sequence;

proc u n ivar ia te  data*hw5 noprint; 
var ut ur vr i ;
output ou t=st m ean=il-i4 c s s= s l-s4 ;
by sequence;
run;

data xp; merge hw5(in=a) s t ;  
by sequence; 
i f  a;
i f  f ir s t .s e q u e n c e  then sxp-O; 
x p * ( u t - i l ) * ( u r - i2 ) ; 
sxp=sxp+xp; 
reta in  sxp;
i f  l a s t . sequence then output; 
run;

proc u n ivar ia te  noprint; 
var i4  s l - s 4  sxp;
output outas t2  sumai  s s t  s sr  sswr s s i  s s l2 ;  
run;

data s t2 ;  s e t  s t2 ;
m ut*sst/12;
murassr /1 2 ;
mwr*ssMr/12;
m i*ssi/12 ;
b = s s l2 /s s t ;
d * i/3 ;
run;
•Compute HSCI; 
data b a l l ;  s e t  s t2 ;
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s_0=0.04;
eta0=*((log(1.25))**2 * 0 .0 2 ) /s _ 0 ;
e_d»d*d;
e_l*m ut;
e_3=-(1+etaO) *mur; 
e_ 4 = -(0 . 5+etaO) *mwr; 
t * t in v (0 .9 5 ,1 2 ) ;
h _d»(abs(d)+t*sqrt(0 .6*m i)/3)**2;
q u = cin v(0 .95 ,12 );
q l= c in v(0 .05 ,12 ) ;
h _ l= l2 * e_ l/q l;
h_3*l2*e_3/qu;
h_4=12*e_4/qu;
u_d=(h_d-e_d) **2 ;
u _ l= (h _ l-e_ l)**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=lmp3+sqrt (u_d+u_l+u_3+u_4); 
run;

proc print data=ball; 
run;
♦compute GPV;
data c a ll;  merge s t2  tx ;
nu*12;
k=sqrt(0 .6 /1 2 );  
ss2 o n l* ss ; 
s_0=0.04;
e ta 0 » ((lo g (1 .2 5 ))* * 2  + 0 .0 2 ) /s _ 0 ;
do j= l to  100000;
z=normal(0);
zl2=norm al(0);
ul*2*rangam(0fnu/2) ;
u2=2*rangam(0, ( n u - l ) /2 ) ;
ur=2*rangam(0,nu/2) ;
sig2wr=sswr/ur;
s ig s q l= s s t /u l ;
lambdasq2=ss2onl/u2;
beta=b-zl2*sqrt (lam b d asq 2 /sst);
s ig i= s q r t(s ig s q l* (b e ta -1 )**2 + lambdasq2);
d e lta = d -k * sig i* z ;
sigsq2=lam bdasq2+beta*beta*sigsql;
gpvm p3=(delta*delta+ sigsq l-sigsq2-sig2w r/2)/m ax(sigsq 2+ sig2w r/2 ,s_0); 
psi=(gpvmp3 g t  etaO ); 
output;
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end;
run;

proc u n ivaria te;  
var p s i  gpvmp3; 
run;

SIHIBED3.SAS
This program does the t e s t  s iz e  sim ulations  
fo r  IBE/2S3P.
Chapter 4 , Section  4 . 1 ,  Table 2.
  .
op tion s ps=64 ls=120 nodate nonumber nomprint; 
libname mi3 'c:\My Documents\My SAS F ile s \V 8 ’ ;
•ibname mi3 ’j : \m i3 ’ ;
t i t l e  ’Sim ulation fo r  PBE/3Pd’ ;
run;

'/.macro s im ib e (d e l,sd ,sw t,sw r ,n s im tn gp ,seed ,ds) ;

t i t l e 2  "delta“&del, sigma_d=«ftsd sigma_wt*&swt sigma_wr*4swr"; 
•c r e a te  sim ulation  data se ts ;  
data sim;
••••In p u t model parameter values****;
sigd=*&sd;
sigwt=&swt;
sigwr=ftswr;
delta=& del;
•• ••C a lc u la te  needed parameter values****; 
s ig 2 w t= sig w t* sig « t; 
sig2w r=sigw r*sigw r; 
s ig 2 i l= s  igd* sigd+s ig2wt+s ig2w r/2; 
s ig 2 i2 = s  igd* sigd+s ig2w t/2+sig2w r;
m i3»C delta*delta+sigd*sigd+sig2w t-sig2w r)/m ax(sig2w r,0 .04 );  
c a l l  symput(’MI3’ ,m i3 );
••••Compute sim ulated values****; 
junk=int(100000*ranuni(fcseed)); 
do n*12,18 ,24;  
n u = n -l;
k * l/s q r t (2 * n ); 
do j * l  to  ftnsim; 
z=norm al(0); 
il*2*rangam (0 ,n u /2); 
i2*2*rangam (0,nu/2); 
v=2*rangam (0,nu/2); 
w=2*rangam(0,nu/2) ;
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d=delta+k*sqrt C sig 2 il+ s ig 2 i2 )* z ;
ssw t=sig2w t*v;
ssvr=sig2wr*w;
s s i l = s i g 2 i l « i l ;
s s i2 = s ig 2 i2 * i2 ;
keep n j nu d s s i l  s s i2  sswt ssur k mi3;
output;
end;
end;
run;
/ •
proc u n iv a r ia te ;  
var d s s i  ssw t sswr; 
by n; 
run;
* /
♦•♦•Compute HSCI****; 
data b a ll;  s e t  sim; 
s_0=0.04;
e t a 0 = ( ( lo g ( l .2 5 ) )**2 + 0 .0 5 ) /s_ 0 ;
s2wr=sswr/nu;
m _ il= ssil/n u ;
m _i2*ssi2/nu;
e _d=d*d;
e_ l= m _il/2 ;
e_2*m_i2/2;
e_t*ssw t/(4*nu ) ;
e_r*-(l.75+ eta0*(s2w r gt s_0))*s2w r;
nua*Cm_il/n+m_i2/n)* * 2 /((  (m _il/n )**2/nu) + ( (m _i2/n)* * 2 /^ ) ) ;  
t * t  in v (0 .9 5 ,n u a );
h_d*(abs (d) +t*k*sqrt (m_il+m_i2)) **2;
qu*cinv( 0 .9 5 ,nu) ;
q l* c in v (0 .0 5 , n u );
h _ il* n u * e _ l/q l;
h_ i2»nu*e_2/q l;
h_t= n u *e_t/q l;
h_r=nu*e_r/qu;
u_d=(h_d-e_d)•*2;
u _ il= (h _ il-e _ l)* * 2 ;
u_i2=(h_i2-e_2)**2;
u _t= (h _t-e_t)**2;
u_r=(h_r-e_r)**2;
h_m i3=(e_d+e_l+e_2+e_t+e_r-eta0*s_0*(s2wr l e  s_0))  
+sqrt(u_d+u_il+u_i2+u_t+u_r) ; 
phi*(h_mi3 I t  0) ;
•keep n j  phi h_mi3 nua t ;  
run;
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p ro c  u n i v a r i a t e  d a ta = b a l l  n o p r in t ;  
v a r  p h i  n u a ; 
by n ;
o u tp u t ou t* h 3  m ean=hsci; 
ru n ;
••••C o m p u te  GPV****; 
d a ta  c a l l ;  s e t  sim; 
s_ 0 = 0 .0 4 ;
e t a O = ( ( lo g ( l .2 5 ) )«*2 + 0 .0 5 ) / s _ 0 ;  
x i= 0 ;
do j= l  t o  fcngp; 
z= n o rm al(0 ) ; 
u l= 2 *rangam (0 ,n u /2 ) ; 
u2 =2 *rangam (0 ,n u /2 ) ; 
v=2 *rangam (0 ,n u /2 ) ; 
w=2 *rangam (0 ,n u /2 ) ; 
s ig 2 w t* ssw t/v ; 
s i g 2 w r=ssw r/w ; 
s ig 2 i l * s s i l / u l ;  
s i g 2 i 2 = s s i 2 / u 2 ;
d e l ta * d -k * s q r tC s ig 2 i l + s i g 2 i 2 ) * z ;
gpvmi3= (d e l ta * d e l ta +  ( s ig 2 i l+ s ig 2 i2 )  /2 + s ig 2 w t /4 - l . 7 5 * s ig 2 v r)  /max ( s ig 2 w r , s _ 0 ) ;
x i= x i+ (gpvm i3  g t  e ta O ) ;
end;
p * x i / tn g p ; 
p s i0 5 = (p  I t  0 .0 5 ) ;  
ru n ;

p ro c  u n i v a r i a t e  d a ta = c a l l  n o p r in t ;  
v a r p s i0 5 ;
o u tp u t out=gpv mean=gpv;
by n ;
ru n ;
•m erge r e s u l t s ;  
d a ta  t e s t s ;  merge h3 gpv ; 
le n g th  t e s t  $ 5; 
by n ;
d e l t a = t d e l ; 
sig m a_ d = tsd ; 
s ig m a_ u t” fc sv t; 
s igma_wr«&swr; 
t e s t * " 4 d s " ; 
mi3*&mi3; 
ru n ;

p ro c  p r i n t  d a ta * t e s t s ;
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ru n ;

p ro c  append b a s e = m i3 .te s ts id 3  d a t a = te s t s ;  
ru n ;

’/.mend;

•/.sim ibe(0 .3 1 5 7 4 2 ,0 .0 1 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,8 4 4 3 1 ,i l a ) ; 
•/.simibe (0 .2 9 9 6 5 5 ,0 .1 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,7 9 0 8 7 , i l b ) ;
’/,s im ib e (0 .2 7 8 0 1 6 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,7 1 0 8 9 , i l c )  ;
•/.s im ibe (0 .3 1 5 7 4 2 ,0 .0 1 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,3 8 6 9 3 , i2 a )  ; 
‘/.sim ibe (0 .2 9 9 6 5 5 ,0 .1 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,9 0 6 1 7 , i 2 b ) ;
•/.simibe (0 .2 7 8 0 1 6 ,0 .1 5 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,2 6 6 2 7 , i 2 c ) ; 
’/ .s im ib e (0 .3 6 3 1 4 8 ,0 .0 1 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 9 1 5 7 ,i 3 a ) ;
*/.s im ibe (0 .3 4 9 2 5 1 ,0 .1 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,3 5 3 9 3 , i3 b ) ;
•/.simibe (0 .3 3 0 8 7 2 ,0 .1 5 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,5 3 5 0 7 , i3 c )  ;
*/.simibe(0 .4 7 3 7 4 5 0 2 6 4 7 4 7 ,0 .0 1 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,5 6 4 0 1 ,i 4 a ) ; 
*/,simibe (0 .4 6 3 1 7 8 5 2 9 4 1 3 3 ,0 .1 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,9 7 9 3 1 , i 4 b ) ; 
•/.sim ibe(0 .4 4 9 4 8 2 3 1 3 4 5 5 7 ,0 .1 5 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,9 0 0 5 3 ,i4 c )  ; 
‘/.s im ib e (0 .7 8 9 6 8 7 6 1 4 2 3 8 7 ,0 .0 1 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,8 8 2 1 1 ,i 5 a ) ; 
‘/.s im ib e (0 .7 8 3 3 9 4 2 3 5 4 1 5 3 ,0 .1 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,3 1 1 2 3 ,i 5 b ) ; 
•/.sim ibe(0 .7 7 5 3 7 5 0 8 8 6 3 9 ,0 .1 5 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,3 6 9 3 1 ,i5 c )  ;
*/,simibe(0 .0 5 ,0 .0 1 ,0 .3 4 5 9 6 6 8 2 6 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,4 9 7 8 7 ,i6 a )  ;
*/,s im ibe (0 .0 5 ,0 .1 ,0 .3 3 1 3 5 0 3 3 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,5 0 9 0 9 , i 6 b) ; 
•/.sim ibe(0 .0 5 ,0 .1 5 ,0 .3 1 1 9 1 8 3 3 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,5 1 9 7 3 ,i 6 c ) ;
• s im ib e (0 .0 5 ,0 .2 ,0 .2 8 2 4 7 6 6 2 6 4 5 4 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,3 4 1 4 1 ,i 6 d ) ; 
*/,s im ibe (0 .0 5 ,0 .0 1 ,0 .3 7 0 3 9 5 7 9 4 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,5 3 1 1 7 , i7 a )  ; 
•/.simibe (0 .0 5 ,0 .1 ,0 .3 5 6 7 8 1 5 0 8 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,5 4 2 7 7 , i7 b ) ; 
’/ .s im ib e (0 .0 5 ,0 .1 5 ,0 .3 3 8 8 1 1 2 2 3 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,5 5 3 7 3 ,i7 c )  ;
• s im ib e (0 .0 5 ,0 .2 ,0 .3 1 1 9 1 8 3 3 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,3 6 2 9 9 ,i 7 d ) ; 
•/.sim ibe(0 .0 5 ,0 .0 1 ,0 .4 2 6 9 3 8 2 8 8 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,5 6 4 7 9 ,i8 a )  ; 
‘/.sim ibe (0 .0 5 ,0 .1 ,0 .4 1 5 1 8 2 2 5 1 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,5 7 5 0 3 ,i 8 b ) ; 
'/.sim ibe (0 .0 5 ,0 .1 5 ,0 .3 9 9 8 4 5 3 4 7 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,5 8 6 0 1 , i 8 c) ; 
• s im ib e (0 .0 5 ,0 .2 ,0 .3 7 7 3 2 7 8 4 3 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,3 8 5 0 1 ,i 8 d ) ; 
’/.sim ibe (0 .0 5 ,0 .0 1 ,0 .5 5 8 5 1 0 8 3 3 .0 .3 ,5 0 0 0 ,1 0 0 0 0 ,5 9 6 7 1 ,i9 a )  ; 
‘/.sim ibe (0 .0 5 ,0 .1 ,0 .5 4 9 5 7 6 5 1 9 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 0 8 8 7 , i 9 b ) ; 
•/.simibe (0 .0 5 ,0 .1 5 ,0 .5 3 8 0 8 3 9 6 2 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 2 0 3 9 ,i9 c )  ;
• s im ib e  (0 .0 5 ,0 .2 ,0 .5 2 1 5 6 9 1 2 3 0 4 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,4 3 5 7 7 , i9 d ) ; 
•/.simibe (0 .0 5 ,0 .0 1 ,0 .9 3 3 3 3 0 8 7 8 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,6 5 4 4 9 ,ilO a ) ; 
•/.simibe (0 .0 5 ,0 .1 ,0 .9 2 8 0 1 2 1 3 8 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,6 6 5 8 7 , ilO b) ; 
•/.sim ibe(0 .0 5 ,0 .1 5 ,0 .9 2 1 2 5 2 6 9 5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,6 8 7 1 1 ,ilO c) ;
•  s im ib e  (0 .0 5 ,0 .2 ,0 .9 1 1 7 0 5 2 8 5 7 5 9 6 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,4 8 1 3 1 , ilO d ) ;

p ro c  p r i n t  d a ta * m i3 . te s ts id 3 ;
t i t l e 2 ;
ru n ;
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/• I* ,* * * * * * * * * * * * * * * * * * * * * * * * * * ,* * * * * * * * * ,,,

SIHIBED.P.SAS
T h is  program  does th e  pow er/sam ple  s i z e  s im u la tio n s  
f o r  IBE/2S3P.
C hap ter 4 ,  S e c tio n  4 .2 ,  T ab le  3 .

o p tio n s  ps=64 ls=120 n o d a te  nonumber n o m p rin t; 
libnam e mi3 ’c :\H y  Documents\My SAS F i l e s \V 8 ’ ;
•ibnam e mi3 ' j : \ m i 3 ’ ;
t i t l e  ’S im u la tio n  f o r  PBE/3Pd’ ;
r u n ;

’/.macro s im ibe ( d e l , s d , s w t , sw r, n s im , n g p , n l , n 2 , s e e d , d s ) ;

t i t l e 2  "d e lta = A d e l, s ig m a_ d * tsd  sigm a_w t*4svt s igm a_w r= tsw r"; 
♦ c re a te  s im u la tio n  d a ta  s e t s ;  
d a ta  sim ;
• • • • I n p u t  model p a ram e te r va lu es* * * * ;
sigd*& sd;
sig w t= k sw t;
sigwr*fcswr;
d e lta ^ fc d e l;
♦ • •♦ C a lc u la te  needed p a ra m e te r  v a lu es* * * * ; 
s i g 2 w t* s ig v t* s ig w t; 
s i g 2 v r » s ig v r * s ig v r ; 
s i g 2 i l* s ig d * s ig d + s ig 2 w t+ s ig 2 w r/2 ; 
s i g 2 i 2 = s ig d * s ig d + s ig 2 w t / 2 + s ig 2 wr;
m i3 = (d e lta * d e lta + s ig d * s ig d + s ig 2 w t-s ig 2 w r) /m a x (s ig 2 w r ,0 .0 4 ) ; 
c a l l  sy m p u t(’MI3’ ,m i3 ) ;
••••C om pute s im u la te d  v a lu es* * * * ; 
ju n k = in t ( 1 0 0 0 0 0 * r a n u n i ( t s e e d ) ) ; 
do ns &nl to  &n2 ; 
n u = n - l ;
k = l / s q r t ( 2 * n ) ; 
do j= l  t o  tn s im ; 
z= norm al(0 ) ; 
i l = 2 *rangam (0 ,n u / 2 ) ; 
i 2 *2 *rangam (0 ,n u / 2 ) ; 
v*2 *rangam (0 ,n u / 2 ) ; 
w=2 *rangam (0 ,n u / 2 ) ; 
d * d e l ta + k * s q r t( s ig 2 i l + s i g 2 i 2 ) * z ; 
s s i r t* s ig 2 w t*v; 
s swr*s ig 2 ur*w ; 
s s i l * s i g 2 i l * i l ; 
s s i 2 > s ig 2 i 2 * i 2 ;
keep n j  nu  d  s s i l  s s i 2  ssw t ssw r k  m i3; 
o u tp u t ;
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end ;
end ;
ru n ;
/ *
p ro c  u n iv a r i a te ;  
v a r  d s s i  ssw t ssw r; 
by n ; 
ru n ;
* /
•♦••C om pute HSCI****; 
d a ta  b a l l ;  s e t  sim ; 
s_ 0 = 0 .0 4 ;
e t a O * ( ( lo g ( l .2 5 ))* * 2  + 0 .0 5 ) / s _ 0 ;
s 2 w r= ssw r/n u ;
m _ il= s s i l /n u ;
m _i2 = s s i 2 /n u ;
e_d=d*d;
e _ l= m _ il /2 ;
e_ 2 =m_i2 / 2 ;
e _ t= s s w t/(4 * n u ) ;
e _ r= -( l.7 5 + e ta O * (s2 w r g t  s_ 0 ))* s2 w r;
nua=(m _il/n+ m _i2 / n ) • • 2 / ( ( (m _ il/n )* * 2 /n u )+ ((m _ i2 /n )* * 2 / n u ) ) ;  
t= t in v ( 0 .9 5 ,n u a ) ;
h _ d = (a b s (d )+ t* k * sq r t  Cm_il+m_i2 ) )* * 2 ;
q u = c in v (0 .9 5 ,n u ) ;
q l= c in v ( 0 .0 5 ,n u ) ;
h _ i l= n u » e _ l /q l ;
h _ i2 * n u * e _ 2 /q l;
h _ t= n u * e _ t/q l ;
h _ r* n u * e_ r/q u ;
u_ d * (h _ d -e_ d )**2;
u _ i l* ( h _ i l - e _ l ) * * 2 ;
u _ i2 » (h _ i2 -e _ 2 )* * 2 ;
u _ t* ( h _ t - e _ t ) **2 ;
u _ r= (h _ r -e _ r )**2 ;
h_m i3-(e_d+ e_ l+ e_2+ e_ t+ e_r-eta0*s_0*C s2H r l e  s_ 0 ))  
+ s q r t(u _ d + u _ il+ u _ i2 + u _ t+ u _ r) ; 
phi= (h_m i3  I t  0 ) ;
•k eep  n  j  p h i h_mi3 nua t ;  
ru n ;

p ro c  u n iv a r ia te  d a ta = b a l l  n o p r in t ;  
v a r  p h i  nua; 
by n ;
o u tp u t  out=h3 m ean = h sc i; 
ru n ;
••••C om pute  GPV****;
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d a ta  c a l l ;  s e t  sim ; 
s_0=0.04;
e ta 0 * ( ( lo g (1 .2 5 ) )* * 2  + 0 .0 5 ) /s _ 0 ;  
x i= 0 ;
do j * l  t o  ftngp; 
z= norm al(0 ) ; 
u l= 2 *rangam (0 ,n u / 2 ) ; 
u 2 =2 *rangam (0 ,n u / 2 ) ; 
v=2 *rangam (0 ,n u / 2 ) ; 
w=2 *rangam (0 ,n u / 2 ) ; 
s i g 2 w t= ssw t/v ; 
s i g 2 w r= ssw r/w ; 
s i g 2 i l = s s i l / u l ; 
s i g 2 i 2 = s s i 2 / u 2 ;
d e l t a = d - k * s q r t ( s ig 2 i l + s i g 2 i 2 )* z ;
gpvmi3“ (d e l ta * d e l ta + ( s ig 2 i l+ s ig 2 i2 ) /2 + s ig 2 w t/4 - l .7 5 * s ig 2 w r ) /m a x (s ig 2 w r  , s _ 0 ) ;
x i= x i+ (gpvm i3  g t  e ta O ) ;
end;
p * x i/ in g p ;  
p s i0 5 = (p  I t  0 .0 5 ) ;  
ru n ;

p ro c  u n iv a r i a t e  d a t a - c a l l  n o p r in t ;  
v a r  p s i0 5 ;
o u tp u t o u t* g p v  mean»gpv;
by n;
ru n ;
♦merge r e s u l t s ;  
d a ta  t e s t s ;  m erge h3 gpv; 
le n g th  t e s t  $ 5; 
by n;
d e lta = & d e l; 
sigm a_d= tsd ; 
sigm a_wt=fcswt; 
s igm a_w r= tsw r; 
t e s t =l,& ds"; 
mi3=Scmi3 ; 
ru n ;

p ro c  p r i n t  d a t a = t e s t s ; 
ru n ;

p ro c  append b a s e * m i3 .te s ts id 3 _ p  d a t a « t e s t s ;  
ru n ;

