
209

Educational

Forum

Bioequivalence: An overview of statistical conceptsBioequivalence: An overview of statistical conceptsBioequivalence: An overview of statistical conceptsBioequivalence: An overview of statistical conceptsBioequivalence: An overview of statistical concepts
S. Rani, A. Pargal*

ABSTRACT

Bioequivalence (BE) means the absence of a greater-than-allowable difference between the sys-

temic bioavailability of a test product and that of a reference product. Studies to test the BE of drug

products, and the statistical basis for their design, analysis and interpretation, have evolved over

the last two decades. A crossover design is preferred over a parallel-group design as it segregates

the inter-subject variation (which is not product-dependent) from the intra-subject variation (which

is product-dependent). The value of testing two one-sided null hypotheses of non-equivalence at a

significance level of 0.05, and the importance of estimating a 90% confidence interval of the ratio

(test/reference) of mean AUC and C
max

 values, and of the difference between mean T
max

 values, are

now recognized and form the current standards for BE. The number of subjects required for a BE

study with the desired power (at least 0.80) and significance level (0.05), depends on the expected

deviation of the test product from the reference product and the error variance associated with the

bioavailability parameters (AUC, C
max

, T
max

 etc.) of the drug substance. At present, according to the

Indian regulatory authority, the number of subjects required to conduct a BE study is 12 which is

inadequate for most drug substances by the current international standards and criteria. This review

expounds the foregoing principles of BE testing.
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Introduction

Current international regulatory authorities1-3 require that

the final quality judgment of an oral dosage form be based on

its in vitro dissolution profile and its in vivo bioavailability and/

or bioequivalence evaluation. The latter is based on the premise

that the concentration of the drug in the systemic circulation

is at equilibrium with the concentration of the drug at the site

of action and that the therapeutic effect of the drug moiety is

a function of its pharmacodynamic-pharmacokinetic relation-

ship.

Bioequivalence gained increasing attention during the last

40 years after it became evident that marketed products hav-

ing the same amounts of the drug may exhibit marked differ-

ences in their therapeutic responses. Generally, these differ-

ences were well correlated to dissimilar drug plasma levels

caused mainly by impaired absorption. Several examples il-

lustrating this phenomenon are available in the literature, for

example, researchers correlated the bioavailability and clini-

cal effectiveness of USP thyroid products,4-6 digoxin,7,8 tolb-

utamide,9,10 prednisone11,12 and phenytoin.13 Now a consider-
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able body of evidence has accumulated indicating that drug

response is better correlated with the plasma concentration

or with the amount of drug in the body than with the dose

administered. Consequently, on the basis of simple

pharmacokinetic concepts and parameters, bioavailability and

bioequivalence studies have been established as acceptable

surrogates for expensive, complicated and lengthy clinical tri-

als, and are used extensively worldwide to establish and en-

sure consistent quality and a reliable, therapeutically effec-

tive performance of marketed dosage forms.

Bioavailability reflects the extent of the systemic availability

of the active therapeutic moiety and is generally assessed by

measuring the ‘area under the concentration time curve’ (AUC),

the peak plasma concentration (C
max

) and the time to reach

C
max 

(T
max

). The extent of the systemic availability is determined

by the extent of drug absorbed from the site of administra-

tion, and is influenced by the drug, the dosage form and the

interaction of these with the complex environment of the ab-

sorption site. For a drug that obeys linear pharmacokinetics,

the AUC and C
max

 values increase proportionately with the

dose.14 Consequently, if two formulations / dosage forms of
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the same drug exhibit comparative AUC values, they are con-

sidered to have similar systemic availability. The bioavailability

of an oral dosage form or a drug is generally compared with

an intravenous solution (100% standard), to determine the

absolute bioavailability.

In case of drugs which obey non-linear kinetics, the changes

in AUC and C
max

 values are not proportional to the dose ad-

ministered.14 This is because either one or more of the proc-

esses which handle the drug i.e. absorption, distribution, me-

tabolism and excretion are saturated i.e. their capacity has

been exceeded within the therapeutic concentration range of

the drug (substrate). In this situation, the plasma-concentra-

tion-time profile cannot be used as an indicator of absolute

bioavailability. The latter has to be then assessed by measur-

ing the extent of the drug and its metabolites excreted in the

urine.