/frnend;
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y ,s im ib e (0 .0 5 ,0 .0 1 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,8 ,1 0 ,6 5 4 7 9 ,p l a ) ; 
‘/ .s im ib e (0 .0 5 ,0 .1 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,1 1 ,1 4 ,4 7 0 4 1  ,p lb )  ; 
*/.sim ibe(0 .0 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,1 7 ,2 0 ,4 5 8 2 3 ,p ic )  ; 
•/.s im ibe(0 .0 5 ,0 .0 1 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,1 5 ,1 7 ,5 4 0 0 1 ,p2a) ; 
*/.simibe (0 .0 5 ,0 .1 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,2 1 ,2 4 ,2 8 0 3 1 ,p 2 b ) ; 
’/ .s im ib e (0 .0 5 ,0 .1 5 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,2 9 ,3 3 ,1 8 5 0 3  ,p 2 c) ; 
’/ .s im ib e (0 .0 5 ,0 .0 1 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,2 1 ,2 5 ,5 4 5 7 7  ,p 3 a) ; 
•/.simibe (0 .0 5 ,0 .1 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,2 8 ,3 1 ,3 3 8 9 3 ,p3b) ; 
•/.simibe (0 .0 5 ,0 .1 5 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,4 1 ,4 4 ,7 9 0 8 7 ,p 3 c ) ; 
* /.sim ibe(0 .0 5 ,0 .0 1 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,2 8 ,3 1 ,4 7 9 3 9 ,p 4 a ) ; 
*/.sim ibe(0.0 5 ,0 .1 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,3 1 ,3 5 ,4 1 2 4 3 ,p 4 b ) ;
'/.sim ibe(0 .0 5 ,0 .1 5 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,3 6 ,4 1 ,8 6 4 5 3 ,p4c) ;
’/ .s im ib e (0 .0 5 ,0 .0 1 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,2 7 ,3 1 ,2 6 7 0 1 ,p 5 a ) ; 
*/.sim ibe(0 .0 5 ,0 .1 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,2 8 ,3 2 ,2 3 2 2 7 ,p 5 b ) ; 
•/.s im ibe(0 .0 5 ,0 .1 5 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,3 0 ,3 5 ,5 3 5 5 1 ,p5c) ;

p ro c  p r i n t  d a ta = m i3 .te s ts id 3 _ p ;
t i t l e 2 ;
ru n ;

  .
SIMPBED3.SAS
T h is  program  does th e  t e s t  s i z e  s im u la tio n s  
f o r  PBE/2S3P.
C h ap te r 4 , S e c t io n  4 .3 , T ab le  4 .
* * * * * * * *    .......

o p tio n s  ps=*64 ls=120 n o d a te  nonumber n o m p rin t; 
t i t l e  ’S im u la tio n  d a t a ' ;
libnam e mi3 ’ c:\M y DocumentsNMy SAS F i le s \V 8 ’ ;
•ibnam e mi3 ’j : \ m i 3 ’ ;
t i t l e  ’S im u la t io n  f o r  PBE/Design A’ ;
ru n ;

‘/.macro s im p b e ( d e l , r , s b t , s b r ,s w t ,s w r ,n s im ,n g p ,s e e d ,d s ) ;

t i t l e 2  " d e lta * fc d e l, r h o * t r ,  sigm a_bt*fcsbt 
sigm a_br=& sbr sigm a_wt*ftstrt sigm a.w r^& sw r" ; 
ru n ;
* c r e a te  s im u la t io n  d a ta  s e t s ;  
d a ta  sim ;
****Inpu t m odel p a ram ete r v a lu es* * * * ;
s i g b t 3 & sbt;
s ig b r = ts b r ;
s ig w t* is w t;
s ig w r= tsw r;
d e l t a = id e l ;
rh o * A r;
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♦ •♦ ♦ C a lc u la te  n eed ed  p a ram ete r v a lu e s ^ ^ * ;  
s i g 2 b r * s ig b r ^ s ig b r ;  
s i g 2 b t * s i g b t ^ s i g b t ; 
s i g 2 w r* sig w r^ s ig w r; 
s i g 2 w t* s ig v t^ s ig w t ; 
s ig s q r l* s ig b r * s ig b r + s ig v r ^ s ig w r ; 
s i g s q t l * s i g 2 b t + s i g 2 v t / 2 ; 
s i g s q t 2 * s ig b t^ s ig b t+ s ig w t^ s ig w t; 
s  i g s q r 2 = s ig 2 b r+ s  i g 2 u r / 2 ; 
s i g 1 2 =rho^ s i g b t • s i g b r ; 
b e t a l = s i g l 2 / s i g s q t l ; 
b e t a 2 = s ig l 2 / s i g s q t 2 ; 
s i g i l = s q r t ( s i g s q t l + s i g s q r l - 2 ^ s i g l 2 ) ; 
s i g i 2 = s q r t ( s i g s q t 2 + s ig s q r 2 - 2 ^ s i g l 2 ) ; 
I a m b d a s q l= s ig s q r l - s ig l 2 ^ s i g l 2 / s i g s q t l ; 
la m b d a l= s q r t( la m b d a s q l) ;
Iam bdasq2 = s ig s q r 2 - s i g l 2 ^ s i g l 2 / s i g s q t 2 ;
Iam bda2 = s q rt( la m b d a sq 2 ) ;
mp3* (d e lta ^ d e lta + s ig 2 b t+ s ig 2 w t- s ig 2 b r - s ig 2 w r) /m a x  (s ig 2 b r+ s ig 2 w r ,0 .0 4 ) ;  
c a l l  symput C’M P3',m p3);
♦♦♦•Compute s im u la te d  v a lu es* * * * ; 
j u n k * i n t ( 1 0 0 0 0 0 * ra n u n i(& se e d )) ; 
do n * 1 2 ,1 8 ,2 4 ; 
n u * n - l ;
do i * l  t o  ftnsim ; 
z* n o rm a l(0 ) ; 
u t l * 2 *rangam (0 , n u / 2 ) ; 
u r l * 2 *rangam (0 , ( n u - l ) / 2 ) ; 
uw t=2 *rangam (0 , n u / 2 ) ; 
z l 2 * n o rm al(0 ) ;
d * d e l t a + z * ( s i g i l+ s i g i 2 ) / ( 2 * n ) ;
s s w t* s ig 2 w t*uw t;
s s t l = s i g s q t l * u t l ;
s s r o n t l* la m b d a s q l* u r l ;
b l= b e ta l+ z l 2 * l a m b d a l / s q r t ( s s t l ) ;
s s r l = b l * b l * s s t l + s s r o n t l ;
s i g 2 i l = ( s s r o n t l + s s t l * ( l - b l ) * ( l - b l ) ) / n u ;
u t 2 =2 *rangam (0 , n u / 2 ) ;
u r 2 =2 *rangam (0 , ( n u - l ) / 2 ) ;
u v r* 2 *rangam (0 , n u / 2 ) ;
z l 2 2 * n o rm al(0 ) ;
s s w r* s ig 2 wr*uwr;
s s t 2 * s ig s q t 2 * u t 2 ;
s s r o n t 2 *lam bdasq 2 * u r2 ;
b 2 * b e ta 2 + z l2 2 *lam bda2 / s q r t ( s s t 2 ) ;
s s r 2 *b2 *b2 * s s t l+ s s r o n t 2 ;
s i g 2 i 2 * ( s s r o n t 2 + s s t 2 * ( l - b 2 ) * ( l - b 2 ) ) /n u ;
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o u tp u t ; 
end; 
end; 
ru n ;
•••♦Com pute HSCI****; 
d a ta  b a l l ;  s e t  sim; 
s_0= 0 .04 ;
e ta 0 = ( ( lo g (1 .2 5 ) )* * 2  + 0 .0 2 ) /s _ 0 ;  
e_d*d*d;
n u c * (( ( s i g 2 i l + s i g 2 i 2 ) / n ) **2 ) / ( ( s ig 2 i l * * 2  + s i g 2 i 2 **2 ) / (n * n * (n -1 ) ) )  ; 
t * t  in v ( 0 .9 5 ,n u c ) ;
b _ d = (a b s (d )+ t* s q r t ( ( s ig 2 i l + s i g 2 i 2 ) / n ) / 2 ) **2 ;
q u » c in v (0 .9 5 ,n u ) ;
q l» c in v ( 0 .0 5 ,n u ) ;
u _ d * (h _ d -e_ d )**2 ;
u _ t l * ( s s t l * ( l / q l  -  l / n u ) / 2 )* * 2 ;
u _ t2 * ( s s t 2 * ( l / q l  -  l / n u ) / 2 )* * 2 ;
u _ w t* ( s s w t* ( l /q l  -  l /n u ) /4 ) * * 2 ;
i f  (C s s r l /n u + s s r 2 /n u + s s w r /( 2 *nu) ) / 2  g t  s _ 0 ) th e n  do; 
u _ r l* ( s s r l* ( l+ e t a O ) * ( l / q u  -  l / n u ) / 2 )* * 2 ; 
u _ r2 = ( s s r 2 * ( l+ e ta 0 ) * ( l / q u  -  l / n u ) / 2 )* * 2 ; 
u _ w r= (ssw r* ( l+ e ta O )* ( l/q u  -  l /n u ) /4 )* * 2 ;  
Im p 3 = e _ d + (s s t l /n u + s s t2 /n u + s s w t/(2 * n u ) ) /2 - ( l+ e ta 0 )* 
( s s r l / n u + s s r 2 /n u + s s w r/(2 * n u )) / 2 ; 
h_mp3“ lm p3+ sqrt(u_d+ u_ tl+ u_ t2+ u_w t+ u_rl+ u_r2+ u_H r); 
end;
e l s e  do;
u _ r l = ( s s r l* ( l / q u  -  l / n u ) / 2 )* * 2 ; 
u _ r2 = ( s s r 2 * ( l / q u  -  l / n u ) / 2 )* * 2 ; 
u_wr“ ( s s w r * ( l /q u  -  l /n u ) /4 ) * * 2 ;
lm p 3 = » e _ d + (s s tl /n u + s s t2 /n u ) /2 - (s s r l /n u + s s r2 /n u + s s w r/(2 * n u )  ) / 2 - s _ 0 * e ta 0 ;
h_m p3*lm p3+sqrt C u_d+u_tl+u_t2+u_w t+u_rl+u_r2+u_w r) ;
end;
phi*(h_m p3 I t  0 ) ;
keep n  i  lmp3 h_mp3 p h i ;
ru n ;

p ro c  u n i v a r i a te  d a ta * b a l l  n o p r in t ;  
v a r  p h i ;  
by n ;
o u tp u t ou t*h3  m ean*hsci; 
ru n ;

••••C om pute GPV****; 
d a ta  c a l l ;  s e t  sim ; 
s_0= 0 .04 ;
e ta 0 = ( ( lo g (1 .2 5 ) )* * 2  + 0 .0 2 ) /s _ 0 ;
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x i* 0 ;
x i2 * 0 ;
do j = l  t o  ftngp; 
z = n o n n a l(0 ) ; 
z l 2 * n o rm al(0 ) ; 
u t l * 2 *rangam (0 ,n u /2 ) ; 
u r l= 2 *rangam (0 , ( n u - l ) / 2 ) ; 
uwt=2 *rangam (0 ,n u /2 ) ; 
s i g 2 w t* ssw r/u w t; 
s i g s q t l = s s t l / u t l ; 
l a m b d a s q l» s s r o n t l /u r l ; 
b e t a l * b l - z l 2 * s q r t ( l a m b d a s q l / s s t l )  ; 
s i g i l a s i g s q t l * ( b e t a l - l ) * * 2  + lam b d asq l; 
s ig s q r l= la m b d a s q l+ b e ta l* b e ta l* s ig s q t l ;  
z l 2 = norm al(0 ) ; 
u t 2 =2 *rangam (0 ,n u / 2 ) ; 
u r 2 =2 *rangam (0 , ( n u - l ) / 2 ) ; 
uwr=2 *rangam (0 ,n u /2 ) ; 
s i g 2 w r»ssw r/uw r; 
s i g s q t 2 = s s t 2 / u t 2 ; 
lam bdasq 2 s s s r o n t 2 / u r 2 ; 
b e t a 2 *b2 - z l 2 * sq rt(Ia m b d a sq 2 / s s t 2 ) ; 
s i g i 2 » s ig s q t 2 * (b e ta 2 - l ) * * 2  + lam bdasq 2 ; 
s i g s q r  2 “ lam bdasq2 + b e ta 2 * b e ta 2 *s i g s q t 1 ; 
d e l t a * d - z * s q r t ( ( s i g i l + s i g i 2 ) / n ) / 2 ;
g p v m p 3 * (d e l ta * d e lta + ( s ig s q tl+ s ig 2 w t/2 + s ig s q t2 - s ig s q r l- s ig s q r 2 -  
s ig 2 w r /2 ) /2 ) /m a x ( ( s ig s q r l+ s ig s q r 2 + s ig 2 w r /2 ) /2 , s _ 0 ) ; 
xi*xi+(gpvm p3 g t  e taO ) ; 
x i2 a xi2+(gpvmp3 g t  m p3); 
end ;
p*x i/fcn g p ; 
c*xi2/& ngp; 
psi=C p I t  0 .0 5 ) ;  
co v e r= (c  g t  0 .0 5 ) ;  
ru n ;

p ro c  u n iv a r i a te  d a ta = c a l l  n o p r i n t ; 
v a r  p s i  c o v e r;
o u tp u t  out=gpv mean=gpv5 co v er9 5 ;
by n ;
ru n ;
•m erge r e s u l t s ;  
d a t a  t e s t s ;  merge h3 gpv ; 
l e n g th  t e s t  $ 5; 
by n ;
d e l ta « f td e l ; 
r* f tr ;
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s ig m a _ b t= ftsb t; 
s ig m a_ b r= ftsb r; 
sigm a_wt=fcsw t; 
sigma_wr=&swr; 
t e s t= " f td s " ; 
mp3=&mp3; 
ru n ;ru n ;

p ro c  p r i n t  d a t a * t e s t s ;  
ru n ;

p ro c  append b a s e * m i3 .te s tp d 3  d a t a t t e s t s ; 
ru n ;

%mend;

’/.simpbe (0 .8 8 6 0 9 9 ,0 .8 ,0 .6 ,0 .5 ,0 .3 ,0 .4 4 7 2 1 3 6 ,5 0 0 0 ,1 0 0 0 0 ,5 5 0 6 1 , e3a) 
*/,s impbe (0 .8 8 6 0 9 9 ,0 .9 ,0 .6 ,0 .5 ,0 .3 ,0 .4 4 7 2 1 3 6 ,5 0 0 0 ,1 0 0 0 0 ,7 2 2 7 7 , e3b) 
’/.simpbe (0 .8 8 6 0 9 9 ,0 .8 ,0 .5 ,0 .6 ,0 .4 4 7 2 1 3 6 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,5 5 0 6 1 , e3c) 
’/.simpbe (0 .8 8 6 0 9 9 ,0 .9 ,0 .5 ,0 .6 ,0 .4 4 7 2 1 3 6 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,7 2 2 7 7 , e3d) 
*/,simpbe (0 ,0 .8 ,0 .2 8 2 4 7 6 6 2 6 ,0 .1 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,7 5 5 7 7 , f  l a ) ; 
’/.sim pbe(0 ,0 .9 ,0 .2 8 2 4 7 6 6 2 6 ,0 .1 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,6 4 6 2 1 ,f l b ) ; 
’/.sim pbe(0 ,0 .8 ,0 .3 5 6 7 0 8 9 9 3 ,0 .2 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,7 9 0 4 3 ,f l c ) ; 
•/.simpbeCO, 0 .9 ,0 .3 5 6 7 0 8 9 9 3 ,0 .2 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,8 6 9 2 3 , f i d ) ; 
’/.sim pbe(0 ,0 .8 ,0 .4 2 3 7 7 5 9 8 9 ,0 .2 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,4 6 8 6 7 ,f 2 a ) ; 
’/.simpbe CO, 0 .9  ,0 .4 2 3 7 7 5 9 8 9 ,0 .2 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,1 9 2 3 7  , f  2b) ; 
*/.simpbe(0,0 .8 ,0 .7 1 3 4 1 7 9 8 6 ,0 .4 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,3 1 6 9 9 , f 2 c ) ; 
’/.simpbeCO,0 .9 ,0 .7 1 3 4 1 7 9 8 6 ,0 .4 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,6 1 2 1 1 ,f 2d) ; 
•/.Simpbe(0 ,0 .8 ,0 .6 3 5 6 6 3 9 8 4 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,8 5 1 0 3 ,f 3 a ) ; 
’/.sim pbe(0 ,0 .9 ,0 .6 3 5 6 6 3 9 8 4 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 5 2 6 7 ,f 3 b ) ; 
’/.simpbeCO,0 .8 ,1 .0 7 0 1 2 6 9 7 9 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,5 5 0 6 1 ,f 3 c ) ; 
’/.simpbeCO,0 .9 ,1 .0 7 0 1 2 6 9 7 9 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,4 4 8 9 7 ,f 3d) ;

p ro c  p r i n t ;
t i t l e 2 ;
ru n ;

SIMPBED3_P. SAS
T h is  p rog ram  d o es  th e  pow er/sam ple s i z e  s im u la tio n s  
f o r  PBE/2S3P.
C h ap te r 4 ,  S e c t io n  4 .4 ,  T ab le  5 .

o p tio n s  p s* 6 4  ls= 1 2 0  n o d a te  nonumber n o m p rin t; 
t i t l e  'S im u la t io n  d a t a ' ;
libnam e mi3 'c :\M y  Documents\My SAS F i le s \V 8 ’ ;
* ibname mi3 ’j : \m i3 ’ ;
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t i t l e  ’Sim ulation for  PBE/Design A’ ; 
run;

'/•macro simpbe( de 1 , r , s b t , sbr, sw t, s wr, ns im,ngp, se e d ,n l ,n2,n3 ,n 4 ,d s);

t i t l e 2  "delta*& del, rho*ftr, sigma_bt*ftsbt 
sigma_br*tsbr sigma_wt*4swt sigma_wr*ftswr"; 
run;
♦create sim ulation  data se ts;  
data sim;
••••In p u t model parameter values****;
s ig b t= 4 sb t;
sigb r=4sbr;
sigwt=&swt;
sigwr=ftswr;
d elta* ftd el;
rh o= tr;
****Calculate needed parameter values****; 
s ig2b r= sigb r*sigb r; 
s ig 2 b t= s ig b t* s ig b t; 
sig2w r*sigw r*sigw r; 
s ig 2 w t* s ig v t* s ig v t; 
sigsqrl=sigbr*sigbr+sigw r*sigw r; 
s ig sq tl* sig 2 b t+ sig 2 w t/2 ;  
s ig sq t2»sigb t*sigb t+ sigw t*sigw t; 
sigsqr2*sig2br+sig2w r/2; 
s ig l2 * r h o * s ig b t* s ig b r ; 
b e t a l* s ig l2 / s ig s q t l ; 
b e ta 2 * s ig l2 /s ig s q t2 ; 
s ig i l* s q r t ( s ig s q t l+ s ig s q r l - 2 * s ig l2 ) ; 
s ig i2 * s q r t(s ig s q t2 + s ig s q r 2 -2 * s ig l2 ) ; 
I a m b d a sq l* s ig sq r l-s ig l2 * s ig l2 /s ig sq tl;  
lam bdal=sqrt(lam bdasql);
Ia m b d asq 2*sig sq r2 -sig l2*sig l2 /s ig sq t2 ;
Iambda2=sqrt(lambdasq2);
mp3* (d elta*d elta+ sig2b t+ sig2w t-sig2b r-sig2w r) /m ax(sig2br+sig2w r, 0 .0 4 );  
c a l l  symput(’MP3’ ,mp3);
****Compute sim ulated  values****; 
junk=int(100000*ranuni(ftseed));
*o n=9 to 17; 
do n*&nl,4n2,&n3,&n4; 
n u * n -l;
do i * l  to  ftnsim; 
z*norm al(0); 
utl=2*rangam (0,nu/2); 
url*2*rangam(0, ( n u - l ) /2 ) ; 
uwt~2*rangam (0,nu/2);
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zl2*norm al(0);
d = d e lta + z * (s ig il+ s ig i2 ) /(2 * n );
sswt=sig2wt*uwt;
s s t l= s ig s q t l* u t l ;
ssrontl=lam bdasql*url;
b l= b e ta l+ z l2 * la m b d a l/sq r t(ss tl);
s sr l= b l* b l* s s t l+ s s r o n t l;
s ig 2 i l= ( s s r o n t l+ s s t l* ( l -b l) * ( l - b l) ) /n u ;
ut2=2*rangam(0,nu/2);
ur2*2*rangam(0, ( n u - l ) /2 ) ;
uwr*2*rangam(0,nu/2);
zl22*norm al(0);
sswr*sig2wr*uwr;
ss t2 » s ig sq t2 * u t2 ;
ssront2*lambdasq2*ur2;
b2»beta2+zl22*lam bda2/sqrt(sst2);
ssr2*b2*b2*sstl+ssront2;
s ig 2 i2 -C ssro n t2 + sst2 * (l-b 2 )* ( l-b 2 ) ) /nu;
output;
end;
end;
run;
•♦♦♦Compute H S C I««;  
data b a ll;  s e t  sim; 
s_0=0.04;
e ta O = ((lo g (l.2 5 ) )**2 + 0 .0 2 ) /s _ 0 ;  
e_d=d*d;
nuc*CC C s ig 2 il+ s ig 2 i2 ) /n )^ ^ 2 ) /( (s ig 2 il* * 2  + s ig 2 i2 ^ 2 ) /( n ^ n ^ (n - l ) ) ) ; 
t= tin v (0 .9 5 ,n u c );
h _ d * (a b s (d )+ t^ sq r t((s ig 2 il+ s ig 2 i2 ) /n ) /2 )^ 2 ;
q u *cin v (0 .95 ,n u );
q l*c in v (0 .0 5 ,n u );
u_d*(h_d-e_d)♦*2 ;
u _ t l» ( s s t l^ ( l /q l  -  l /n u ) /2 ) ^ 2 ;
u _ t2 » (s s t2 ^ ( l/q l  -  l /n u ) /2 ) ^ 2 ;
u _w t*(ssw t^ (l/q l -  l /n u ) /4 ) ^ 2 ;
i f  ((ssr l/n u + ssr2 /n u + ssw r/(2^ n u ))/2  g t s_0) then do; 
u _ r l* (ssr lK l+ 2 ^ eta O )* (l/q u  -  l /n u ) /2 ) ^ 2 ;  
u _r2*(ssr2^ (l+ 2^ eta0)^ (l/qu  -  l/n u )/2 )*^ 2;  
u_w r»(ssw r^(l+2^eta0)*(l/qu -  l/n u )/4 )* ^ 2 ;  
Im p3*e_d+(sstl/nu+sst2 /nu+ssw t/(2*nu))/2- 
( l+2^eta0)* (ssrl/nu +ssr2/nu+ssw r/(2^ nu )) / 2 ; 
h_mp3=lmp3+sqrt(u_d+u_tl+u_t2+u_wt+u_rl+u_r2+u_wr); 
end;
e ls e  do;
u _ r l* (s s r l* ( l/q u  -  l/n u )/2 )* ^ 2 ;  
u _r2*(ssr2^ (l/qu  -  l /n u ) /2 ) ^ 2 ;
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u_w r*(sswr*(l/qu -  l/n u )/4 )* * 2 ;
lm p 3*e_d + (sstl/n u + sst2 /n u )/2 -(ssr l/n u + ssr2 /n u + ssw r/(2*n u ))/2 -s_0*eta0;
h_mp3*lmp3+sqrt(u_d+u_tl+u_t2+u_wt+u_rl+u_r2+u_vr);
end;
phi*(h_mp3 I t  0 );
keep n i  lmp3 h_mp3 phi;
run;

proc u n ivaria te  data*ball noprint;  
var phi; 
by n;
output out=h3 mean=hsci; 
run;

****Compute GPV****; 
data c a ll ;  s e t  sim; 
s_0=0.04;
e ta 0 = ( ( lo g ( l .2 5 ) )**2 + 0 .0 2 ) /s_ 0 ;
xi=0;
xi2=0;
do j= l to  &ngp; 
z=norm al(0); 
zl2*norm al(0); 
utl=2*rangam (0,nu/2); 
u rl*2*ran gam (0 ,(n u -l)/2 ); 
uwt>2*rangam(0,nu/2); 
sig2w t*ssw r/uw t; 
s i g s q t l * s s t l / u t l ; 
lam bdasql*ssront1/ur1; 
b e ta l-b l-z l2 * sq r t( la m b d a 3 q l/s s t l) ; 
s ig i l* s ig s q t l* ( b e ta l - l ) * * 2  + lambdasql; 
s ig sq r l= lam b d asq l+ b eta l*b eta l* sig sq tl; 
zl2=norm al(0); 
ut2*2*rangam (0,nu/2); 
ur2*2*rangam (0,(nu-l)/2) ; 
uwr=2*rangam(0,nu/2); 
sig2w r=ssvr/uw r; 
s ig s q t2 = s s t2 /u t2 ; 
lam bdasq2*ssront2/ur2; 
beta2=b2-zl2*sqrt(Iam bdasq2/sst2); 
s ig i2 = s ig sq t2 * (b e ta 2 -l)* * 2  + lambdasq2; 
sigsqr2=lam bdasq2+beta2*beta2*sigsqtl; 
d elta = d -z* sq rt( ( s i g i l+ s ig i 2 ) /n ) / 2 ;
g p v m p 3= (d e lta*d e lta+ (sig sq tl+ sig2w t/2+ sig sq t2 -s ig sq r l-s ig sq r2 -  
s ig 2 w r /2 )/2 )/m a x ((s ig sq r l+ s ig sq r2 + s ig 2 w r /2 )/2 ,s_ 0 ); 
xi*xi+(gpvmp3 g t  etaO ); 
xi2*xi2+(gpvmp3 g t  mp3);
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end;
p-xi/ftngp; 
c=xi2/ftngp; 
p si* (p  I t  0 .0 5 );  
cover=(c g t 0 .0 5 );  
run;

proc u n iv a r ia te  data=call n op rin t; 
var p s i cover;
output out=gpv mean=gpv5 cover95;
by n;
run;
•merge r e s u lt s ;  
data t e s t s ;  merge h3 gpv; 
len gth  t e s t  $ 5; 
by n;
d elta*fcdel; 
r=&r;
sigma_bt*fcsbt; 
sigma_br“&sbr; 
sigma_wt*ftswt; 
sigma_wr»tswr; 
test*"ftds"; 
mp3*&mp3; 
run;run;

proc p r in t d a ta= tests;  
run;

proc append base=mi3.powerpd3 d a ta= tests;  
run;

'/.mend;
/ •
’/.simpbe(0 .0 5 ,0 .9 0 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,2 0 2 9 7 ,8 ,9 ,1 1 ,1 2 ,p la ) ; 
'/.simpbe(0 .0 5 ,0 .9 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,4 1 6 5 1 ,8 ,9 ,1 1 ,1 2 ,p lb ); 
'/.simpbe(0.0 5 ,0 .9 0 ,0 .3 0 ,0 .3 0 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,9 9 4 8 7 ,1 0 ,1 1 ,1 4 ,1 5 ,p ic)  
'/.simpbe (0 .0 5 ,0 .9 5 ,0 .3 0 ,0 .3 0 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,5 6 8 2 1 ,1 0 ,1 1 ,1 4 ,1 5 , pld) 
Xsimpbe(0 .0 5 ,0 .9 0 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,8 1 8 4 7 ,1 0 ,1 1 ,1 4 ,1 5 ,p2a) 
’/.simpbe (0 .0 5 ,0 .9 5 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 1 5 9 7 ,1 0 ,1 1 ,1 4 ,1 5  ,p2b) 
’/.simpbe (0 .0 5 ,0 .9 0 ,0 .4 6 ,0 .4 6 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,2 9 0 5 9 ,1 0 ,1 1 ,1 4 ,1 5 , p2c) 
Xsimpbe(0 .0 5 ,0 .9 5 ,0 .4 6 ,0 .4 6 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 8 5 9 3 ,1 0 ,1 1 ,1 4 ,1 5 ,p2d) 
* /
'/,simpbe(0 .0 5 ,0 .9 0 ,0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 0 7 3 7 ,1 0 ,1 1 ,1 3 ,1 4 ,p 3a ); 
’/.simpbe(0 .0 5 ,0 .9 5 ,0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,8 8 0 6 9 ,1 0 ,1 1 ,1 3 ,1 4 ,p3b );
’/,simpbe(0 .0 5 ,0 .9 0 ,0 .6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 0 0 7 7 ,1 0 ,1 1 ,1 4 ,1 5 ,p 3 c ); 
'/.simpbe(0.0 5 ,0 .9 5 ,0 .6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,4 7 6 2 9 ,1 0 ,1 1 ,1 4 ,1 5 ,p3d) ;
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%simpbe(0.05,0 .9 0 ,0 .5 ,0 .5 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,6 2 2 9 9 ,1 0 ,1 1 ,1 4 ,1 5 ,p4a) 
^simpbe(0 .0 5 ,0 .9 5 ,0 .5 ,0 .5 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,5 0 5 0 3 ,1 0 ,1 1 ,1 4 ,1 5 ,p4b) 
7,simpbe(0.0 5 ,0 .9 0 ,1 .0 ,1 .0 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,7 7 0 8 1 ,1 0 ,1 1 ,1 4 ,1 5 ,p4c) 
7.simpbe(0.0 5 ,0 .9 5 ,1 .0 ,1 .0 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,4 8 6 7 3 ,1 0 ,1 1 ,1 4 ,1 5 ,p4d)

proc p rin t;
t i t l e 2 ;
run;

SIMPBED3.P.SAS
This program does the power/sample s iz e  sim ulations  
fo r  PBE/2S3P.
Chapter 4 , Section  4 .4 , Table 5.
*  * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * . /

options ps=64 ls=120 nodate nonumber nomprint; 
t i t l e  ’Sim ulation d ata’ ;
libname mi3 ’c:\My Documents\My SAS F ile s \V 8 ’ ;
•ibname mi3 ’j : \m i3 ’ ;
t i t l e  ’Sim ulation for  PBE/Design A’ ;
run;

'/.macro simpbe (d e l , r , s b t , sb r , sw t, swr,nsim, ngp, seed ,n l , n2 ,n 3 ,n 4 , d s);

t i t l e 2  " d e lta * td e l, rho*&r, sigm a_bt*isbt 
sigma_br»&sbr sigma_wt*iswt sigma_wr*ftswr"; 
run;
♦create sim ulation  data s e t s ;  
data sim;
•♦••Inpu t model parameter values****;
sigbt*& sbt;
sigbr=fcsbr;
sigw t“fcswt;
sigwr*ftswr;
delta*fcdel;
rho=fcr;
♦ •••C a lcu la te  needed parameter values****; 
s ig2br=s igb r* s ig b r ; 
s ig 2 b t= s ig b t* s ig b t; 
s ig2wr=s igwr*s igwr; 
sig2w t=sigw t*sigw t; 
sigsq rl= sigb r*sigb r+ sigw r*sigw r; 
s ig sq tl= sig 2 b t+ sig 2 w t/2 ;  
sig sq t2 * sig b t* s ig b t+ sig w t* sig w t; 
sigsqr2*sig2br+sig2w r/2; 
sig l2= rh o*sigb t*sigb r;  
b e t a l« s ig l2 / s ig s q t l ; 
b e ta 2 * s ig l2 /s ig sq t2 ;

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



246

s ig i l= s q r t ( s ig s q t l+ s ig s q r l-2 * s ig l2 )  ; 
s ig i2 * s q r t(s ig s q t2 + s ig s q r 2 -2 * s ig l2 ) ; 
Ia m b d a s q l» s ig s q r l-s ig l2 * s ig l2 /s ig s q tl; 
lam bdal=sqrt(lam bdasql);
Iam b d asq 2= sigsq r2-sig l2*sig l2 /sigsq t2 ;  
lambda2=sqrt(lambdasq2);
m p3=(delta*delta+sig2bt+sig2w t-sig2br-sig2w r)/m ax(sig2br+sig2w r, 0 . 0 4 ) ; 
c a l l  symputC’MP3’ ,mp3);
•♦••Compute sim ulated values****; 
junk=int(100000*ranuni(icseed));
*o n=9 t o  17;
do n=Jen 1, Scn2, &n3, Jcn4;
n u = n -l;
do i* l  to  insim ; 
z*norm al(0); 
u tl*2*rangam (0,nu /2); 
u rl* 2 * ra n g a m (0 ,(n u -l)/2 ); 
uwt=2*rangam (0,nu/2); 
z l2*n orm al(0 );
d * d e lta + z * (s ig i l+ s ig i2 ) /(2 * n ) ;
s swt*sig2wt *uwt;
s s t l * s ig s q t l* u t l ;
ssron tl* lam bdasq l*url;
b l* b e ta l+ z l2 * la m b d a l/sq r t(s s t l) ;
s s r l= b l* b l* s s t l+ s s r o n t l;
s ig 2 i l= ( s s r o n t l+ s s t l* ( l - b l ) * ( l - b l ) ) /n u ;
ut2*2*rangam (0,nu/2);
ur2=2*rangam(0, ( n u - l ) /2 ) ;
uwr=2*rangam(0,nu/2);
z l22=norm al(0);
sswr=sig2wr*uwr;
s s t2 = s ig sq t2 * u t2 ;
ssront2=lambdasq2*ur2;
b2*beta2+zl22*lam bda2/sqrt(sst2);
ssr2*b 2*b 2*sstl+ ssron t2 ;
s ig 2 i2 * (ssr o n t2 + ss t2 * ( l-b 2 )* (l-b 2 )) /n u ;
ou tp u t;
end;
end;
run;
♦•♦•Compute HSCI****; 
data  b a l l;  s e t  sim; 
s_0*0.04;
e ta 0 * (( lo g (1 .2 5 ))* * 2  + 0 .0 2 )/s_ 0 ;  
e_d=d*d;
n u c*(( ( s ig 2 i l+ s ig 2 i2 ) /n ) * * 2 ) /( ( s ig 2 il* * 2  + s ig 2 i2 * * 2 ) /(n * n * (n - l) ) ) ; 
t* t in v (0 .9 S ,n u c ) ;
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h_da (a b s(d )+ t* sq rt( ( s ig 2 i l+ s ig 2 i2 ) /n ) /2 ) **2;
qu=cinv(0 .9 5 ,n u );
q l= c in v (0 .05 ,n u ) ;
u_d*(h_d-e_d)**2;
u _ t l* ( s s t l * ( l / q l  -  l/n u )/2 )* * 2 ;
u _ t2 * (s s t2 * ( l /q l  -  l/n u )/2 )* * 2 ;
u _ w t* (ssw t* (l/q l -  l/n u )/4 )* * 2 ;
i f  C (ssrl/nu+ssr2/nu+ssw r/(2*nu))/2  g t s_0) then do; 
u _ r l* (ssr l* ( l+ 2 * e ta 0 )* ( l/q u  -  l/n u )/2 )* * 2 ;  
u _r2*(ssr2* (l+ 2*eta0 )* (l/q u  -  l/n u )/2 )* » 2 ;  
u_w r=(ssHr*(l+2*etaO)*(l/qu -  l/n u )/4 )* * 2 ;
Im p 3= e_d + (sstl/n u + sst2 /n u + ssw t/(2*n u ))/2 -(l+ 2*eta0)*(ssrl/n u + ssr2 /n u + ssw r/(2*n u ))/2 ;
h_mp3=lmp3+sqrt(u_d+u_tl+u_t2+u_wt+u_rl+u_r2+u_wr);
end;
e ls e  do;
u _ r l= (s s r l* ( l/q u  -  l/n u )/2 )* * 2 ;
u _r2= (ssr2* (l/q u  -  l/n u )/2 )* * 2 ;
u_wr=(sswr*(l/qu -  l/n u )/4 )* * 2 ;
lm p3= e_d+ (sstl/n u+ sst2 /nu)/2 -
(ssr l/n u + ssr2 /n u + ssw r/(2*n u ))/2 -s_0*eta0;
h_mp3=lmp3+sqrt(u_d+u_tl+u_t2+u_vt+u_rl+u_r2+u_wr);
end;
phi=(h_mp3 I t  0 );
keep n i  lmp3 h_mp3 phi;
run;

proc u n iv a r ia te  data*ball noprint; 
var phi; 
by n;
output out*h3 mean*hsci; 
run;

♦♦♦•Compute G P V ^«; 
data c a l l ;  s e t  sim; 
s_0*0.04;
e ta 0 = ( ( lo g (1 .2 5 ) )^ 2  + 0 .0 2 ) /s_ 0 ;
xi=0;
xi2=0;
do j= l to  &ngp; 
z=norm al(0); 
zl2=norm al(0); 
utl=2^rangam (0,nu/2); 
url=2*rangam(0, (n u -1 )/2 ) ; 
uwt=2^rangam(0,nu/2); 
sig2wt=*sswr/uwt; 
s ig s q t l* s s t 1 /u t 1; 
lam b d asq l*ssron tl/u r l;
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b e ta l* b l-z l2 * sq r t( la m b d a sq l/s s t l) ; 
s ig i l * s ig s q t l* ( b e t a l - l ) **2 + lambdasql; 
s ig sq r l* lam b d asq l+ b eta l*b eta l* sig sq tl; 
zl2*n orm al(0); 
ut2=2*rangam (0,nu/2); 
ur2=2*rangam(0, (n u - l) /2 )  ; 
uwr=2*rangam(0,nu/2); 
sig2wr=sswr/uwr; 
s ig sq t2 = sst2 /u t2 ;  
lam bdasq2*ssront2/ur2; 
beta2=b2-zl2*sqrt(Iam bdasq2/sst2); 
s ig i2 * s ig s q t2 * (b e ta 2 - l)**2 + lambdasq2; 
sigsqr2=lam bdasq2+beta2*beta2*sigsqtl; 
d elta= d -z*sq rt( ( s i g i l+ s ig i 2 ) /n ) / 2 ;
gp vm p 3= (d elta*d elta+ (sig sq tl+ sig2w t/2+ sig sq t2 -sig sq r l-sig sq r2 -  
s ig 2 w r/2 )/2 )/m a x ((s ig sq r l+ sig sq r2 + sig 2 w r/2 )/2 , s _ 0 ) ; 
xi*xi+(gpvmp3 gt e taO ); 
xi2=xi2+(gpvmp3 gt mp3) ; 
end;
p-xi/ftngp; 
c=xi2/4ngp; 
p si* (p  I t  0 .05 );  
cover=(c gt 0 .05);  
run;

proc un ivariate  d a ta * c a ll noprin t; 
var p s i  cover;
output out*gpv mean*gpv5 cover95;
by n ;
run;
♦merge r e su lts ;  
data t e s t s ;  merge h3 gpv; 
len gth  t e s t  $ 5; 
by n;
delta=4tdel; 
r*ftr;
sigm a_bt*ftsbt; 
sigma_br*ftsbr; 
sigma_wt*ftswt; 
s igma_vr*tswr; 
test»"ftds"; 
mp3*fanp3; 
run;run;

proc p r in t d a ta * te s ts ; 
run;
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proc append base=mi3.powerpd3 d ata= tests;  
run;

'/.mend;