The comparative bioavailability assessment of two or more

formulations of the same active ingredient to be administered

by the same route is termed bioequivalence. Bioequivalence

studies compare both the rate and extent of absorption of vari-

ous multisource drug formulations with the innovator (refer-

ence) product, on the basis that if two formulations exhibit

similar drug concentration-time profiles in the blood/plasma,

they should exhibit similar therapeutic effects. For an unap-

proved generic dosage form to be marketed and accepted as

therapeutically equieffective to the innovator product, it must

establish bioequivalence with the innovator product, in vivo.

Bioequivalence studies provide a quality control tool to moni-

tor production and manufacturing changes.

Three situations have thus been defined in which

bioequivalence studies are required (i) when the proposed

marketed dosage form is different from that used in pivotal

clinical trials, (ii) when significant changes are made in the

manufacture of the marketed formulation and (iii) when a new

generic formulation is tested against the innovator’s marketed

product.

The design, performance and evaluation of bioequivalence

studies have received major attention from academia, the

pharmaceutical industry and health authorities over the past

two decades. In this article we would like to provide an over-

view and walk you through the evolution and synthesis of the

key statistical analysis concepts, as applied to bioequivalence

studies.

General concepts of study design

As recommended by the US FDA (1992),1 in most

bioequivalence trials, a “test” formulation is compared with

the standard/innovator “reference” formulation, in a group of

normal, healthy subjects (18-55 yr), each of whom receive both

the treatments alternately, in a crossover fashion (two-period,

two-treatment crossover design), with the two phases of treat-

ment separated by a “washout period” of generally a week’s

duration, but may be longer (a minimum time equivalent to 5

half-lives) if the elimination half-life of the drug is very long.

The treatment is assigned to each subject, randomly, but an

equal number of subjects receive each treatment in each phase,

as depicted in Table 1. Thus, in case of two treatments A and

B, one group gets the treatment in the order AB, and the sec-

ond group in the reverse order. This is done to avoid the oc-

currence of possible sequence or period effects.15 A similar

allocation is done in case of a three-treatment crossover de-

sign (three-period, three-treatment crossover design).

For several drugs a great inter-subject variability in clear-

ance is observed. The intra-subject coefficient of variation (ap-

proximately 15%) is usually substantially smaller than that

between subjects (approximately 30%), and therefore, crosso-

ver designs are generally recommended for bioequivalence

studies.16,17

The primary advantage of the crossover design is that since

the treatments are compared on the same subject, the inter-

subject variability does not contribute to the error variability

(discussed in detail in the next section). If the drug under in-

vestigation and/or its metabolites have an extremely long half-

life, a parallel group design may be indicated. In a parallel

group design, subjects are divided randomly into groups, each

group receiving one treatment only. Thus, each subject receives

only one treatment (Table 1). In a parallel design, although

one does not have to worry about sequence, period or carry

over effects, or dropouts during the study, the inter-subject

variability being very high, the sensitivity of the test is consid-

erably reduced, thus requiring a larger number of subjects

compared to a crossover design, to attain the same sensitiv-

ity.

Inherent in both the crossover and parallel designs are the

three fundamental statistical concepts of study design, namely

randomization, replication and error control.18,19 Randomization

implies allocation of treatments to the subjects without selec-

tion bias. Consequently, randomization is essential to deter-

mine an unbiased estimate of the treatment effects. Replica-

tion implies that a treatment is applied to more than one ex-

perimental unit (subject) to obtain more reliable estimates than

is possible from a single observation and hence provides a

more precise measurement of treatment effects. The number

of replicates (sample size) required will depend upon the de-

gree of differences to be detected and inherent variability of

Table 1

Crossover design and parallel group design with 12 subjects

Crossover design Parallel group design
with 12 subjects with 12 subjects

Vol. No. Period 1 Period 2 Treatment Treatment
A* B*

1 B* A* 1 2

2 A B 3 4

3 B A 7 5

4 B A 9 6

5 A B 10 8

6 A B 11 12

7 B A

8 A B

9 B A

10 B A

11 A B

12 A B

* Treatment allocated to subjects
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the data. Replication is used concomitantly with error control

to reduce the experimental error or error variability.