’/.simpbe(0 .0 5 ,0 .9 0 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,2 0 2 9 7 ,8 ,9 ,1 1 ,1 2 ,p la ) ; 
'/isimpbe(0 .0 5 ,0 .9 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,4 1 6 5 1 ,8 ,9 ,1 1 ,1 2 ,p lb ) ; 
’/.simpbeCO. 0 5 ,0 .9 0 ,0 .3 0 ,0 .3 0 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,9 9 4 8 7 ,1 0 ,1 1 ,1 4 ,1 5 ,p ic)  
’/.simpbe (0 .0 5 ,0 .9 5 ,0 .3 0 ,0 .3 0 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,5 6 8 2 1 ,1 0 ,1 1 ,1 4 ,1 5 , pld) 
’/,s impbe (0 .0 5 ,0 .9 0 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,8 1 8 4 7 ,1 0 ,1 1 ,1 4 ,1 5 , p2a) 
7s impbe (0 .0 5 ,0 .9 5 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 1 5 9 7 ,1 0 ,1 1 ,1 4 ,1 5 , p2b) 
*/,s impbe (0 .0 5 ,0 .9 0 ,0 .4 6 ,0 .4 6 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,2 9 0 5 9 ,1 0 ,1 1 ,1 4 ,1 5 , p2c) 
’/.simpbeCO.0 5 ,0 .9 5 ,0 .4 6 ,0 .4 6 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 8 5 9 3 ,1 0 ,1 1 ,1 4 ,1 5 ,p2d) 
7simpbe(0 .0 5 ,0 .9 0 ,0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 0 7 3 7 ,1 0 ,1 1 ,1 3 ,1 4 ,p 3 a );
7,simpbe(0 .0 5 ,0 .9 5 ,0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,8 8 0 6 9 ,1 0 ,1 1 ,1 3 ,1 4 ,p3b); 
7simpbe(0 .0 5 ,0 .9 0 ,0 .6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 0 0 7 7 ,1 0 ,1 1 ,1 4 ,1 5 ,p 3 c ); 
'/.simpbe(0 .0 5 ,0 .9 5 ,0 .6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,4 7 6 2 9 ,1 0 ,1 1 ,1 4 ,1 5 ,p3d) ;
7simpbe(0 .0 5 ,0 .9 0 ,0 .5 ,0 .5 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,6 2 2 9 9 ,1 0 ,1 1 ,1 4 ,1 5 ,p 4 a );
7simpbe(0 .0 5 ,0 .9 5 ,0 .5 ,0 .5 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,5 0 5 0 3 ,1 0 ,1 1 ,1 4 ,1 5 ,p 4b ); 
’/.simpbeCO.0 5 ,0 .9 0 ,1 .0 ,1 .0 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,7 7 0 8 1 ,1 0 ,1 1 ,1 4 ,1 5 ,p4c) ; 
’/.simpbe(0 .0 5 ,0 .9 5 ,1 .0 ,1 .0 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,4 8 6 7 3 ,1 0 ,1 1 ,1 4 ,1 5 ,p4d) ;

proc prin t;
t i t l e 2 ;
run;

SIMIBENB3A.SAS
This program does the t e s t  s iz e  sim ulations  
fo r  IBE/3S3P.
Chapter 4 , S ection  4 .5 , Table 6 .

options ps*64 ls*120 nodate nonumber; 
libname mi3 ’ c:\My DocumentsNMy SAS F ile s \V 8 ’ ; 
t i t l e  ’S im ulation for  IBE’ ; 
run;

Tmacro s im ib e (d e l,sd ,sw t,sw r ,n s im ,n g p ,se e d ,d s);

t i t l e 2  " d elta= td el, sigma_d*fcsd sigma_wt*£swt sigma_wr=tswr" ;
•crea te  sim ulation  data s e t s ;  
data sim;
••••In p u t model parameter values****;
sigd=tsd;
sigwt=Scsvt;
sigvr=Aswr;
d elta*£d el;
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♦♦♦•C alculate needed parameter values****; 
s ig 2 w t« s ig v t* s ig v t; 
sig2w r=sigw r*sigvr; 
sig2i*sigd *sigd+ sig2w t+ sig2w r/2; 
s ig i* s q r t ( s ig 2 i ) ;
m i3 = (d e lta * d e lta + s ig 2 i- l . 5*sig2w r)/m ax(sig2w r,0 .0 4 );  
c a l l  sym put(’MI3’ ,m i3 );
••••Compute sim ulated values****;
junk=int(l00000*ranuni(fcseed));
do n = 8 ,12,16;
n u * 3 * (n -l) ;
k = l/sq r t(3 * n );
do j * l  to  ftnsim;
z=norm al(0);
i=2*rangam (0,nu/2);
w=2*rangam(0,nu/2);
d = d elta+ k *sig i*z;
sswr=sig2wr*w;
s s i* s ig 2 i* i ;
keep n j nu d s s i  sswr k mi3;
output;
end;
end;
run;

••••Compute HSCI****; 
data b a l l;  se t  sim; 
s_0=0.04;
e ta 0 = ((lo g (1 .2 5 ))* * 2  + 0 .0 5 )/s_ 0 ;
s2wr=sswr/nu;
e_d=d*d;
e _ i= ss i/n u ;
e_r=(-3.9948*(s2w r gt s_0)-1 .5*(s2w r l e  s_0))*s2wr;
t= t in v (0 .9 5 ,n u );
h_d=(abs(d)+t*k*sqrt(e_i))**2;
q u = cin v(0 .95 ,n u );
q l= c in v (0 .0 5 ,n u );
h _ i= s s i /q l;
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_m i3*(e_d+e_i+e_r-eta0*s_0*(s2wr l e  s_0))+sqrt(u_d+u_i+u_r); 
phi*(h_mi3 I t  0); 
keep n j  phi h_mi3; 
run;
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proc un ivariate data=ball n op rin t; 
var phi; 
by n;
output out=h3 m ean-hsci; 
run;
••••Compute GPV****; 
data c a l l ;  se t  sim; 
s_0*0.04;
e ta 0 * ((lo g (1 .2 5 ))* * 2  + 0 .0 5 )/s_ 0 ;  
xi*0;
do j= l to  ftngp; 
z*norm al(0); 
i=2*rangam (0,nu/2); 
w*2»rangam(0,nu/2); 
s ig 2 ias s i / i ;
d e lta * d -k * z * sq r t(s ig 2 i); 
sig2wr*sswr/w;
gpvm i3=*(delta*delta+sig2i-l.5*sig2w r)/m ax(sig2w r , s _ 0 ) ;
xi*xi+(gpvm i3 gt e taO );
end;
p=xi/tngp; 
psi=(p  I t  0 .05 );  
run;

proc univariate datas c a l l  n op rin t; 
var p s i;
output out*gpv meanagpv;
by n;
run;
•merge r e su lts ;  
data t e s t s ;  merge h3 gpv; 
len gth  t e s t  $ 5; 
by n;
d e lta a&del; 
sigma_d*ftsd; 
sigma_wt*ftswt; 
sigma_wra&swr; 
t e s t a"ftds"; 
mi3s &mi3; 
run;

proc p rin t d a ta = te s ts ; 
run;

proc append base=m i3.testsinb3a d a ta = tests;  
run;
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'/.mend;

'/.simibe CO .315742 ,0 .01 ,0 .15 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,8 4 4 3 1 , i la )  ; 
'/.simibe(0 .2 9 9 6 5 5 ,0 .1 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,7 9 0 8 7 ,i l b ) ; 
'/.simibe(0 .2 7 8 0 1 6 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,7 1 0 8 9 ,i l c )  ; 
'/.simibe (0 .3 1 5 7 4 2 ,0 .0 1 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,3 8 6 9 3 , i2 a ) ; 
'/.simibe (0 .2 9 9 6 5 5 ,0 .1 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,9 0 6 1 7 , i2b) ; 
'/.simibe (0 .2 7 8 0 1 6 ,0 .1 5 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,2 6 6 2 7 , i2 c ) ; 
’/.sim ibe(0 .3 6 3 1 4 8 ,0 .0 1 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 9 1 5 7 , i3 a ) ; 
‘/.simibe (0 .3 4 9 2 5 1 ,0 .1 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,3 5 3 9 3 , i3 b ) ;
’/.simibe (0 .3 3 0 8 7 2 ,0 .1 5 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,5 3 5 0 7 , i3 c ) ; 
'/.simibe(0 .4 737450264747 ,0 .01 ,0 .3 ,0 .3 ,5000 ,10000 ,56401 ,i 4 a ) ; 
'/.simibe(0 .4631785294133 ,0 .1 ,0 .3 ,0 .3 ,5000 ,10000 ,97931 , i4b ) ; 
•/.simibe(0 .4 494823134557 ,0 .15 ,0 .3 ,0 .3 ,5000 ,10000 ,90053 ,i 4 c ) ; 
•/.simibe(0 .7896876142387 ,0 .01 ,0 .5 ,0 .5 ,5000 ,10000 ,88211 ,i 5 a ) ; 
‘/.sim ibe(0 .7 833942354153 ,0 .1 ,0 .5 ,0 .5 ,5000 ,10000 ,31123 ,i5b ) ; 
•/.simibe(0 .7 75375088639 ,0 .15 ,0 .5 ,0 .5 ,5000 ,10000 ,36931 ,i 5 c ) ; 
’/.sim ibe(0 .05 ,0 .01 ,0 .345 9 6 6 8 2 6 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,4 9 7 8 7 ,i6 a )  ; 
•/.simibe (0 .05 ,0 .1 ,0 .3 3 1 3 5 0 3 3 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,5 0 9 0 9 ,i6b ) ; 
•/.simibe(0 .0 5 ,0 .1 5 ,0 .3 1 1 9 1 8 3 3 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,5 1 9 7 3 ,i6 c ) ;  
’/.sim ibe(0 .05 ,0 .01 ,0 .370 3 9 5 7 9 4 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,5 3 1 1 7 ,i7 a )  ;
*/.s imibe (0 .05 ,0 .1 ,0 .356781508 ,0 .20 ,5000 ,10000 ,54277 , i7 b );
*/.simibe(0 .05 ,0 .15 ,0 .338 8 1 1 2 2 3 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,5 5 3 7 3 ,i7 c ) ;
*/,simibe(0 .05 ,0 .01 ,0 .426 9 3 8 2 8 8 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,5 6 4 7 9 ,i 8 a ) ; 
•/.simibe(0 .0 5 ,0 .1 ,0 .4 1 5 1 8 2 2 5 1 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,5 7 5 0 3 ,i8b ) ; 
•/.simibe(0 .05 ,0 .15 ,0 .399 8 4 5 3 4 7 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,5 8 6 0 1 ,i8 c )  ;
*/.simibe(0 .0 5 ,0 .0 1 ,0 .5 5 8 5 1 0 8 3 3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,5 9 6 7 1 ,i 9 a ) ;
7.simibe(0 .0 5 ,0 .1 ,0 .5 4 9 5 7 6 5 1 9 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 0 8 8 7 ,i9b ) ;
*/.s imibe (0 .0 5 ,0 .15 ,0 .538083962 ,0 .3 ,5000 ,10000 ,62039 , i 9 c );
*/.simibe(0 .0 5 ,0 .01 ,0 .933330878 ,0 .5 ,5000 ,10000 ,65449 , i1 0 a ) ; 
’/.simibe (0 .05 ,0 .1 ,0 .9280121 3 8 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,6 6 5 8 7 , ilO b);  
Xsimibe(0 .05 ,0 .15 ,0 .921252 6 9 5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,6 8 7 1 1 , i l 0 c ) ;

proc prin t data=m i3.testsinb 3a;
t i t le 2 ;
run;

/* * * ,* * * * * * * ,
SIHIBENB3B.P.SAS
This program does the power/sample s iz e  sim ulations  
for  IBE/3S3P.
Chapter 4 , S ection  4 .6 ,  Table 7 .

options ps»64 ls*120 nodate nonumber; 
libname mi3 ’c:\My Documents\Hy SAS F ile s \V 8 ’ ; 
t i t l e  ’Sim ulation for  IBE/power’ ; 
run;
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'/.macro sim ib eC d el,sd .sw t.sw r.n s im .n g p .n l,n 2 .seed .d s);

t i t l e 2  " d e lta = td e l, sigma_d=tsd sigma_wt=»ftswt sigma_wr*&swr"; 
•c r ea te  sim ulation  data s e ts ;  
data sim;
••••In p u t model parameter values****;
sigd*&sd;
sigut=fcsw t;
sigwr^ftswr;
d e lta a&del;
••••C a lc u la te  needed parameter values****; 
s ig 2 w t* sig v t* s ig w t; 
sig2w r*sigw r*sigw r; 
sig2i»sigd *sigd+ sig2w t+ sig2w r/2;  
s ig i= s q r t ( s ig 2 i ) ;
m i3 * (d e lta * d e lta + s ig 2 i-1 .5*sig2wr) /max(sig2wr,0 .0 4 );  
c a l l  symput(’M I3*,mi3);
••♦♦Compute sim ulated values****;
junk=int(100000*ranuni(icseed));
do n=&nl to &n2;
n u = 3 * (n -l);
k = l/sq r t(3 * n );
do j= l to  fcnsim;
z=norm al(0);
i=2*rangam (0,nu/2);
u*2*rangam (0,nu/2);
d * d e lta+ k *sig i*z ;
sswr=sig2wr*w;
s s i* s ig 2 i* i ;
keep n j nu d s s i  ssvr  k mi3;
ou tp u t;
end;
end;
run;

••••Compute HSCI****; 
data b a ll;  s e t  sim; 
s_0«0.04;
e ta 0 = ( ( lo g ( l .25 ))**2  + 0 .0 5 ) /s_ 0 ;
s2wr*sswr/nu;
e_d*d*d;
e _ i= ss i/n u ;
e_r=(-3-9948*(s2w r gt s_ 0 )- l.5 * (s2 w r  le  s_0))*s2w r;
t* t in v (0 .9 5 ,n u ) ;
h _d *(ab s(d )+ t*k *sq rt(e_ i))**2;
qu*cinv(0 .9 5 ,n u );
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q l* c in v (0 .0 5 ,n u ); 
h _ i* s s i /q l;  
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-eta0*s_0*(s2wr l e  s_0))+sqrt(u_d+u_i+u_r); 
phi*(h_mi3 I t  0);  
keep n j phi h_mi3; 
run;

proc un ivariate  d ata=ball noprint; 
var p h i; 
by n;
output out=h3 mean=hsci; 
run;
•♦••Compute GPV****; 
data c a l l ;  se t  sim; 
s_0*0.04;
eta0=>( ( lo g ( l  .25) )**2 + 0 .0 5 )/s_ 0 ;  
xi*0;
do j * l  to  &ngp; 
z=norm al(0); 
i=2*rangam (0,nu/2); 
w-2*rangam (0,nu/2); 
s ig 2 i * s s i / i ;
d e lta * d -k * z * sq r t(s ig 2 i); 
sig2wr*sswr/v;
gpvmi3* (d e lta * d e lta + s ig 2 i- l . 5«sig2wr) /max(sig2wr, s _ 0 ) ;
xi*xi+(gpvm i3 gt e taO );
end;
p=»xi/tngp; 
psi=Cp I t  0 .0 5 );  
run;

proc u n ivaria te  d a ta = ca ll noprint; 
var p s i;
output out=gpv mean=gpv;
by n;
run;
•merge r e su lts ;  
data t e s t s ;  merge h3 gpv; 
len gth  t e s t  $ 5; 
by n;
d e lta* ftd el; 
sigma_d*ftsd; 
sigma_wt*ftswt;
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sigma_wr=iswr; 
test="& ds"; 
mi3=&mi3; 
run;

proc p r in t d a ta = te s ts ; 
run;

proc append base=mi3. testsinb3b_p  d a ta * tests;  
run;

'/.mend;

’/,s im ib e(0 .0 5 ,0 .0 1 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,4 ,5 ,7 5 2 1 1  ,p la ) ; 
'/.simibe(0 .0 5 ,0 .1 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,5 ,7 ,7 1 7 1 9 ,p lb ) ; 
’/.sim ibe(0 .0 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,8 ,1 0 ,6 7 2 4 7 ,p i c ) ;

sim ib e(0 .0 5 ,0 .2 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,1 7 ,2 0 ,6 1 6 7 3 ,p ld ) ; 
’/.simibe (0 .0 5 ,0 .0 1 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,6 ,8 ,7 0 6 6 3 ,p 2a ); 
'/.simibe (0 .0 5 ,0 .1 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,8 ,1 0 ,5 9 3 6 9 ,p2b); 
•/.simibe (0 .0 5 ,0 .1 5 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,1 4 ,1 6 ,5 5 1 4 7 ,p2c) ; 
•/.s imibe ( 0 .0 5 ,0 .2 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,2 6 ,2 9 ,7 6 2 1 3 ,p2d); 
‘/.sim ibe (0 .0 5 ,0 .0 1 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,9 ,1 1 ,8 6 5 3 9 , p 3a ); 
’/.sim ibe (0 .0 5 ,0 .1 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 2 ,1 4 ,8 4 2 9 9 ,p3b) ; 
'/.simibe (0 .0 5 ,0 .1 5 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 6 ,1 9 ,5 2 2 9 1 ,p3c); 
"/.simibe (0 .0 5 ,0 .2 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,2 7 ,3 0 ,5 4 5 7 7 , p3d); 
*/s imibe (0 .0 5 ,0 .0 1 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,1 1 ,1 3 ,5 2 5 1 1 ,p 4 a ); 
"/.simibe(0 .0 5 ,0 .1 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,1 1 ,1 3 ,5 7 9 4 3 ,p 4b );
5ls im ibe(0 .0 5 ,0 .1 5 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,1 4 ,1 6 ,7 0 3 1 3 ,p4c);
'/,s im ib e(0 .0 5 ,0 .2 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,1 8 ,2 1 ,8 8 8 0 1 ,p 4d ); 
‘/.sim ibe(0 .0 5 ,0 .0 1 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,1 0 ,1 2 ,8 2 4 6 9 ,p5a) ; 
‘/.sim ibe(0 .0 5 ,0 .1 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,1 0 ,1 3 ,3 5 7 7 1 ,p 5b ); 
•/.sim ibe(0.0 5 ,0 .1 5 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,1 1 ,1 4 ,1 7 5 7 9 ,p 5 c ); 
•/.sim ibe(0.0 5 ,0 .2 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,1 2 ,1 4 ,2 9 2 3 1 ,p5d);

proc p r in t data~m i3.testsinb3b_p;
t i t l e 2 ;
run;

SIMPBEND3.SAS
This program does the t e s t  s iz e  sim ulations  
fo r  PBE/3S3P.
Chapter 4 , Section  4 .7 ,  Table 8 .
* * * * * ............................

option s ps*64 ls*120 nodate nonumber; *nomprint; 
libname mi3 ‘c:\My Documents\My SAS F ile s \V 8 ’ ; 
t i t l e  'Sim ulation fo r  PBE’ ;
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run;

'/.macro simpbe (de 1, r , s b t , sb r , sw t, swr, ns im, ngp, seed , ds ) ;

t i t l e 2  "delta*icdel, rho*ftr, sigma_bt*ftsbt 
sigma_br*fcsbr sigma_wt=ftswt sigma_wr*ftswr"; 
run;
•crea te  sim ulation  data s e t s ;  
data sim;
•♦••Input model parameter values****;
sigbt=ftsbt;
sigbr*&sbr;
sigwt=&swt;
sigwr*feswr;
delta=& del;
rho=&r;
••••C a lc u la te  needed parameter values****; 
sig2b r*sigbr*sigbr;  
sig2w r*sigw r*sigw r; 
s ig sq l* s ig b t* s ig b t+ sig w t* sig w t; 
sigsq2*sig2br+sig2w r/2; 
s ig l2 * rh o * sig b t* s ig b r ; 
b e t a * s ig l2 /s ig s q l ; 
s ig i= s q r t(s ig s q l+ s ig s q 2 -2 * s ig l2 ) ; 
la m b d a l* sq rt(s ig sq l);
Iam b d asq 2*sig sq 2 -sig l2*sig l2 /sig sq l;
Iambda2*sqrt(lambdasq2);
mp3*(d elta*d elta+ sigsq l-sig2b r-sig2w r)/m ax(sig2b r+ sig2w r,0 .0 4 ) ;  
c a l l  symput( ’MP3’ ,mp3);
••••Compute sim ulated values****;
junk*int(100000*ranuni(& seed));
do n*8,12 ,16;
n u = 3*(n -l);
k * l/s q r t (3 * n );
do i* l  to  fensim;
z=norm al(0);
ul=2*rangam (0,nu/2);
u2*2*rangam(0, (nu-1) / 2 ) ;
ur=2*rangam(0,nu/2);
zl2*n orm al(0);
d * d elta+ k *sig i*z;
sswr*sig2wr*ur;
s s l* s ig s q l* u l ;
ss2onl*lambdasq2*u2;
b*beta+ zl2* lam b da2/sqrt(ssl);
ss2*b*b*ssl+ss2onl;
s ig 2 i* ( s s 2 o n l+ s s l* ( l-b )* ( l-b )) /n u ;
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keep n i  nu d s ig sq l s s l  ss2  ss2onl s ig 2 i  sswr b k mp3;
output;
end;
end;
run;

•♦•♦Compute HSCI****; 
data b a l l;  s e t  sim; 
s_0*0.04;
e ta 0 » ((lo g (1 .2 5 ))* * 2  + 0 .0 2 )/s_ 0 ;  
e_d»d*d;
t* t in v (0 .9 5 ,n u ) ;
h_d»(abs(d)+k*t*sqrt ( s i g 2 i ))**2;
qu“c in v (0 .9 5 ,n u );
q l= c in v (0 .0 5 ,n u );
u_d=(h_d-e_d)**2;
u_l“ ( s s l * ( l / q l  -  1 /n u ))**2;
i f  C (ss2/nu+ssw r/(2*nu)) g t s_0) then do;
u _ 2 = (ss2 * (l+ eta 0 )* (l/q u  -  l/nu ))**2;
u _3* (0 .5*ssw r*(l+ eta0 )* (l/q u  -  l/n u ))**2;
lmp3=e_d+ss1/nu-(1+etaO)♦ (ss2/nu+ssw r/(2*nu));
h_mp3*lmp3+sqrt (u_d+u_l+u_3+u_2);
end;
e ls e  do;
u_2=(ss2*(1/qu -  l/n u ))* * 2 ;  
u_3=(0.5*ssw r*(l/qu -  1 /n u ))**2; 
Im p3*e_d+ssl/nu-(ss2/nu+ssw r/(2*nu))-s_0*eta0; 
h_mp3‘;lmp3+sqrt(u_d+u_l+u_2+u_3) ; 
end;
phi*(h_mp3 I t  0);
keep n i  lmp3 h_mp3 phi;
run;

proc u n ivar ia te  d a ta»b a ll noprint; 
var phi; 
by n;
output out=h3 mean=hsci; 
run;

••••Compute GPV****; 
data c a l l ;  s e t  sim; 
s_0*0.04;
e ta 0 = ((lo g (1 .2 5 ))* * 2  + 0 .0 2 )/s_ 0 ;  
x i* 0 ; 
x i2*0 ;
do j= l to  &ngp; 
z=*normal(0);
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zl2=norm al(0);
ul=2*rangam (0,nu/2);
u2*2*rangam(0, ( n u - 1 ) /2 ) ;
ur*2*rangam (0,nu/2);
sig2w r*ssw r/ur;
s ig s q l* s s l /u l ;
lam bdasq2*ss2onl/u2;
b eta= b -z l2*sq rt(lam b d asq 2 /ssl);
s ig i« s q r t ( s ig s q l* (b e ta -1 )**2 + lambdasq2);
d e lta = d -k * s ig i* z ;
sigsq2>lam bdasq2+beta*beta*sigsql;
gp vm p 3= (d elta*d elta+ sigsq l-sigsq 2-sig2w r/2 )/m ax(sigsq 2+ sig2vr/2 ,s_0 ); 
xi=xi+(gpvmp3 g t e ta O ); 
xi2=xi2+(gpvmp3 g t  mp3); 
end;
p=xi A n g p ; 
c=xi2/Scngp; 
psi=(p  I t  0 .0 5 );  
cover=(c g t 0 .0 5 );  
run;

proc u n ivar ia te  d a ta * c a ll n op rin t; 
var p s i  cover;
output out*gpv mean*gpv5 cover95;
by n;
run;
*merge r e su lts ;  
data t e s t s ;  merge h3 gpv; 
len gth  t e s t  $ 5; 
by n;
d e lta = td e l;  
r*4cr ;
sigma_bt=&sbt; 
sigma_br*fcsbr; 
sigma_wt=4swt; 
sigma_wr=tswr; 
test="&ds"; 
mp3=&mp3; 
run;

proc p r in t d a ta = te s ts ; 
run;

proc append base*m i3. testpnd3a d a ta * tests  ; 
run;

'/.mend;
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‘/.simpbe (0 .295366392 ,0 .8 ,0 .2 ,0 .173205 ,0 .1 ,0 .141412 ,5000 ,10000 ,45557 , e la )  
•/.simpbe (0 .2 9 5 3 66392 ,0 .9 ,0 .2 ,0 .173205 ,0 .1 ,0 .141412 ,5000 ,10000 ,32143 , e lb ) 
’/.simpbe (0 .2 9 5 366392 ,0 .8 ,0 .173205 ,0 .2 ,0 .141421 ,0 .1 ,5000 ,10000  ,14197, e 1 c) 
‘/.simpbe (0 .295366392 ,0 .9 ,0 .173205 ,0 .2 ,0 .141421 ,0 .1 ,5000 ,10000 ,33343 , e Id) 
’/.simpbe (0 .5 9 0 7 3 3 ,0 .8 ,0 .3 8 7 2 9 8 ,0 .4 ,0 .2 2 3 6 0 7 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,9 8 3 2 1 , e2a) ; 
‘/.simpbe (0 .5 9 0 7 3 3 ,0 .9 ,0 .3 8 7 2 9 8 ,0 .4 ,0 .2 2 3 6 0 7 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,5 4 5 1 7 , e2b) ; 
•/.simpbe (0 .5 9 0 7 3 3 ,0 .8 ,0 .4 ,0 .3 8 7 2 9 8 ,0 .2 ,0 .2 2 3 6 0 7 ,5 0 0 0 ,1 0 0 0 0 ,6 9 4 9 7 , e2c) ; 
‘/.simpbe (0 .5 9 0 7 3 3 ,0 .9 ,0 .4 ,0 .3 8 7 2 9 8 ,0 .2 ,0 .2 2 3 6 0 7 ,5 0 0 0 ,1 0 0 0 0 ,8 0 9 1 7 ,e2d) ; 
•/.simpbe(0 .8 8 6 0 9 9 ,0 .8 ,0 .6 ,0 .5 ,0 .3 ,0 .4 4 7 2 1 3 6 ,5 0 0 0 ,1 0 0 0 0 ,5 5 0 6 1 ,e 3 a ) ;
*/.simpbe(0 .8 8 6 0 9 9 ,0 .9 ,0 .6 ,0 .5 ,0 .3 ,0 .4 4 7 2 1 3 6 ,5 0 0 0 ,1 0 0 0 0 ,7 2 2 7 7 ,e 3 a ) ; 
‘/.simpbe(0 .8 8 6 0 9 9 ,0 .8 ,0 .5 ,0 .6 ,0 .4 4 7 2 1 3 6 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,5 5 0 6 1 ,e3 c);  
'/.simpbe(0 .8 8 6 0 9 9 ,0 .9 ,0 .5 ,0 .6 ,0 .4 4 7 2 1 3 6 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,7 2 2 7 7 ,e 3 d );
*/.simpbe(0 ,0 .8 ,0 .2 8 2 4 7 6 6 2 6 ,0 .1 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,7 5 5 7 7 ,f  la ) ;
7.Simpbe(0 ,0 .9 ,0 .2 8 2 4 7 6 6 2 6 ,0 .1 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,6 4 6 2 1 ,f  lb ) ;
7,s impbe (0 ,0 .8 ,0 .3 5 6 7 0 8 9 9 3 ,0 .2 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,7 9 0 4 3 ,f l c ) ;
7.simpbe(0 ,0 .9 ,0 .3 5 6 7 0 8 9 9 3 ,0 .2 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,8 6 9 2 3 ,f  Id) ;
’/.simpbe(0 ,0 .8 ,0 .4 2 3 7 7 5 9 8 9 ,0 .2 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,4 6 8 6 7 ,f 2 a ) ;
’/.simpbe(0 ,0 .9 ,0 .4 2 3 7 7 5 9 8 9 ,0 .2 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,1 9 2 3 7 ,f2b) ;
’/.simpbe(0 ,0 .8 ,0 .7 1 3 4 1 7 9 8 6 ,0 .4 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,3 1 6 9 9 ,f 2 c ) ;
'/,simpbe(0 ,0 .9 ,0 .7 1 3 4 1 7 9 8 6 ,0 .4 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,6 1 2 1  l , f 2d);
*/.simpbe(0 ,0 .8 ,0 .6 3 5 6 6 3 9 8 4 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 , 85103,f 3 a ) ;
7,simpbe(0 ,0 .9 ,0 .6 3 5 6 6 3 9 8 4 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 5 2 6 7 ,f 3 b ) ;
*/,simpbe(0 ,0 .8 ,1 .0 7 0 1 2 6 9 7 9 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,5 5 0 6 1 ,f3 c );
*/.simpbe(0 ,0 .9 ,1 .0 7 0 1 2 6 9 7 9 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,4 4 8 9 7 ,f 3d);

proc p r in t;
where 1 .7  I t  mp3 I t  1 .8 ;
t i t l e 2 ;
run;

SIHPBEND3.P. SAS
This program does the power/sample s iz e  sim ulations  
for PBE.
Chapter 4 , Section  4 .8 ,  Table 9 .

options ps*64 I s* 120 nodate nonumber; *nomprint; 
libname mi.3 'c:\My Documents\My SAS F ile s \V 8 ’ ; 
t i t l e  'Sim ulation fo r  PBE/Table 9 ’ ; 
run;

‘/.macro simpbe (d e l , r , s b t , s b r , sw t, swr, ns im, ngp, seed , n l , n2 , n3 , n4 , d s) ;

t i t l e 2  " d e lta * id e l, r h o * tr , sigma_bt=&sbt 
sigma_br*ftsbr sigma_wt*fcswt sigma_wr*tswr"; 
run;
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"create sim ulation data  se ts ;  
data sim;
****Input model parameter values"***;
sigbt*& sbt;
s ig b r* tsb r ;
sigwt*ftswt;
sigwr*&swr;
delta*& del;
rho=fcr;
•♦ ••C a lcu la te  needed parameter values****; 
sig2br=sigbr*sigbr; 
sig2wr=sigur*sigwr; 
s ig sq l= sig b t* s ig b t+ sig w t* sig w t; 
s igsq2=s ig2br+s ig2w r/2 ; 
s ig l2 = rh o * sig b t* sig b r; 
b e ta = s ig l2 /s ig s q l; 
s ig i= sq r t(s ig sq l+ s ig sq 2 -2 * s ig l2 )  ; 
lam b d a l= sq rt(s ig sq l);
Iam b d asq 2= sig sq 2 -sig l2*sig l2 /s ig sq l;  
lambda2*sqrt (lam bdasq2);
mp3* (delta*d elta+ sigsq l-sig2b r-sig2w r)/m ax(sig2b r+ sig2w r, 0 .0 4 )  ; 
c a l l  symput( ’MP3’ ,mp3);
••♦•Compute sim ulated values****; 
junk*int(100000*ranuni(ftseed)); 
do n*ftnl,fcn2,ftn3,4n4; 
n u * 3 * (n -l); 
k * l/sq r t(3 * n ); 
do i * l  to  ftnsim; 
z*norm al(0); 
ul*2*rangam (0,nu/2); 
u2*2*rangam(0, (n u -1 ) /2 ) ; 
ur=2*rangam(0,nu/2); 
zl2*norm al(0); 
d= delta+ k *sig i*z; 
sswr*sig2wr*ur; 
s s l= s ig s q l* u l; 
ss2onl=lambdasq2*u2; 
b = beta+zl2*lam bd a2/sqrt(ssl); 
ss2=b*b*ssl+ss2onl; 
s ig 2 i* ( s s 2 o n l+ s s l* ( l-b )* ( l -b ) ) /n u ;
keep n i  nu d s ig s q l  s s l  ss2  ss2 o n l s ig 2 i  sswr b k mp3;
output;
end;
end;
run;

♦♦♦•Compute HSCI****;
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data b a ll;  s e t  sim; 
s_0=0.04;
e ta O = ((lo g (l.2 5 ) )**2 + 0 .0 2 ) /s_ 0 ;  
e_d*d*d;
t= t in v (0 .9 5 ,n u ) ;
h _d = (ab s(d )+ k *t*sq rt(sig2 i)) **2;
qu=cinv(0.95,nu) ;
q l= c in v (0 .0 5 ,n u );
u_d=(h_d-e_d)**2 ;
u _ l= ( s s l* ( l /q l  -  l/n u ))**2;
i f  ((ss2/nu+ssw r/(2*nu)) g t s_0) then do;
u _ 2 « (ss2 * (l+ eta 0 )* (l/q u  -  l/n u ))**2;
u _3» (0 .5*ssw r*(l+ eta0 )* (l/q u  -  l/n u ))**2;
Im p 3*e_d + ssl/n u-(l+ eta0)*(ss2 /n u+ ssw r/(2*nu));
h_mp3=lmp3+sqrt(u_d+u_l+u_3+u_2);
end;
e l s e  do;
u _ 2* (ss2* (l/q u  -  l/n u ))**2 ;  
u_3=(0 .5*ssw r*(l/qu  -  1 /n u ))**2; 
lm p3=e_d+ssl/nu-(ss2/nu+ssw r/(2*nu)) -s_ 0 * e ta 0 ; 
h_mp3=lmp3+sqrt(u_d+u_l+u_2+u_3); 
end;
phi=(h_mp3 I t  0 );
keep n i  lmp3 h_mp3 phi;
run;

proc un ivariate  data=ball noprint; 
var phi; 
by n;
output out=h3 mean=hsci; 
run;

****Compute GPV****; 
data  c a ll;  s e t  sim; 
s_0=»0.04;
e ta 0 * (( lo g (1 .2 5 ))* * 2  + 0 .0 2 ) /s_ 0 ;  
x i*0  ; 
x i2 * 0 ;
do j * l  to  ftngp; 
z=norm al(0); 
zl2*n orm al(0); 
ul*2*rangam (0,nu/2); 
u2*2*rangam (0 ,(nu-l)/2 ); 
ur*2*rangam (0,nu/2); 
sig2w r“ssw r/u r; 
s ig s q l^ s s l /u l ; 
lambdasq2*ss2onl/u2;
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b eta*b -z l2*sq rt(lam b d asq 2 /ssl); 
s ig i^ s q r t (s ig s q l* (b e ta -1 )**2 + lambdasq2); 
d e lta * d -k * s ig i* z ; 
sigsq2«lam bdasq2+beta*beta*sigsql;
gp vm p 3*(delta*delta+sigsq l-sigsq2-sig2w r/2)/m ax(sigsq 2+sig2w r/2 ,s_0) ; 
xi*xi+(gpvmp3 gt etaO ); 
xi2*xi2+(gpvmp3 gt mp3); 
end;
p»xi/ingp;  
c*xi2/fcngp; 
p si* (p  I t  0 .0 5 );  
cover=*(c g t 0 .0 5 );  
run;

proc u n ivar ia te  data= ca ll noprint; 
var p s i cover;
output out=gpv mean=gpv5 cover95;
by n;
run;
•merge r e s u lt s ;  
data t e s t s ;  merge h3 gpv; 
len gth  t e s t  $ 5; 
by n;
delta*& del; 
r « t r ;
sigma_bt«&sbt; 
sigma_br=fesbr; 
sigma_wt=&swt; 
sigma_wr*&swr; 
test="ftds"; 
mp3*&mp3; 
run;run;

proc p r in t d a ta = te s ts ; 
r\in;

proc append base=mi3.pwerpnd3a d a ta= tests;  
run;

'/.mend;

'/.simpbe(0.0 5 ,0 .9 0 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,2 0 2 9 7 ,4 ,5 .6 ,7 ,p la ) ; 
simpbe(0 .0 5 ,0 .9 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,4 1 6 5 9 ,4 ,5 ,6 ,7 ,p lb ) ; 

7.simpbe(0.0 5 ,0 .9 0 ,0 .3 0 ,0 .3 0 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,9 9 4 8 7 ,4 ,5 ,7 ,8 ,p i c ) ; 
'/.simpbe(0 .0 5 ,0 .9 5 ,0 .3 0 ,0 .3 0 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,5 6 8 2 1 ,4 ,5 ,7 ,8 ,p ld ) ; 
'/.simpbe(0.0 5 ,0 .9 0 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,8 1 8 4 7 ,5 ,6 ,8 ,9 ,p2a) ; 
'/.simpbe(0.0 5 ,0 .9 5 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 1 5 9 7 ,5 ,6 ,8 ,9 ,p2b) ;
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’/.simpbe(0 .0 5 ,0 .9 0 ,0 .4 6 ,0 .4 6 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,2 9 0 5 9 ,4 ,5 ,7 ,8 ,p 2 c ); 
•/.simpbeCO.0 5 ,0 .9 5 ,0 .4 6 ,0 .4 6 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 8 5 9 3 ,4 ,5 .7 ,8 ,p2d); 
•/.simpbe(0 .0 5 ,0 .9 0 ,0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 0 7 3 7 ,6 ,7 ,8 ,9 ,p 3 a ); 
•/.simpbe(0 .0 5 ,0 .9 5 ,0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,8 8 0 6 9 ,6 ,7 ,8 ,9 ,p3b) ; 
•/.simpbe(0 .0 5 ,0 .9 0 ,0 .6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 0 0 7 7 ,4 ,5 ,7 ,8 ,p3c) ; 
•/.simpbe(0 .0 5 ,0 .9 5 ,0 .6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,4 7 6 2 9 ,4 ,5 ,7 ,8 ,p3d) ; 
’/.simpbe(0 .0 5 ,0 .9 0 ,0 .5 ,0 .5 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,6 2 2 9 9 ,5 ,6 ,7 ,8 ,p4a) ; 
'/.simpbeCO.0 5 ,0 .9 5 ,0 .5 ,0 .5 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,5 0 5 0 3 ,5 ,6 ,7 ,8 ,p 4 b ); 
’/.simpbe(0 .0 5 ,0 .9 0 ,1 .0 ,1 .0 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,7 7 0 8 1 ,4 ,5 ,7 ,8 ,p 4 c ) ; 
’/.simpbeCO.0 5 ,0 .9 5 ,1 .0 ,1 .0 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,4 8 6 7 3 ,4 ,5 ,7 ,8 ,p4d) ;

proc p r in t;
t i t l e 2 ;
run;

/ * * * * * * * * * * * * * * * * * * , * * * * * * * * * * * * * * * * * * * * *

EX2S2P_PBE.SAS
This program does FDA (HSCI) and GPV procedures fo r  PBE 
fo r  2x2 data (Chou and Liu, 2000, Table 3 .6 .1 ,  pg. 73).
This i s  the example in  Chapter 5 , Section  3.

op tion s nodate nonumber ls=120 ps-64;  
t i t l e ;
♦Enter, transform data and d efine model parameters; 
data  chow_liu;
input seq subject period t r t  auc; 
la u c= lo g (a u c);
gam m al=(trt='l)^((seq=l)-(seq=2));  
gam m a2=(trt=2)^((seq*l)-(seq=2)) ; 
c a rd s;
1 1 1 2  74.675 
1 1 2  1 73.675 
1 4  1 2  96.4
1 4  2 1 93.25
1 5  1 2  101.95
1 5  2 1 102.125
1 6  1 2  79.05  
1 6 2 1 69.45
1 11 1 2 79.05
1 11 2 1 69.025
1 12 1 2 85.95
1 12 2 1 68 .7
1 15 1 2 69.725
1 15 2 1 59.425
1 16 1 2 86.275
1 16 2 1 76.125
1 19 1 2 112.675
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1 19 2 1 114.875
1 20 1 2 99 .525
1 20 2 1 116.25
1 23 1 2 89 .425
1 23 2 1 64 .175
1 24 1 2 55 .175
1 24 2 1 74 .575
2 2 1 1L 74. 825
2 2 2 2 37. 35
2 3 1 1L 86. 875
2 3 2 2 51. 925
2 7 1 1L 81. 675
2 7 2 2 72. 175
2 8 1 1L 92. 7
2 8 2 2 77. 5
2 9 1 1L 50. 45
2 9 2 2 71. 875
2 10 1 1 66 . 125
2 10 2 2 94 .025
2 13 1 1 122.45
2 13 2 2 124.975
2 14 1 1 99 .075
2 14 2 2 85 .225
2 17 1 1 86 .35
2 17 2 2 95 .925
2 18 1 1 49 .925
2 18 2 2 67 .1
2 21 1 1 42 .7
2 21 2 2 59 .425
2 22 1 1 91 .725
2 22 2 2 114.05
1)11
run;

proc tran sp ose data=chow_liu ou t= tcl p r e fix = lc ;
var lauc;
by seq su b ject;
id  t r t ;
run;
•compute s t a t i s t i c s ;
data t e l ;  s e t  t e l ;
x p = lc l* lc2 ;
d=*lcl-lc2;
run;

proc u n iv a r ia te  noprint; 
var l c l  lc 2  d;
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output ou t*st m ean*il-i3  c s s * s l-s 3 ;
by seq;
run;
♦compute cross product; 
data xp; merge tc l( in = a ) s t ;  
by seq; 
i f  a;
i f  f i r s t . s e q  then sxp*0; 
x p * ( l c l - i l ) * ( l c 2 - i 2 ) ; 
sxp*sxp+xp; 
r e ta in  sxp;
i f  la s t .s e q  then  output; 
run;
♦ f in is h  computing summary s t a t i s t i c s ;  
proc u n ivar ia te  noprint; 
var i3  s l - s 3  sxp;
output ou t*st2  sum*i s s t  s sr  s s i  s s l2 ;  
run;

data st2 ; s e t  s t2 ;  
nu*22; 
m ut=sst/nu; 
mur=ssr/nu; 
m i*ssi/nu;
s s r o n t= s s r -s s l2 ^ s s l2 /s s t ;
b = s s l2 /s s t;
d = i/2 ;
run;
♦compute FDA (HSCI) te s t ;  
data b a ll;  s e t  s t2 ;  
s_0*0.04;
e ta O * ((lo g (1 .2 5 )W 2  + 0 .0 2 ) /s_ 0 ;
e_d*d^d;
e_l*m ut;
e_3*-(l+eta0)♦m ur; 
t* t in v ( 0 .9 5 ,n u ); 
h_d*(abs (d) + t ♦sq rt (mi) /2 4 ) * * 2 ; 
qu*cinv(0 .9 5 ,n u ); 
q l* c in v (0 .0 5 ,n u ); 
h _ l* n u ^ e_ l/q l; 
h_3*nu^e_3/qu; 
u_d*(h_d-e_d)**2; 
u _ l= (h _ l-e _ l)♦♦2; 
u_3*(h_3-e_3)^ 2 ;  
mp3*(e_d+e_l-mur) /mur; 
lmp3*e_d+e_l+e_3; 
h_mp3*lmp3+sqrt(u_d+u_l+u_3);
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run;

proc p r in t d a ta = b a ll; 
run;
*compute GPV; 
data c a l l ;  s e t  s t2 ;  
k“s q r t ( l /2 4 ) ; 
s_0»0.04;
e ta 0 » (( lo g (1 .2 5 ))* * 2  + 0 .02 )/s_0 ;
do j * l  to  50000;
z=norm al(0);
zl2*norm al(0);
ut=2*rangam (0,nu/2);
ur=2*rangam(0, (nu-1) / 2 ) ;
s ig s q l* s s t /u t ;
lam bdasq2=ssront/ur;
b eta= b -zl2*sq rt(lam b d asq 2/sst);
s ig i= s q r t( s ig s q l* (b e ta -1 )**2 + lambdasq2);
d elta= d -k *sig i*z;
sigsq2=lam bdasq2+beta*beta*sigsql;
gpvm p3=(delta*delta+sigsq l-sigsq2)/m ax(sigsq2,s_0) ;
psi=(gpvmp3 gt e ta O );
output;
end;
run;

proc u n ivariate;  
var p s i  gpvmp3; 
run;