Analysis of variance (ANOVA)

The various pharmacokinetic parameters (AUC, C
max

) de-

rived from the plasma concentration-time curve are subjected

to ANOVA in which the variance is partitioned into compo-

nents due to subjects, periods and treatments. The classical

null hypothesis test is the hypothesis of equal means,

H
0 
: µ

T
=µ

R
 (i.e. products are bioequivalent), where µ

T 
and µ

R

represent the expected mean bioavailabilities of the test and

reference formulations, respectively. The alternate hypothesis

therefore is 
 
H

1 
: µ

T
 ≠ µ

R 
(i.e. products are bioinequivalent). For

a crossover trial with n subjects and t treatments, the ANOVA

takes the form as shown in Table 2.

Table 3 illustrates the dependence of error variability in

ANOVA on the study design. Suppose two treatments T
1
 and T

2

are to be compared using a group of subjects. There are two

ways of designing the experiment: (i) Design 1 (parallel group

design): divide the subjects into two groups and assign one

treatment to each group and; (ii) Design 2 (crossover design):

consider each subject as a block and then apply both the treat-

ments to each block (subject) on two different occasions. In a

parallel group design, only the variability due to the treatment

is separated out, whereas in the crossover design, variability

due to treatment, block (subject) and period are separated

out from error variability. Consequently, the error sum of

squares (SSE) is greater in the parallel design for a specific

sample size (Error sum of squares in Design 1 (SSE
1
) =

 
Error

sum of squares in Design 2 (SSE
2
) + 

 
(subjects sum of squares)

SSS
2 
+ (periods sum of squares) PSS

2 
. As degrees of freedom

for SSE are the same in both the designs (for two-treatment

case), the error mean sum of square for Design 1 (MSE
1
) will

be greater than the error mean sum of square for Design 2

(MSE
2
),18 i.e. error variability is greater in the parallel group

design compared to the crossover design.

In ANOVA, the mean sum of squares due to a factor is

compared with the mean sum of squares due to error (e.g. F=

MST / MSE), and if these are comparable, no difference be-

tween the levels of a factor is concluded, otherwise a differ-

ence is concluded. Suppose there is a difference in treatments

i.e. the treatment mean sum of squares is larger than the er-

ror mean sum of squares. Then the chances of the treatment

mean sum of squares being larger than the error mean sum of

squares are more in Design 2 compared to Design 1, since

MSE
2
 < MSE

1
.
 
Therefore, chances of showing a statistically

significant difference (when actually there is a difference) are

higher in Design 2 compared to Design 1. This is equivalent to

saying that Design 2 is more powerful than Design 1. This re-

veals how the power of a test is influenced by the design of the

experiment.

In ANOVA, the ratio of the formulations’ mean sum of

squares to the error mean sum of squares gives an F-statistic

to test the null hypothesis H
0 
: µ

T
=µ

R
 . This provides a test of

whether the mean amount of drug absorbed from the test for-

mulation is identical to the mean amount of drug absorbed

from the reference. The test of this simple null hypothesis of

identity is of little interest in bioequivalence studies, since the

Table 3

A comparison of ANOVA for parallel group design and 2-treatment, 2-period crossover design with n subjects

Design 1 Design 2

Sources Sum Degree of Mean sum F Sources Sum Degree of  Mean sum F
of of squares freedom of squares Statistic of of squares freedom of squares Statistic

variation (SS) (DF) (MS) variation (SS) (DF) (MS)

Between SST1 1 MST1 MST1/MSE1 Between SST2 1 MST2 MST2/MSE2

treatments treatments
Between SSS2 na-1 MSS2

blocks
(subjects)
Between SSP2 1 MSP2

periods
Error SSE1 na - 2 MSE1 Error SSE2 n-2 MSE2

Total n - 1 Total 2n-1

an is number of subjects

Table 2

Analysis of variance (ANOVA) table for t-period, t-treatment
crossover design

Sources of Degree of Sum of Mean sum F
variation freedom squares of squares Statistic

(DF) (SS) (MS)

Treatment ta-1 SST MST MST/MSE
Subject nb-1 SSS MSS MSS/MSE

Period t-1 SSP MSP MSP/MSE

Error (t-1)(n-2) SSE MSE

Total tn-1

at is number of treatments
bn is number of subjects

SST-Sum of squares due to treatments; SSS-Sum of squares due to subjects;
SSP-Sum of squares due to period; SSE-Sum of squares due to error; MST-
Mean sum of squares due to treatments; MSS-Mean sum of squares due to
subjects; MSP-Mean sum of squares due to period; MSE-Mean sum of squares
due to error
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answer is always negative. This is because we cannot expect

the mean amounts of drug absorbed from two different for-

mulations or two different batches of the same formulation to

be identical. They may be very nearly equal, but not identical.