SIMPBEP2.SAS
This program does the t e s t  s iz e  sim ulations  
for PBE/2x2.
Chapter 5 , S ection  4 , Table 1.

options ps*64 ls=120 nodate nonumber; *nomprint; 
libname mi3 ’c:\My Documents\My SAS F ile s \V 8 ’ ; 
t i t l e  ’Sim ulation fo r  PBE’ ; 
run;

‘/.macro s im p b e (d e l,r ,sb t ,sb r ,sw t,sw r ,n s im ,n g p ,se e d ,d s);

t i t l e 2  "delta=& del. rho=&r, sigma_bt=&sbt 
sigma_br*tsbr sigzna_wt*feswt sigma_wr=icswr"; 
run;
^create sim ulation  data  se ts ;
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data sim;
♦•♦•Input model parameter values****;
s ig b t* 4 sb t;
sigbr*4sbr;
sigut*ftsw t;
sigwr=4swr;
d e lta * td e l;
rho=4r;
•••♦ C a lcu la te  needed parameter values****;
sig2b r= sigb r*sigb r;
sig2w r=sigwr*sigwr;
s ig sq l= s ig b t* s ig b t+ s ig u t* s ig w t;
s igsq2=s ig2br+s ig2wr;
sig l2= rh o*sigb t*sigb r;
b e t a = s ig l2 /s ig s q l;
s ig i* s q r t ( s ig s q l+ s ig s q 2 -2 * s ig l2 ) ;
la m b d a l* sq r t(s ig sq l);
lambdasq2*s igsq2-beta*beta*s i g s q l ;
lambda2*sqrt(lambdasq2);
mp3*(d e lta*d e lta+ sigsq l-sigsq 2)/m ax(sig2b r+ sig2w r,0 .0 4 ) ; 
c a l l  symput( ’MP3',mp3);
••••Compute sim ulated values****;
junk*int(100000*ranuni(4seed));
do n*8,12,16;
n u * 2 * (n -l);
k * l/s q r t (2 * n );
do i* l  to  ftnsim;
z*norm al(0);
ul*2*rangam (0,nu/2);
u2=2*rangam(0, ( n u - l ) /2 ) ;
zl2=norm al(0);
d=delta+k*sigi*z;
s s l= s ig s q l* u l;
ss2onl*lambdasq2*u2;
b= beta+ zl2*lam bd a2/sqrt(ssl);
ss2= b*b*ssl+ ss2on l;
s ig 2 i= (s s 2 o n l+ s s l* (1 -b )* ( l-b ) ) /nu;
keep n i  nu d s ig s q l  s s l  s s2  ss2on l s ig 2 i  b k mp3;
output;
end;
end;
run;

••••Compute HSCI****; 
data b a ll;  s e t  sim; 
s_0*0.04;
e ta 0 * (( lo g (1 .2 5 ))* * 2  + 0 .0 2 ) /s_ 0 ;
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e_d=d*d;
t= t in v (0 .9 5 ,n u ) ;
h _d = (ab s(d )+ k *t*sq rt(s ig2 i))**2; 
q u = cin v (0 .95 ,n u ); 
q l* c in v (0 .0 5 ,n u ); 
u_d*(h_d-e_d)**2 ; 
u _ l= ( s s l* ( l /q l  -  l/n u ))* * 2 ;  
i f  (ss2 /n u  gt s_0) then do; 
u _ 2 = (ss2 * (l+ eta 0 )* (l/q u  -  l/n u ))* * 2 ;  
Im p 3= e_d + ssl/n u -(l+ eta0)*(ss2 /n u ); 
h_mp3=lmp3+sqrt(u_d+u_l+u_2); 
end;
e ls e  do;
u _ 2 * (ss2 * (l/q u  -  l/n u ))* * 2 ;  
Im p3=e_d+ssl/nu-(ss2/nu)-s_0*eta0; 
h_mp3*lmp3+sqrt(u_d+u_l+u_2); 
end;
phi=(h_mp3 I t  0);
keep n i  lmp3 h_mp3 phi;
run;

proc u n ivaria te  data=ball n op rin t; 
var p h i; 
by n;
output out=h3 mean=hsci; 
run;

•♦♦•Compute GPV****; 
data c a l l ;  se t  sim; 
s_ 0 -0 .0 4 ;
e ta 0 * ( ( lo g ( 1 .25))**2  + 0 .0 2 )/s_ 0 ;
x i* 0 ;
xi2=0;
do j * l  to  ftngp;
z=norm al(0);
zl2= n orm al(0);
ul*2*rangam (0,nu/2);
u2=2*rangam(0, ( n u - l ) /2 ) ;
s ig s q l = s s l / u l ;
lam bdasq2-ss2onl/u2;
b eta= b -z l2*sq rt(lam b d asq 2 /ssl);
s ig i= s q r t ( s ig s q l* (b e ta -1 )**2 + lambdasq2);
d e lta = d -k * s ig i* z ;
sigsq2=lam bdasq2+beta*beta*sigsql; 
gpvm p3*(delta*delta+ sigsq l-sigsq2)/m ax(sigsq2 ,s_0) ; 
xi=xi+(gpvmp3 gt e taO ); 
xi2=xi2+(gpvmp3 gt mp3);
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end;
p*xi/fcngp; 
c=xi2/4cngp; 
p si* (p  I t  0 .05) ; 
cover=(c g t 0 .0 5 );  
run;

proc un ivariate  d a ta = ca ll noprint; 
var p s i  cover;
output out=gpv mean=gpv5 cover95;
by n;
run;
•merge r e su lts ;  
data t e s t s ;  merge h3 gpv; 
len gth  t e s t  $ 5; 
by n;
d e lta = td e l; 
r*ftr;
sigma_bt=ftsbt; 
sigma_br=&sbr; 
sigma_wt=fcswt; 
sigma_wr=ftswr; 
test*" 4d s" ; 
mp3*ftmp3; 
run; run;

proc prin t d a ta = tests;  
run;

proc append base=m i3.testp2 data= tests;  
run;

'/.mend;

7.simpbe(0.2 6 4 1 8 3 7 ,0 .8 ,0 .1 ,0 .1 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,7 1 3 6 3 ,d la ) ;
'/simpbe(0 .2 6 4 1 8 3 7 ,0 .9 ,0 .1 ,0 .1 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,8 8 2 4 1 ,d lb ) ;
7,simpbe(0.2 9 5 3 6 6 ,0 .8 ,0 .2 ,0 .2 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,5 4 5 5 9 ,d ie) ;
’/.simpbeCO.2 9 5 3 6 6 ,0 .9 ,0 .2 ,0 .2 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,3 2 9 1 7 ,did) ;
•/.simpbe(0 .3 7 3 6 1 2 2 1 7 ,0 .8 ,0 .2 ,0 .2 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,4 6 8 6 7 ,d 2 a );
•/.simpbeCO.3 7 3 6 1 2 2 1 7 ,0 .9 ,0 .2 ,0 .2 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,1 9 2 3 7 ,d2b) ;
•/.simpbeCO.5 9 0 7 3 3 ,0 .8 ,0 .4 ,0 .4 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,3 1 6 9 9 ,d2c) ;
•/.simpbeCO.5 9 0 7 3 3 ,0 .9 ,0 .4 ,0 .4 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,6 1 2 1 1 ,d2d) ;
*/.simpbe(0 .5 6 0 4 1 8 ,0 .8 ,0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,8 5 1 0 3 ,d3a) ;
•/.simpbeCO.5 6 0 4 1 8 ,0 .9 ,0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 5 2 6 7 ,d3b);
’/.simpbeCO.8 8 6 0 9 9 ,0 .8 ,0 .6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,5 5 0 6 1 ,d3c) ;
'/.simpbeCO.8 8 6 0 9 9 ,0 .9 ,0 .6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,7 2 2 7 7 ,d3d) ;
’/.simpbe (0 .295366392 ,0 .8 ,0 .2 ,0 .1 7 3 2 0 5 ,0 .1 ,0 .1 4 1 4 1 2 ,5 0 0 0 ,1 0 0 0 0 ,4 5 5 5 7 ,e la ) ;
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‘/.simpbe(0 .2 9 5 366392 ,0 .9 ,0 .2 ,0 .173205 ,0 .1 ,0 .141412 ,5000 ,10000 ,32143 ,e lb ) ; 
*/.simpbe(0 .2 9 5 366392 .0 .8 ,0 .173205 ,0 .2 ,0 .141421 ,0 .1 ,5000 ,10000 ,14197 ,e l c ) ; 
•/.s impbe (0 .295366392 ,0 .9 ,0 .173205 ,0 .2 ,0 .141421 ,0 .1 ,5000 ,10000 ,33343 , e Id) ; 
I s  impbe(0 .5 9 0 7 3 3 .0 .8 ,0 .3 8 7 2 9 8 ,0 .4 ,0 .2 2 3 6 0 7 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,9 8 3 2 1 ,e 2 a ) ;
*/.simpbe (0 .5 9 0 7 3 3 ,0 .9 ,0 .387298 ,0 .4 ,0 .223607 ,0 .2 ,5000 ,10000 ,54517 , e 2 b ) ;
%s impbe(0 .5 9 0 7 3 3 ,0 .8 ,0 .4 ,0 .3 8 7 2 9 8 ,0 .2 ,0 .2 2 3 6 0 7 ,5 0 0 0 ,1 0 0 0 0 ,6 9 4 9 7 ,e 2 c ) ;
*/,s impbe (0 .5 9 0 7 3 3 ,0 .9 ,0 .4 ,0 .387298 ,0 .2 ,0 .223607 ,5000 ,10000 ,80917 , e2d) ;
*/.simpbe(0 .8 8 6 0 9 9 ,0 .8 ,0 .6 ,0 .5 ,0 .3 ,0 .4 4 7 2 1 3 6 ,5 0 0 0 ,1 0 0 0 0 ,5 5 0 6 1 ,e 3 a ) ;
‘/.simpbe(0 .8 8 6 0 9 9 ,0 .9 ,0 .6 ,0 .5 ,0 .3 ,0 .4 4 7 2 1 3 6 ,5 0 0 0 ,1 0 0 0 0 ,7 2 2 7 7 ,e 3 a ) ;
’/.simpbe(0 .8 8 6 0 9 9 ,0 .8 ,0 .5 ,0 .6 ,0 .4 4 7 2 1 3 6 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,1 0 0 3 7 ,e 3 c ) ;
’/.simpbe(0 .8 8 6 0 9 9 ,0 .9 ,0 .5 ,0 .6 ,0 .4 4 7 2 1 3 6 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,8 0 1 7 3 ,e 3 d );
'/.simpbe(0 ,0 .8 ,0 .2 8 2 4 7 6 6 2 6 ,0 .1 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,7 5 5 7 7 , f l a ) ;
7.simpbe(0 ,0 .9 ,0 .2 8 2 4 7 6 6 2 6 ,0 .1 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,6 4 6 2 1 ,f l b ) ;
’/.simpbe(0 ,0 .8 ,0 .3 5 6 7 0 8 9 9 3 ,0 .2 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,7 9 0 4 3 ,f l c ) ;
*/,simpbe(0 ,0 .9 ,0 .3 5 6 7 0 8 9 9 3 ,0 .2 ,0 .1 ,0 .1 ,5 0 0 0 ,1 0 0 0 0 ,8 6 9 2 3 ,f I d ) ;
‘/.simpbe(0 ,0 .8 ,0 .4 2 3 7 7 5 9 8 9 ,0 .2 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,4 6 8 6 7 ,f2 a ) ;
*/.simpbe(0 ,0 .9 ,0 .4 2 3 7 7 5 9 8 9 ,0 .2 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,1 9 2 3 7 ,f2 b );
’/.simpbe (0 ,0 .8 ,0 .7 1 3 4 1 7 9 8 6 ,0 .4 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,3 1 6 9 9 ,f2c),•
*/.simpbe(0 ,0 .9 ,0 .7 1 3 4 1 7 9 8 6 ,0 .4 ,0 .2 ,0 .2 ,5 0 0 0 ,1 0 0 0 0 ,6 1 2 1 1 ,f 2d);
•/.simpbe (0 ,0 .8 ,0 .6 3 5 6 6 3 9 8 4 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,8 5 1 0 3  ,f  3 a );
*/,s impbe ( 0 ,0 .9 ,0 .6 3 5 6 6 3 9 8 4 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 5 2 6 7 , f  3 b );
*/,simpbe(0 ,0 .8 ,1 .0 7 0 1 2 6 9 7 9 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,5 5 0 6 1 ,f 3 c ) ;
'/.simpbe(0 ,0 .9 ,1 .0 7 0 1 2 6 9 7 9 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,4 4 8 9 7 , f 3d) ;

proc p r in t;
t i t l e 2 ;
run;

/ * * * * * * * * * * * * * *

SIMPBEP2.P.SAS
This program does the power/sample s iz e  sim ulations  
for  PBE/2x2.
Chapter 5 , Section 4 , Table 2. 
* * * * * * * * * * * , * * * * * * * * * * * * « * * * « * * * * * * * « * * * * * * /

options ps*64 ls=120 nodate nonumber nomprint; 
libname mi3 ’c:\My Documents\My SAS F ile s \V 8 ’ ; 
t i t l e  'Sim ulation fo r  PBE’ ; 
run;

‘/.macro simpbe (d e l , r , s b t , sb r , sw t, swr,nsim ,ngp, s e e d , n l , n2 ,n3,n4, ds ) ;

t i t l e 2  "deltaaftdel, rho*tr, sigm a_bt=isbt sigma_br*&sbr
sigma_wt=fcswt sigma_wr3&sur";
run;
•crea te  sim ulation data se ts ;  
data sim;
••••In p u t model parameter values****;
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sigbt=& sbt; 
sigbr>£sbr; 
s ig v t* £ sv t;  
sigvr*£swr; 
delta*& del; 
rho=£r;
•♦♦♦C alculate needed parameter values****; 
sig2br=sigbr*sigbr;  
sig2wr*sigwr*sigwr; 
s ig sq l= s ig b t* s ig b t+ s ig w t* s ig v t; 
sigsq2=sig2br+sig2w r; 
sig l2 = rh o * sig b t* sig b r; 
b e ta = s ig l2 /s ig s q l; 
s ig i= s q r t(s ig s q l+ s ig s q 2 -2 * s ig l2 ) ; 
la m b d a l= sq rt(s ig sq l);
Iam bdasq2=sigsq2-beta*beta*sigsql; 
Iambda2=sqrt(lambdasq2);
m p3=(delta*delta+sigsq l-sigsq2)/m ax(sig2br+sig2w r , 0 .0 4 ) ;  
c a l l  symput(’HP3’ ,mp3);
••♦•Compute sim ulated values****; 
junk=int(100000*ranuni(£seed));  
do n=&nl,4n2,ftn3, &n4;
•do n=5 to  20;
n u = 2 * (n -l);
k“ l/s q r t (2 * n ) ;
do i * l  to  ftnsim;
z=norm al(0);
ul=2*rangam (0,nu/2);
u 2»2*rangam (0,(nu-l)/2);
zl2*norm al(0);
d= delta+ k *sig i*z;
s s l= s ig s q l* u l;
ss2onl=lambdasq2*u2;
b*beta+zl2*lam bda2/sqrt(ssl);
ss2=b*b*ssl+ss2onl;
s ig 2 i= (s s 2 o n l+ s s l* ( l-b )* ( l-b )) /n u ;
keep n i  nu d s ig s q l  s s l  ss2  ss2on l s ig 2 i  b k mp3;
ou tp u t;
end;
end;
run;

••••Compute HSCI****; 
data  b a ll;  s e t  sim; 
s_0*0.04;
etaO“ ((lo g C l.25))**2 + 0 .0 2 ) /s_ 0 ;  
e_d*d*d;
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t* t in v (0 .9 5 ,n u ) ;
h _d = (ab s(d )+ k *t*sq rt(sig2 i))**2; 
qu=cinv (0 .9 5 , n u ); 
ql= cinv( 0 .0 5 ,nu); 
u_d=(h_d-e_d)**2; 
u _ l= ( s s l* ( l /q l  -  l/n u ))**2;  
i f  (Css2/nu) gt s_0) then do; 
u _2= (ss2* (l+ eta0 )* (l/q u  -  l/nu ))**2; 
Im p 3=e_d +ssl/n u-(l+eta0)*(ss2 /n u); 
h_mp3*lmp3+sqrt(u_d+u_l+u_2); 
end;
e ls e  do;
u _ 2* (ss2* (l/q u  -  l/n u ))**2;  
lmp3*e _d+s s 1 / nu-( s s2 /n u )-s  _0 *et aO; 
h_mp3*lmp3+sqrt(u_d+u_l+u_2); 
end;
phi=(h_mp3 I t  0);
keep n i  lmp3 h_mp3 phi;
run;

proc u n iv a r ia te  data=ball noprint; 
var phi; 
by n;
output out=h3 mean*hsci; 
run;

•••♦Compute GPV****; 
data c a l l ;  s e t  sim; 
s_0=0.04;
e ta 0 = ((lo g (1 .2 5 ))* * 2  + 0 .0 2 )/s_ 0 ;  
xi= 0; 
xi2*0;
do j=*l to  ftngp;
z*normal(0) ;
zl2*normal (0) ;
ul=2*rangam (0,nu/2);
u2*2*rangam(0, (n u -l) /2 )  ;
s ig s q l= s s l /u l ;
lam bdasq2*ss2onl/u2;
b eta*b -z l2*sq rt(lam b d asq 2 /ssl);
s ig i= s q r t(s ig s q l* (b e ta -1 )**2 + lambdasq2);
d e lta * d -k * s ig i* z ;
sigsq2=lam bdasq2+beta*beta*sigsql;
gp vm p 3*(d elta*d elta+ sigsq l-sigsq 2)/m ax(sigsq 2 ,s_0);
xi=xi+(gpvmp3 gt etaO );
xi2=xi2+(gpvmp3 gt mp3);
end;
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p*xi/fcngp; 
c*xi2/&ngp; 
psi*Cp I t  0 .0 5 );  
cover*(c g t 0 .0 5 );  
run;

proc un ivariate d a ta * ca ll noprint; 
var p s i cover;
output out*gpv mean=gpv5 cover95;
by n;
run;
*merge re su lts ;  
data t e s t s ;  merge h3 gpv; 
len g th  t e s t  $ 5; 
by n;
delta=& del; 
r=4r ;
sigma_bt=Scsbt; 
s igma_br=4sbr; 
sigma_wt=4swt; 
sigma_wr*iswr; 
test= "4ds"; 
mp3*&mp3; 
run;run;

proc prin t d a ta * tests;  
run;

proc append base*m i3.testp2_p d a ta * tests;  
run;