Also, if the trial is run under tightly controlled conditions (re-

sulting in a small error mean sum of squares in the analysis)

and if the number of subjects is large enough, no matter how

small the difference between the formulations, it will be de-

tected as significant.

Thus the detection of the difference (which as indicated

above, will always exist) becomes simply a function of sample

size, and since the probable magnitude of the difference is the

critical factor, this gives rise to two anomalies:

1. A large difference between two formulations which is

nevertheless not statistically significant if error vari-

ability is high and/or sample size not large enough.

2. A small difference, probably of no therapeutic impor-

tance whatsoever, that is shown to be statistically sig-

nificant if error variability is minimal and/or sample

size adequately large.

The first case suggests a lack of sensitivity in the analysis,

and the second an excess of it. Consequently, any practice that

increases the variability of the study (sloppy designs, assay

variability and within formulation variability) would reduce the

chances of finding a significant difference and hence improve

the chances of concluding bioequivalence.

The FDA20 therefore, recognized that a finding of no statis-

tical significance in the first case was not necessarily evidence

of bioequivalence and consequently asked for a retrospective

examination of the power of the test of null hypothesis. Spe-

cifically, it was mandated that the test of equivalence have at

least an 80% power of detecting a 20% difference between   µ
T

and µ
R 
(the 80/20 rule), where 20% was apparently arbitrarily

chosen to represent the minimum difference that could be re-

garded as of therapeutic importance. However, there was no

such criterion for the second case, and consequently if a very

small difference was shown to be statistically significant, the

conclusion that the difference was negligible and that the for-

mulations could be considered bioequivalent was based solely

on clinical judgment. It was therefore realized that the testing

of the simple null hypothesis was inadequate and inappropri-

ate and what was needed was not a test of whether the two

formulations were identical but some degree of assurance that

the mean amount of drug absorbed using the test formulation

was close to the mean amount absorbed in case of the refer-

ence. The test hypothesis therefore, needed to be reformu-

lated.

Another argument which favored an alternate approach to

ANOVA for bioequivalence determination was the magnitude

of the manufacturer’s risk versus the consumer’s risk. Manu-

facturer’s risk is defined as the probability of rejecting a for-

mulation which is in fact bioequivalent. In other words, the

manufacturer’s risk is the probability (α) of rejecting  H
0 
 when

H
0 
 is true (Type I error), and this risk was fixed at α=0.05 by

the FDA (1977).20 Similarly, the consumer’s risk is defined as

the probability (β) of accepting a formulation which is

bioinequivalent, i.e. accepting H
0
 when H

0
 is false (Type II er-

ror). By introducing the requirement that the power (1-β) of

the test should be 80%, the FDA sought to restrict the con-

sumer’s risk “β” to 20%. This, however, was not a satisfactory

solution for either the consumer or the regulatory agencies. In

a regulatory environment, it makes sense that the regulatory

authorities control the consumer’s risk and let the pharma-

ceutical company decide how much manufacturer’s risk they

are willing to accept. As indicated, neither of these risks are

formally identified or controlled when using the ANOVA F-test

for treatments, even with the 80/20 rule.

Also the FDA guidelines1 for bioavailability studies state

that “Products whose rate and extent of absorption differ by

20% or less are generally bioequivalent”. This implies that in

the case of bioequivalence studies the interest is not in test-

ing the null hypothesis of equality but in assessing the differ-

ence in two treatments. Bioequivalence is concluded if this

difference is within 20% of the reference mean.

To overcome these issues, the bioequivalence problem was

dealt with two different ways. One approach was the testing

of the hypothesis and another was estimation i.e. confidence

interval approach.

Hypothesis testing approach

In applying the statistical hypothesis testing, the hypoth-

esis to be tested must be stated properly. The hypothesis test-

ing paradigm requires that the hypothesis one desires to prove

must be stated as the alternative hypothesis; one rejects the

null hypothesis in favor of the alternative hypothesis if the

evidence is sufficiently strong against the null hypothesis. As

suggested by Hauck and Anderson21 (1984), the objective of

the bioequivalence trials might be incorporated into the fol-

lowing interval hypotheses:

or

⇔ H
0
: Products are bioinequivalent

Vs (1)

⇔ H
1
: Products are bioequivalent,

where                                                                         is the

allowable range for bioequivalence. They gave a test statistic

for this hypothesis. It was also shown that if degrees of free-

dom are small, the true level of significance is always greater

than the nominal level α i.e. consumer’s risk is more than 5%.

Therefore, this method could not get appreciation in the sta-

tistical methodology of bioequivalence testing.

In 1987, Schuirmann22 proposed the two one-sided t-tests

procedure for bioequivalence. It consists of decomposing the

interval hypotheses H
0 
 into two sets of one-sided hypotheses

and applying two separate t-tests as follows:

and (2)

The null hypotheses (H
01

 and H
02 

) of bioinequivalence will

be rejected i.e. test and reference formulations will be con-

Rani S, et al.
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H
1 
: -δ < µ

T
 - µ

R
 < +δ

±δ[-0.20µ
R
(= -δ), +0.20µ

R
(= +δ)]

H
0 
: µ

T
 - µ

R
 ≤ -δ H

0 
: µ

T
 - µ

R
 ≥ +δ

H
01 

: µ
T
 - µ

R
 ≤ -δ

H
11 

: µ
T
 - µ

R
 > -δ

H
02 

: µ
T
 - µ

R
 ≥ +δ

H
12 

: µ
T
 - µ

R
 < +δ
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cluded as bioequivalent or µ
T
  and µ

R
 are equivalent (for a

balanced study) if

or (3)

where s is the square root of the MSE from the crossover

design ANOVA, n is number of subjects per period, t
1-α(v)

 is the

critical value of  t at α =0.05 in the upper tail of the Student’s

t-distribution with degrees of freedom ν where ν = the number

of degrees of freedom associated with the MSE.

Surprisingly, now in FDA’s guidelines, we do not have a

statement regarding power.

As is clear from Equations 1 and 2, the hypothesis is now

reformulated as:

H
0
 : Products are bioinequivalent

H
1
 : Products are bioequivalent

Hence,

α = Probability [Reject H
0
 when H

0 
is true]

   = Probability [Conclude bioequivalence when products

are bioinequivalent]

= Consumer’s risk

β = Probability [Accept H
0
 when H

0
 is false]

= Probability [Conclude bioinequivalence when prod-

ucts are bioequivalent]

= Manufacturer’s risk

Power = 1- β
The roles of α and β have been interchanged. Therefore,

once α is fixed at 0.05 i.e. the consumer’s risk is restricted to

5%, the agency leaves the pharmaceutical industry to deter-

mine the extent of the manufacturer’s risk. Consequently, in

the FDA’s guidelines, there is no mention of power. However,

the manufacturer’s risk can be minimized by an adequate sam-

ple size.23

Confidence interval approach

Westlake24 was the first to suggest the use of confidence

intervals as a bioequivalence test to evaluate whether the mean

amount of drug absorbed using the test formulation was close

to the mean amount absorbed in case of the reference. The

first question that arises then is what is a confidence interval

(C.I.) and what does it signify? This is exemplified by the 95%

[(1-α)%] C.I. for the difference in AUC’s of the test and refer-

ence formulations, which is given by the equation (AÛC
T
-AÛC

R
)

+ SE
D
t

0.05(2),v
, where AÛC

T
 and AÛC

R 
are the estimates of  the

mean AUC for the test and reference formulations, respec-

tively;  SE
D
 is the standard error of (AÛC

T
 - AÛC

R
), t

0.05(2),v
 is the

critical value of t at α = 0.05 (for the two sided t - test), with

v degrees of freedom. This C.I. implies that we are 95% confi-

dent that these two limits, referred to as the lower and upper

confidence limits, will cover the true value of the difference.

The quantity (1-α) which is equal to 0.95, since α=0.05 in this

example, is referred to as the confidence level or confidence

coefficient. A C.I. thus expresses the precision of the sample

statistic of interest (in this example the statistic is the mean

difference between AUCs), and as the precision increases (by

a decrease in the variability or standard error) the C.I. be-

comes narrower.