•/.mend;

‘/isimpbe(0 .0 5 ,0 .9 0 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,2 0 2 9 7 ,7 ,8 ,1 0 ,1 1 ,p la ) ; 
'/.simpbe(0 .0 5 ,0 .9 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,4 1 6 5 l , 8 , 9 , l l , 1 2 , p l b ) ; 
‘/.simpbeCO.0 5 ,0 .9 0 ,0 .3 0 ,0 .3 0 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,9 9 4 8 7 ,7 ,8 ,1 2 .1 3 ,p i c ) ; 
/isimpbe(0 .0 5 ,0 .9 5 ,0 .3 0 ,0 .3 0 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,5 6 8 2 1 ,6 ,7 ,1 1 ,1 2 ,p ld ) ; 
‘/.simpbeCO.0 5 ,0 .9 0 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,8 1 8 4 7 ,1 1 ,1 2 ,1 4 ,1 5 ,p2a); 
’/is impbe CO. 0 5 ,0 .9 5 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 1 5 9 7 ,1 1 ,1 2 ,1 4 ,1 5 , p2b) ; 
‘/.simpbeCO.0 5 ,0 .9 0 ,0 .4 6 ,0 .4 6 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,2 9 0 5 9 ,7 ,8 ,1 2 ,1 3 ,p2c) ; 
‘/is impbe CO. 0 5 ,0 .9 5 ,0 .4 6 ,0 .4 6 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 8 5 9 3 ,7 ,8 ,1 2 ,1 3 , p2d) ; 
•/.simpbeCO.0 5 ,0 .9 0 ,0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 0 7 3 7 ,1 1 ,1 2 ,1 4 ,1 5 ,p 3 a ); 
•/.simpbeCO.0 5 ,0 .9 5 ,0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,8 8 0 6 9 ,1 1 ,1 2 ,1 4 ,1 5 ,p3b) ; 
•/.simpbeCO.0 5 ,0 .9 0 ,0 .6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 0 0 7 7 ,7 ,8 ,1 2 ,1 3 ,p3c) ; 
‘/.simpbeCO.0 5 ,0 .9 5 ,0 .6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,4 7 6 2 9 ,7 ,8 ,1 2 ,1 3 ,p3d) ; 
•/.simpbeCO.0 5 ,0 .9 0 ,0 .5 ,0 .5 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,6 2 2 9 9 ,1 1 ,1 2 ,1 4 ,1 5 ,p 4 a );
*/, simpbe CO. 0 5 ,0 .9 5 ,0 .5 ,0 .5 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,5 0 5 0 3 ,1 1 ,1 2 ,1 4 ,1 5 , p 4b );
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•/.simpbeCO. 0 5 ,0 .9 0 ,1 .0 ,1 .0 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,7 7 0 8 1 ,7 ,8 ,1 2 ,1 3 , p4c); 
%simpbe(0 .0 5 ,0 .9 5 ,1 .0 ,1 .0 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,4 8 6 7 3 ,7 ,8 ,1 2 ,1 3 ,p4d );

proc p r in t ;
•where 1 .7  I t  mp3 I t  1 .8;
t i t l e 2 ;
run;

SIMIBEC. SAS
This program does the in te r v a l coverage sim ulations  
for  IBE/2S4P.
Chapter 7 , Section  4 .1 , Table 2.
  * • * • * * * /

options ps*64 ls=120 nodate nonumber mprint; 
libname mi3 ’ c:\My Documents\My SAS F ile s \V 8 ’ ; 
t i t l e  ’S im ulation for IBE in te r v a ls ’ ; 
run;

‘/.macro sim ibe (d e l , sd , sw t, swr, nsim ,ngp,n l ,n2, se ed , ds);

t i t l e 2  "delta=ftdel, sigma_d=&sd sigma_wt=4swt sigma_wr=tswr"; 
•crea te  sim ulation  data s e t s ;  
data sim;
••••In p u t model parameter values****;
sigd=fcsd;
sigwt=bswt;
sigwr=4swr;
delta*=tdel;
••••C a lc u la te  needed parameter values****; 
sig2w t=sigw t*sigw t; 
sig2wr*sigwr*sigwr; 
s ig2 i= sigd *  s igd+sig2w t/2+s ig2w r/2; 
s ig i* s q r t ( s ig 2 i ) ;
m i3= (delta*delta+ sig2i+ 0. 5 * s ig 2 w t- l . 5*sig2wr) /max(sig2wr,0 .0 4 ) ;  
c a l l  sym put(’MI3’ ,m i3);
••••Compute sim ulated values****; 
junk*int(100000*ranuni(bseed)); 
do n *8 ,12 ,16 ,20 ;
•do n=5 to  35 by 3; 
n u * 2 * (n -l); 
k * l/s q r t (2 * n ); 
do i* l  to  ftnsim; 
abnormal(0) ; 
u-2*rangam(0 ,n u /2 ); 
v*2*rangam (0,nu/2);
»=2*rangam(0,nu/2) ;
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d *d elta+ k *sig i*z; 
sswt=sig2wt*u; 
sswr*sig2wr*v; 
ss i* sig 2 i* w ;
keep n i  nu d s s i  ssw t sswr k mi3;
output;
end;
end;
run;
♦♦♦•Compute Ting-Burdick****; 
data t in g ;  s e t  sim; 
s_0*0.04;
e ta 0 » (( lo g (1 .2 5 ))* * 2  + 0 .0 5 )/s_ 0 ;
sn=2*n;
m _i=ssi/nu;
m_t=sswt/nu;
m_r*sswr/nu;
ssdrug=sn*d*d;
••• •T h is  s tu ff  i s  d ir e c t  from Burdick sim ulation program****; 
lam bhat=ssdrug/(2*M _i);
n star= in t((l+ 2*lam bhat)**2/(l+ 4*lam bh at))+ l;
fl5 = c in v (0 .0 5 ,n u )/n u ;
fu 2= cin v(0 .95 ,n u )/n u ;
f l6 * f in v (0 .0 5 ,n s ta r  ,n u ) ;
f l7 * f in v (0 .0 5 ,n u ,n u );
h d *n star /c in v (0 .0 5 ,n s ta r ) -1;
h i * l / f 15-1;
h t* h i;
g r * l- l /fu 2 ;
hdr*( ( 1 - f 16)**2-(hd*f1 6 )**2-gr**2)/f16; 
h ir » ( ( 1 - f 17)**2-(h i* f 1 7 )**2-gr**2)/f17; 
h tr * h ir ;
k l* ssd ru g /(sn )+ ( 1 -1 / ( s n ) ) *m_i+. 5*m_t; 
k2*m_r;
rh oh tib e*k l/k 2;
k 6 = (h d * ssd r u g /(sn ))* * 2 + (h i* (l- l/(sn )) *m_i)**2+ (ht*.5*m _t)**2; 
k7=hdr/(sn) *ssdrug*m_r+ hir* (1 -1 / ( s n ) ) *m_i*m_r+htr*. 5*m_t*m_r; 
k8=(gr*m_r)**2; 
i f  (m_r gt s_0) then do;
vu ib er= (2+ k 7 /(k l*k 2 ))**2 -4* (l-k 8 /k 2**2 )* (l-k 6 /k l**2 ); 
um lsi=rhohtibe*( (2+ k 7/(k l*k 2)+ sq rt(vu ib er)) / ( 2 *  ( l-k 8 /k 2 * * 2 )) ) - 1 .5 ;  
end;
e ls e  do;
vustar*k6+(1 .5 )**2*k8+l. 5*k7; 
um lsi* ( k l - 1 . 5*k2+sqrt (v u sta r)) /s _ 0 ; 
end;
ch i*(um lsi g t m i3);
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run;

proc un ivaria te  datacting  noprint; 
var ch i;
output out=mls mean*mls;
by n;
run;
••••Compute GCI****; 
data c a l l ;  s e t  sim; 
s_0=0.04;
e ta O = ((lo g (l.2 5 ) )**2 + 0 .0 5 ) /s_ 0 ;
xi=0;
xi2=0;
do j * l  to  &ngp; 
z=norm al(0); 
u=2*rangam (0,nu/2); 
v=2*rangam (0,nu/2); 
w»2*rangam(0,nu/2); 
s ig 2 i= ss i/w ;
d e lta = d -k * z * sq r t(s ig 2 i);
sig2w t=ssw t/u;
sig2wr=sswr/v;
gpvm i3»(delta*delta+sig2i+0. 5 * s ig 2 w t-l. 5*sig2w r) /max(sig2w r, s _ 0 ) ; 
d e l2 * l . 5*sig2wr+mi3*max(sig2wr, s _ 0 ) - s ig 2 i- s ig 2 w t /2 ; 
psi2*CprobnormC(d+sqrt(abs(del2)) ) / (k*sqrt ( s i g 2 i ) ))
-probnorm ((d-sqrt(abs(del2)) ) / (k * s q r t(s ig 2 i) ) ) ) • (d el2> 0);
xi*xi+(gpvm i3 g t m i3);
x i2=xi2+psi2;
end;
c=xi/&ngp; 
c2=xi2/itngp; 
cover*(c g t 0 .0 5 );  
cover2=(c2 I t  0 .9 5 );  
run;

proc un ivaria te  d ata= call n o p r in t; 
var cover cover2;
output out=gpv meanacoverl cover2;
by n;
run;
•merge r e su lt s ;
data t e s t s ;  merge /*h3*/ mis gpv; 
len gth  t e s t  $ 5; 
by n;
delta*fcdel; 
sigma_d»tsd; 
sigm a_vt*tsw t;
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s igma_wr=&swr; 
test="&ds"; 
mi3=&mi3; 
run;

proc p r in t d a ta * te s ts ; 
run;

proc append base*mi3. coveria  d a ta * te s ts;  
run;

%mend;

•/.simibe (0 .0 5 ,0 .0 1 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,5 ,6 ,6 5 4 7 9  ,p la )  ; 
•/.simibe(0 .0 5 ,0 .1 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,6 ,9 ,4 7 0 4 1 ,p lb ) ; 
•/.sim ibe(0.0 5 ,0 .2 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,1 0 ,1 3 ,4 5 8 2 3 ,p i c ) ; 
‘/.sim ibe(0 .0 5 ,0 .3 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,1 0 ,1 3 ,4 5 8 2 3 ,p ld ) ; 
*/.simibe(0 .0 5 ,0 .0 1 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,8 ,1 0 ,5 4 0 0 1 ,p 2 a ); 
*/.simibe (0 .0 5 ,0 .1 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,1 1 ,1 4 ,2 8 0 3 1 ,p2b) ; 
%s im ibe(0 .0 5 ,0 .2 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,1 7 ,2 1 ,1 8 5 0 3 ,p2c);  
‘/.sim ibe(0 .0 5 ,0 .3 ,0 .2 0 ,0 .2 0 ,5 0 0 0 ,1 0 0 0 0 ,1 1 ,1 4 ,5 4 5 7 7 ,p2d) ; 
•/.simibe (0 .0 5 ,0 .0 1 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 4 ,1 7 ,3 3 8 9 3  ,p 3 a ) ; 
7.simibe (0 .0 5 ,0 .1 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 4 ,1 7 ,3 3 8 9 3 ,p3b);  
‘/.sim ibe(0 .0 5 ,0 .2 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,2 0 ,2 4 ,7 9 0 8 7 ,p 3 c ) ; 
’/.simibe (0 .0 5 ,0 .3 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,2 0 ,2 4 ,7 9 0 8 7 ,p 3 d ); 
•/.simibe (0 .0 5 ,0 .0 1 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,1 3 ,1 5 ,4 7 9 3 9  ,p 4 a );
*/.simibe(0 .0 5 ,0 .1 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,1 4 ,1 6 ,4 1 2 4 3 ,p4b) ; 
'/.simibe(0 .0 5 ,0 .2 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,1 8 ,2 0 ,8 6 4 5 3 ,p4c) ;
*/,simibe(0 .0 5 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,1 8 ,2 0 ,8 6 4 5 3 ,p4d) ; 
‘/.sim ibe(0 .0 5 ,0 .0 1 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,1 2 ,1 5 ,2 6 7 0 1 ,p5a) ; 
'/.simibe(0 .0 5 ,0 .1 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,1 3 ,1 5 ,2 3 2 2 7 ,p5b) ; 
*/.simibe(0.0 5 ,0 .2 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,1 4 ,1 6 ,5 3 5 5 1 ,p5c) ; 
’/.sim ibe(0 .0 5 ,0 .3 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,1 4 ,1 6 ,5 3 5 5 1 ,p5d) ;

proc p r in t data*m i3.coveria;
t i t l e 2 ;
run;

SIMPBEC.SAS
This program does the in te r v a l coverage sim ulations 
fo r  PBE/2S4P.
Chapter 7 , Section  4 .2 , Tables 3 & 4.

op tion s ps364 ls=120 nodate nonumber;* p r in t; 
libname mi3 ’c:\My Documents\My SAS F ile s \V 8 ’ ; 
t i t l e  'Sim ulation for  PBE in te r v a ls ’ ;
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run;

'/.macro simpbe ( d e l , r , s b t , sb r , sw t, swr, nsim, ngp, seed ,n l , n 2 , n3 , n4 ,d s );  

data sim;
• ♦♦♦Input model parameter values****;
sigbt=fcsbt;
sigbr*ftsbr;
sigwt*&swt;
sigwr=fcsur;
delta=fcdel;
rho=icr;
♦••♦C alcu late needed parameter values****; 
s ig 2 b t= s ig b t* s ig b t; 
s ig2br=s igb r» s ig b r ; 
sig2w t*sigw t*sigw t; 
sig2w r*sigwr*sigwr; 
s ig sq l* s ig 2 b t+ s ig 2 w t/2 ; 
sigsq2»sig2br+sig2w r/2; 
sig l2 * rh o * sig b t* s ig b r ; 
b e ta = s ig l2 /s ig s q l; 
s ig i* s q r t( s ig s q l+ s ig s q 2 -2 * s ig l2 ) ; 
la m b d a l* sq rt(s ig sq l);
Ia m b d a sq 2 * sig sq 2 -sig l2 * sig l2 /sig sq l; 
lambda2=sqrt(lambdasq2);
mp3* (d e lta*d elta+ sig2b t+ sig2w t-sig2b r-sig2w r) /m ax(sig2br+sig2w r, 0 .04 );
♦•••Compute sim ulated values****;
junk»int(100000*ranuni(iseed));
do n=8,12 ,16 ,20;
nu = 2*(n -l);
k“ l/s q r t (2 * n ) ;
do i= l  to  Scnsim;
z=norm al(0);
ul=2*rangam (0,nu/2);
u2=2*rangam(0, ( n u - l ) /2 ) ;
ut*2*rangam (0,nu/2);
ur=2*rangam(0,nu/2);
zl2*norm al(0);
d *d elta+ k *sig i*z;
s swt*s ig2wt * u t;
s s wr*s ig2wr*tir;
s s l* s ig sq l* u l;
ss2onl=lambdasq2*u2;
b*b eta+ zl2* lam b d a2/sq rt(ssl);
ss2»b *b *ssl+ ss2on l;
s ig 2 i® (ss2 + ss l* (l-2 * b )) /nu;
keep n i  nu d s s l  ss2  ss2 o n l s ig 2 i  ssu t ssur b k mp3;
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ou tp u t; 
end; 
end; 
run;
•♦♦•Compute Ting-Burdick****; 
data t in g ; s e t  sim; 
s_0*0.04;
e ta O » (( lo g ( l .2 5 ) ) * * 2  + 0 .0 2 ) /s_ 0 ;
stt* 2 * ss l/n u ;
srr*2^ss2/nu;
st»ssw t/nu;
sr=sswr/nu;
sn*2^n;
ssd*sn^d^d;
lam b d a«ssd /(2^ sig2 i);
n s ta r = c e il( ( l+2^1ambda)♦ ( l+2^1ambda)/ ( l+4^1ambda));  
sd t» 2 * ssd /sn + stt+ st;
n d t= c e il(sd t^ sd t/(4 ^ ssd ^ ssd /(sn ^ sn ^ n sta r )+ (stt^ stt /n u )+ (s t^ st/n u )));
i f  (srr+sr g t 2^s_0) then do;
src*srr+sr;
n r c * c e il(sr c * sr c /( (sr r * sr r /n u )+ (sr ^ sr /n u )) ) ;
f l= f in v (0 .0 5 ,n d t ,n u ) ;
f2 = fin v (0 .9 5 ,n u ,n d t) ;
f3 * f in v (0 .0 5 ,n r c ,n u );
f4 = fin v (0 .9 5 ,n r c ,n d t) ;
c0= l-2 /n rc;
c2=(c0-f3)**2;
c l* ( (c 0 ^ (f2 - l) )* * 2 )-c 2 * f2 * f2 ;  
c3»(f4-c0)^ *2;
c4* ((cO *(1 -f1 ))* ♦ 2 )-c 3 ^ fl^ f1; 
r h o h a t* (sd t-2 ^ s ig 2 i/sn )/sr c ; 
vu l*c l* sd t*sd t+ 4^ c2^ sig2 i^ sig2 i/(sn ^ sn ); 
vu 2*c3*sd t*sd t+ 4^ c4*sig2 i^ sig2 i/(sn *sn ); 
d t* sn ^ sd t/(2 ^ s ig 2 i);
i f  (dt l e  f l )  then  u_pber*cO *rhohat+sqrt(vul)/src-l; 
e ls e  i f  (dt g t f l )  then u_pb er*c0*rhohat+sqrt(vu2)/src-l; 
chi*(u_pber g t mp3); 
end;
e ls e  do;
sir= srr+ sr+ 2^ sig2 i/sn ;
n ir * c e il(s ir * s ir /( (4 * s ig 2 i* s ig 2 i/(sn ^ sn ^ n u ))+ (sr r * sr r /n u )+ (sr * sr /n u )) ) ;  
h l= (n d t/c in v (0 .0 5 ,n d t ) ) - l ;  
g 2 = l-n ir /c in v (0 .9 5 ,n i r ) ;
c 5 = (( l- f in v (0 .0 5 ,n d t  ,n ir ))* * 2 -f in v (0 .0 5 ,n d t ,n ir )
♦f in v (0 .0 5 ,n d t ,n ir ) *hl*hl-g2^g2)/ f  in v (0 .0 5 ,n d t,n i r ) ; 
vm3“sdt^sdt^hl^hl+sir^sir^g2^g2+c5^sdt^sir; 
u _p b ec= (sd t-sir+ sq rt(vm 3))/(2*s_0);
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chi*(u_pbec g t mp3);
end;
run;

proc un ivariate  data*ting n o p r in t; 
var ch i;
output out=mls mean=mls; 
by n; 
run;
****Compute GPV****; 
d ata c a l l ;  se t  sim; 
s_ 0 * 0 .04;
e t a 0 = ( ( lo g ( l .2 5 ) )**2 + 0 .0 2 ) /s_ 0 ;  
xi=0;
do j= l  to  ftngp;
z=norm al(0);
zl2=norm al(0);
ul=2*rangam (0,nu/2);
u 2=2*rangam (0,(nu-l)/2);
ut*2*rangam (0,nu/2);
ur*2*rangam (0,nu/2);
s ig 2 w t* ssw t/u t;
sig2w r*ssw r/ur;
s ig s q l* s s l /u l ;
lam bdasq2*ss2onl/u2;
b eta*b -z l2*sq rt(lam b d asq 2 /ssl);
s ig i= s q r t(s ig s q l* (b e ta -1 )**2 + lambdasq2);
d e lta » d -k * s ig i* z ;
s igsq2«lambdasq2+beta*beta*s i g s q l ;
gp vm p 3*(d elta*d elta+ sigsq l+ sig2w t/2-sigsq 2-sig2w r/2)/m ax(sigsq 2+ sig2w r/2 ,s_0);
xi=xi+(gpvmp3 I t  mp3);
end;
p-x i/ftngp;
cover*(p le  0 .9 5 );
run;

proc un ivariate data=call n o p r in t; 
var cover;
output out*gpv mean*cover_gpv;
by n;
run;
*merge r e s u lt s ; 
d ata  t e s t s ;  merge mis gpv; 
len g th  t e s t  $ 5; 
by n;
delta*ftdel; 
r * t r ;
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sigma_bt=fcsbt; 
sigma_br*ftsbr; 
sigma_wt*&swt; 
sigm a.wr-ftsvr; 
test*"fcds"; 
run;

proc p r in t d a t a - t e s t s ; 
run;

proc append base*mi3. coverp d a ta * tests;  
run;

’/.mend;

'/.simpbeCO.
'/.simpbeCO.
‘/.simpbe CO.
'/.simpbeCO.
'/.simpbe CO.
'/.simpbeCO.
'/.simpbeCO.
'/.simpbeCO.
'/.simpbeCO.
'/.simpbeCO.
'/.simpbe CO.
'/.simpbe CO.
'/.simpbeCO
'/.simpbeCO.
’/.simpbe CO.
'/.simpbe CO
'/.simpbeCO.
'/simpbeCO
'/.simpbe CO
'/.simpbeCO
'/.simpbeCO
'/.simpbe CO
'/.simpbe CO
'/.simpbeCO

0 5 .0 .
05 .0 .
05 .0 .
0 5 .0 .
0 5 .0 .
05 .0 .
05 .0 .
05 .0 .
05 .0 .
05 .0 .
05 .0 .
05 .0
05 .0
05 .0
05 .0
05 .0
05 .0
05 .0
0 5 .0
05 .0
05 .0
05 .0
05 .0
05 .0

70
80
90
70
80
90
70
80
90
70
80
90
70
80
90
70
80
90
70
80
90
70
80
90

1 5 ,0 .1 5 ,1 0 0 0 ,1 0 0 0 ,2 0 2 9 1 ,6 ,7 ,8 ,9 ,p la );0 .1 5 ,0 . 1 5 ,0  
0 .1 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,2 0 2 9 7  
0 .1 5 ,0 .1 5 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,4 1 6 5 9  
0 .3 0 ,0 .3 0 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,9 9 4 8 7  
0 .3 0 ,0 .3 0 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,9 9 4 8 1  
0 .3 0 ,0 .3 0 ,0 .1 5 ,0 .1 5 ,5 0 0 0 ,1 0 0 0 0 ,5 6 8 2 1  
0 .2 3 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,8 1 8 4 7  
0 .2 3 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,8 1 8 4 1  
0 .2 3 ,0 .2 3 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 1 5 9 7  
0 .4 6 ,0 .4 6 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,2 9 0 5 3  
0 .4 6 ,0 .4 6 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,2 9 0 5 9  
0 .4 6 ,0 .4 6 ,0 .2 3 ,0 .2 3 ,5 0 0 0 ,1 0 0 0 0 ,1 8 5 9 3  
0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 0 7 4 3 ,7 ,8  
0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 0 7 3 7 ,7 ,8  
0 .3 ,0 .3 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,8 8 0 6 9 ,7 ,8  
0 .6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 0 0 8 3 ,6 ,8  
0 . 6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,6 0 0 7 7 ,6 ,8  
0 . 6 ,0 .6 ,0 .3 ,0 .3 ,5 0 0 0 ,1 0 0 0 0 ,4 7 6 2 9 ,5 ,8  
0 . 5 ,0 . 5 ,0 . 5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,6 2 2 9 3 ,7 ,8  
0 . 5 ,0 .5 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,6 2 2 9 9 ,7 ,8  
0 .5 ,0 .5 ,0 .5 ,0 .5 ,5 0 0 0 ,1 0 0 0 0 ,5 0 5 0 3 ,7 ,8
1 . 0 .1 . 0 .0 . 5 .0 .5 .5 0 0 0 .1 0 0 0 0 .7 7 0 8 7 .6 .7
1 . 0 .1 . 0 .0 . 5 .0 .5 .5 0 0 0 .1 0 0 0 0 .7 7 0 8 1 .6 .7
1 . 0 .1 . 0 .0 . 5 .0 .5 .5 0 0 0 .1 0 0 0 0 .4 8 6 7 3 .5 .6

, 7 ,8 ,9 ,p lb ) ; 
, 7 , 8 , 9 ,p i c ) ; 
,6 ,9 ,1 0 ,p ld )  
,6 ,9 ,1 0 ,p ie)
8 .9 .1 0 ,p l f )
8 .9 .1 0 ,p 2 a )
8 .9 .10 ,p 2b )
8 .9 .1 0 ,p 2 c )
8 .9 .10 ,p 2d )
8 .9 .1 0 ,p 2 e )
6 .9 .1 0 ,p 2 f)  
10,p3a) 
10,p3b) 
10,p3c)
10 ,p3d) 
10,p3e) 
10 ,p 3f)  
10,p4a) 
10,p4b) 
10,p4c) 
10,p4d) 
10,p4e) 
9 ,p 4 f );

proc p r in t;  
run;
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Week Subject Treatment Sequence R ep lica tio n  Cmax AUC
1 1 1 1 1 10.61 40.13
2 1 1 1 2 11.85 45.62
3 1 2 1 1 9 .38 43.34
4 1 2 1 2 8 .52 53.05
1 2 1 1 1 6 .5 4 34.54
2 2 1 1 2 7 .53 34.24
3 2 2 1 1 8 .03 39.3
4 2 2 1 2 8 .42 28.66
1 3 1 1 1 6 .8 2 33.3
2 3 1 1 2 6 .87 39.85
3 3 2 1 1 8 .7 4 35.78
4 3 2 1 2 8 .0 4 42.13
1 4 1 1 1 10.02 72.52
2 4 1 1 2 12.44 70.15
3 4 2 1 1 8 .2 9 64.33
4 4 2 1 2 18.23 93.55
1 5 1 1 1 7 .9 4 27.53
2 5 1 1 2 9 .4 8 30.92
3 5 2 1 1 5 .92 24.12
4 5 2 1 2 6 .0 8 22.87
1 6 1 2 1 6 .7 4 28.77
2 6 2 2 1 7 .6 9 34.83
3 6 2 2 2 4 .24 21.38
4 6 1 2 2 4 .3 6 19.55
1 7 1 2 1 8 .14 33.25
2 7 2 2 1 10.87 39.26
3 7 2 2 2 11.89 35.56
4 7 1 2 2 6 .15 22.85
1 8 1 2 1 5 .3  33 .09
2 8 2 2 1 6 .0 3 33.09
3 8 2 2 2 2 .26 16.04
4 8 1 2 2 4 .0 3 19.55
1 9 1 2 1 3 .85 18.67
2 9 2 2 1 6 .1  24 .44
3 9 2 2 2 4 .1  29 .61
4 9 1 2 2 3 .1 2 20.51
1 10 1 2 1 6 .1 4 28.89
2 10 2 2 1 7 .3 8 32.74
3 10 2 2 2 6 .7 6 30.06
4 10 1 2 2 7 .7  32 .42
1 11 2 3 1 5 .87 36.82
2 11 2 3 2 5 .15 24.5
3 11 1 3 1 6 .6  28 .83
4 11 1 3 2 6 .7  26 .41
1 12 2 3 1 10.03 53.19
2 12 2 3 2 9 .0 2 47.59

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



284

3 12 1 3 1 8.82 37.71
4 12 1 3 2 7.23 41 .8
1 13 2 3 1 7.89 27.95
2 13 2 3 2 4.25 24
3 13 1 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 14 1 3 1 3.65 24.24
4 14 1 3 2 5.01 21 .5
1 15 2 3 1 6.58 37.49
2 15 2 3 2 8.33 45.96
3 15 1 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 16 1 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 18 1 4 1 3.99 17.57
3 18 1 4 2 2.99 15.48
4 18 2 4 2 3 .1  14 .94
1 19 2 4 1 6.91 39.77
2 19 1 4 1 7.86 33.83
3 19 1 4 2 4.71 22.75
4 19 2 4 2 5.12 24.17
1 20 2 4 1 12.8 52.82
2 20 1 4 1 11.1 47.39
3 20 1 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 S tate 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 usually the ca se  
in bioequivalence studies. Adapting the ideas of Kass and Wolfinger (2000), we use the PRIOR statement in 
PROC MIXED to approximate the distribution of the population bioequivalence param eter @ p b e , from which we 
can construct tests based either on the probability of the upper tail region {i.e., P r ( e PBE >© o)), or on the one­
sided upper 95% confidence bound of © p b e ,- We show that this test can conclude population bioequivalence 
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 alternative given by McNally et at 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 bioequivalence 
studies included the assessm ent of population and individual bioequivalence, in addition to average 
bioequivalence. Two formulations of the sam e 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 pt-pr 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 
nam e drug to a generic product would receive the sam e 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, w hereas in Hyslop et at, the 
summary statistics are independent. It appears that, when observations within a subject are highly correlated, 
which is usually the case  in bioequivaience 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, Iyer, and Mathew (2001). 
This approach applied the generalized p-value (GPV) methodology introduced by Tsui and Weerahandi (1989). 
Using the GPV, McNally et a l were able to develop a  more powerful test for the PBE criterion, although 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 Carlo 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 statem ent 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
Sequence 1 T R T R
Sequence 2 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

Y ijU=Pk + Yikl + hi[k + fc'ijki (1)

where i=1,2 is the sequence number, j=1 ..n; is the j,n subject in sequence i, k=T,R is the treatment, and 1=1,2 is 
the replicate number. That is to say, Yqu is the response of subject j in sequence i receiving replicate I of 
treatment k. The fixed effect of treatm ent k is pk. and the fixed effect of cell ikl is y.m. The random subject 
effect is qijk, and the random within-subject effect is Eijw. The random subject effect has a bivariate normal 
distribution for each subject with a  zero mean vector and the following covariances

Var(qijT)=o2BT Var(qijR)= o2bh Cov(qifr, hp)=p obtobr

The within-subject effect has a normal distribution with mean 0 and variance o2wk (k is the treatment). This is 
the statistical model used by both Hyslop ef al and the FDA guidance document for analyzing PBE and IBE 
data. For details on this model, se e  Chinchilli and Esinhart (1996).

The FDA test for PBE is based on the following summary statistics

UijT=(YijTi+Yi,T2)/2 UjR=(YiiRi+Yi|n2)/2
Vi|T=(YijTi-YijT2)/V2 VijR=(YijRi-Yi|R2)/V2

The problem with the FDA test arise with the joint distribution of Ui|t and Up; they have covariance pobtobr, so 
that they are independent only when p=0. Now Hyslop el aI (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

5 2 2 2

Wpbe = ----------------------------------------------- (2)
maxCo^.CTo)

where 5=m-pR, (^n^o^BT+cVr and o2tr=o2br-hj2wr. By ignoring the dependence noted above, the FDA test 
appears to put much too high of a  bound on linear combinations involving c^bt and c^br, so that the FDA test is 
very conservative. The same is true of the test based on the confidence intervals developed by Quiroz et al 
(2001). McNally ef al (2001) solved this problem by decomposing the covariance matrix of the joint normal 
distribution of the (Uip-.Up) 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 sam e 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 independence 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. Therefore, we can 
implement MCMC by sampling directly from the posterior distribution of the random effects. Once a  se t of a  
random effects is generated, they can be plugged into a  multivariate normal likelihood to generate random 
realizations of the fixed effects. In other words, the posterior of the fixed effects is the likelihood 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 estimated 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 ef 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 estim ates are the sam e (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 a t odds with regulatory reluctance to assum e 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 Tierney (1994) for a  good 
overview of MCMC methodology, including rejection sampling and, in particular, the independence chain.
Model (1) is a special case  of the general linear mixed model

y=X0 + Zy + e (3)

where y is a vector of observed responses, X is the design matrix corresponding to the fixed-effects parameter 
vector p, Z is the design matrix corresponding to the random-effects parameter vector y, and e is the residual 
error vector. We assum e that y and e 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 P. 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 general covariance matrix. Let 6 be the vector of 
variance components, i.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 
(P.y.G) is

W.Y.QIyMMo.yMoiy) W

The basic procedure is to simulate the density fl(6|y) of the variance components using an independence chain, 
then, conditioning on 9, to simulate from /(P,y|8,y) a s  a multivariate normal distribution. We assume, with 
Wolfinger and Kass, that p has a uniform prior f(P)=1. Now

/(0|y)oc/(y|0)/(0) (5)

is the posterior on 9. The prior distribution 1(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(O) 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 components, 
f(8|y). 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(8|y), by taking the 
product of the inverted gamma densities from step 2.

4. Use an independence chain to generate a pseudo-random sample from f(9|y).
5. Given sampled values for the variance components, use the multivariate normal distribution to 

generate observations for the mean [r.e., fixed] parameters.

In the independence chain algorithm (step 4), MCMC proposals are drawn from a  fixed based sampling density 
g(8|y). 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 population bioequivalence 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. F ora general function T(0,8) of the mixed model parameters, if Ho:T(0,8)>To is the null 
hypothesis, then we can compute an estimate of the 95-percentiie 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(0,8). An alternative is to compute the area of the 
extreme or tail region, i.e., D(X)=Pr(T(j3,0)>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 ef al based their test of population bioequivalence. Calculations of this type are not generally accepted 
by Bayesians, but Rubin (1984) defended this type of test procedure a s  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 1C ALGORITHM IN PROC MIXED
The following is the SAS® code used to implement the 1C algorithm.

daca parmcrans,- 
inpuc covpl-covp5; 
cards;
2 0 0 1 0 
0 2 0 0 0 
0 0 2 0 1 
0 0 0 1 0 
0 0 0 0 1

run;

proc mixed data=mph; 
class treatment;
model lnauc=treatment gammal-gamma6 / 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;
theta0=((log(1.25)) " 2  *  0.02)/s_0;
thetap= ( (estl'estl) -covpl+covp3 -covp4+covp5) /max(covpl>covp4 , s_0) ;
psi=(thetap gt thetaO);
ru n ;

proc univariate data=pbe;
var thetap psi;
run;

The first data step is needed so that PROC MIXED uses the proper transformation of the covariance 
parameters. The default action is for the procedure to generate this transformation automatically. For 
balanced random-effects models, the coefficients of this transformation are those of the estimated mean 
squares. In general, these transformations are the M!VQUE(0) equations, normalized by dividing through by 
the coefficient of the residual effect. But in the population bioequivalence 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- 
gamma€ are indicator variables that must be created in a  data step. Since the model (1) has a m ean effect for 
each treatment, there are estimability conditions on the gam mas. Chinchilli and Esinhart have the details on 
these conditions. Using cype=un in the RANDOM statem ent gives the method of moments estim ates for the 
variance components in this design. The group=treatment option in the REPEATED statem ent 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 statem ent is 
needed so that estimates of the 8 parameter in (2) will be included in the MCMC samples. Here the 
ESTIMATE statem ent options request a  90% confidence interval for the estimate of 5. This is considered 
equivalent to the two one-sided tests for average bioequivalence of Schuirmann (1987).

The PRIOR statem ent 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 daca =<daca sec>. An example of a  user-specified prior is given in Wolfinger and Kass. 
The user can also specific a flat prior, /(0)=1, in which case  the posterior used to generate the MCMC 
samples for the variance component is the likelihood function. We have also specified the following options on 
the PRIOR statem ent. 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 a s  the 
independent chain is the default. The nsample=l0e4 statem ent specifies that 10000 MCMC sam ples be 
generated and put into the bayes data se t specified in the out= statement. The default number of samples Is

R eproduced  with permission of the copyright owner. Further reproduction prohibited without permission.



1000, but Wolfinger and Kass recommend 10000 samples in order to get more accurate results. We follow the 
progress of the sam ple generation using the Iognote=i0e3 option, which causes a m essage to be printed on 
the LOG for every 1000 samples generated. W e 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=5, c o v p l^ e n ,  covp2=pobtcbr, covp3=o2BT, covp4=o2WR, 
and covp5=o2wT, which can be used to calculate estimates of the population bioequivalence criterion (equation 
(2)). We then use PROC UNIVARIATE to compute the percentiles of the population bioequivalence function 
and the posterior-predictive p-value.

EXAMPLE: METHYLPHENIDATE
Meyer et al (2000) studied the individual bioequivalence of brand nam e and generic versions of 
methylphenidate (better known by the brand nam e Ritalin™), which was evaluated using the method of Hyslop 
et aI (2000), whose methodology is recommended by the FDA. McNally et at (2001) also examined the 
individual and population bioequivalence of these of these drug formulations. In examining the 
pharmacokinetic metric Area Under the concentration-time Curve (AUC), McNally ef al 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 seem ed 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, on=4.1570, 012=3.1467, 022=2.9777 for the inverted Wishart, 
a=8 and (3=0.4150 for the inverted gamma corresponding to o*wr, and a=8 and (3=0.2723 for the inverted 
gam ma corresponding to a 2**- The values of parameters of the inverted gamma distribution are, respectively, 
one-half the degrees of freedom for calculating the variance components and one-half 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), GCI), 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 conclude population bioequivalence from both methods. The FDA interval is on a 
different scale, which requires that the upper bound be less than 0 in order to conclude population 
bioequivalence, 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(8pBE>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 
sam e manner as conventional p-values to a s se ss  statistical hypotheses. Again, the values are similar and 
both lead credence to the belief that the 2 formulations of methylphenidate 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 bioequivalence.

SIMULATIONS
We did some small simulation studies to evaluate the statistical properties of the 1C testing methodology for 
population bioequivalence. The size of the test was evaluated by examining various points on the boundary of 
the null hypothesis for 6 subjects per sequence. For each se t of parameter values 500 sets of individual 
observations were generated. For each se t of observations, 2000 MCMC points were generated which were 
used to assess population bioequivalence. 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 results in this table are based on a  relatively small simulation samples. Therefore, the estimated sizes 
should be treated a s  rough approximations. However, it is clear from the above table that the size of the 1C 
test for population bioequivalence is slightly anti-conservative for a t least a good part of the parameter space. 
This is most notable when 5 is outside of the acceptable region for average bioequivalence (i.e., |S|>log(1.25)), 
as  was observed by McNally et al for the GPV test. The estim ated sizes are consistent with a result of Meng, 
that the size of a test based on the posterior predictive p-value has an upper bound of 2a, where a  is the 
nominal significance level of the test procedure.

Table 2. Estimated Size of IC Test for Population Bioequivalence n=6
5=0.2954 5=0

obt=0.2 <Jbt=0.1732 081=0.2 ctbt=0.3567
obr=0.2 obr=0.2 ctBr=0.1732 Obr=0.2
owt=0.1 awT=0.1414 cjwt=0.1 Owt=0.1

P CIWR=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

5=0.5907 5=0
obt=0.4 obt=0.3873 cbt=0.4 obt=0.7134
obr=0.4 Obr=0.4 obr=0.3873 Obr=0.4
owt=0-2 owt=0.2236 Owt=0.2 Owt=0.2

P owr=0.2 Owr=0.2 Owr=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 5=0
obt=0.6 Obt=1 .0701
obr=0.6 ®br=0.6

P Owt=owr=0.3 Owt=Cwh=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 5=0.05, obt=obr=0.3,0.46,0.6,1.0, 
owr=owR=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 bioequivalence in the sam e 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 a=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 T est for Population Bioequivalence 
______________________8=0.05

p

obt=(Jbr=0.3 Obt=<Jbr=0.46
owt=owr=0.15 0WT=OW/r=0.23
N Power N Power

0.9 6 0.805 6 0.803
0.95 6 0.843 6 0.866

P

cbt=obr=0-6 obt=obr=1 .0
owt=Owr=0.3 Owr= o wr=0.5

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 bioequivalence 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 sam e test to population 
bioequivalence, as the FDA has done, if not for the statistical dependence between the summary statistics.
The new bioequivalence 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 sam e 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 sam e 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 benef it 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 bioequivalence, which in turn is a  higher standard than average bioequivalence. This 
is the seeming inconsistency in the methylphenidate example. Meyer et al 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 sam e conclusion could be reached using the GPV method and 
even the confidence interval methodology of Quiroz et al (2001). It is troubling that we cannot used the FDA 
test to conclude population bioequivalence for the methylphenidate, and it seem s unlikely that this would be an 
isolated case, given what seem s to be overwhelming evidence (i.e., very low p-values and upper bounds much 
lower than the upper limit of © p b e ) in support of population bioequivalence that seem s to com e from the two 
test procedures that take statistical dependence into account, the GPV and the IC tests. Therefore, these tests 
would appear to be a significant improvement on tests, such as the FDA test, that assum e that summary 
statistics are independent.

We may go further to assert that assuming that U^t and Ui)R (the sums of observed values for the respective 
treatments within subjects) are independent goes against the rationale for using crossover designs to assess 
bioequivalence, that observations within a subject a re  highly correlated. Even in data se ts where we could not 
reject the null hypothesis [i.e., where we could not conclude bioequivalence), 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 problem. 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 te s t for population bioequivalence, the GPV or the IC 
algorithm? Both Tsui and Weerahandi (1989) and Meng (1994) cite examples where the GPV gives the same 
answer a s  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 sam ple 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  result 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 Bioequivalence

p

Obt=0br=O.3 obt=obr=0.46
Owt=Owr=0.15 Owt=Owr=0.23
N Power N Power

0.9 6 0.854 6 0.860
0.95 5 0.847 5 0.841

P

0bt=0br=O.6 Obt=Obr=1 .0f Q «r=0.3 Cwt=®wr=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 W eerahandi’s generalized confidence 
intervals). These conclusions may appear to be rash, especially a s  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 statistical 
properties of the IC test for population is probably warranted, similar to what McNally al al have done for the 
GPV test. An extensive examination of the use of informative priors in population and individual bioequivalence 
may also be useful, although informative priors may be regarded a s  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 bioequivalence 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 bioequivalence. 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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