Westlake24 (1972), Metzler25 (1974) and Kirkwood26 (1981)

proposed the construction of a (1-α) C.I. (k
1
,k

2
) for the differ-

ence in population mean parameters of bioavailability (µ
T
-µ

R
)

where α is typically 0.05. The decision rule was to accept

bioequivalence with the inclusion of this C.I. into the

bioequivalence range where the bioequivalence range is given

by [-0.20µ
R
(=-δ),+0.20µ

R
(=+δ)]. This C.I. is symmetric about

zero. This method, however, had some inaccuracies, and a

refinement of this procedure was described in 1976,27 but this

rather unorthodox procedure had the effect of increasing the

manufacturer’s chances of demonstrating the equivalence of

the test formulation.

In 1981, Westlake28 attempted to modify his C.I. approach

and decided to put the proposed rule for the acceptance of

bioequivalence on the same logical basis as the FDA’s well-

established rule for the acceptance of efficacy in the clinical

trial of a new drug entity. He argued that in efficacy trials one

is generally attempting to demonstrate the efficacy of a new

drug by testing against a placebo, and traditionally this is done

at a significance level of α=0.05. This indicates that the regu-

latory agency is ensuring that if the drug is really the same as

the placebo, then there is only a low probability, 0.05, that it

will be approved. Also, since the drug would never be approved

for being less efficacious than the placebo, the test and its

critical region is one-sided. If a similar policy is adopted for

bioequivalence, then if the difference in the means of the two

formulations is δ, where ±δ is the allowable range for

bioequivalence, then the probability that the (1-α) confidence

interval falls within ±δ should be acceptably small (say 0.05).

In other words, in a borderline case, the probability of accept-

ing the new formulation as bioequivalent to the reference

should be small. However, if a (1-α) C.I. is constructed, this

probability is very low (less than α/2). This results in increas-

ing the corresponding manufacturer’s risk (β), i.e. the chances

of declaring bioequivalent products as bioinequivalent increase

(this is because statistically if one error (α) decreases, then

the other (β) increases and vice versa). Consequently, to main-

tain the parallelism with the FDA’s requirement for efficacy

testing, he proposed that one should use the (1-2α) or 90%

C.I. instead of the 95% confidence interval.

The inclusion of the 90% C.I. in the bioequivalence range

turns out to be same as the rejection of both null hypotheses

at nominal α (=0.05) level by two one-sided t-tests. Thus even

though they both overlap in meaning, both the approaches are

usually adopted.

Logarithmic transformation of bioequivalence
parameters

Bioequivalence studies measure and compare statistically

AUC, C
max

 and T
max

 of the formulations. In case of AUC and

C
max

, the regulatory authorities1-3 recommend that they should

Bioequivalence: An overview of statistical concepts
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be logarithmically transformed before further statistical analy-

sis. The use of log transformed values for AUC and C
max

 is

recommended for several reasons:

(i) Clinical rationale: In a meeting in September 1991, the

Generic Drugs Advisory Committee (GDAC)29 concluded that

the primary comparison of interest in a bioequivalence study

was the ratio rather than the difference between average pa-

rameter data from the test and reference formulations. This is

achieved statistically by using log transformation;

(ii) Pharmacokinetic rationale: In the crossover design, the

usual assumption is that the observation is a function of addi-

tive effects due to subject, period and treatment. But

pharmacokinetic equations are of multiplicative character, for

example, AUC = Clearance-1.f.dose, where 0 < f < 1 denotes

the fraction absorbed. The multiplicative term “clearance” can

be regarded as a function of the subject. Consequently, Westlake

contended that the subject effect is not additive if the data is

analyzed on the original scale of measurement. Taking loga-

rithms transforms this pharmacokinetic equation into an ad-

ditive model equation: ln AUC = -ln Clearance + ln f + ln

dose, where ln denotes the natural logarithm. Similar argu-

ments are given for C
max

. Log transformation of C
max

 data re-

sults in additive treatment of the Volume of distribution “V”;

(iii)Statistical rationale: Many biological data correspond

more closely to a log normal distribution. AUC and C
max

 tend

to be skewed and their variances increase with the means.

Log transformation makes the variances independent of the

mean and the frequency distribution is made more symmetri-

cal.

The third measure of bioavailability, T
max,

 poses a some-

what different problem. What makes T
max

 different is the dis-

creteness of its measurement, as well as the fact that it is

measured with an error that will depend on the study’s sam-

pling times. While Hauck and Anderson contended that none

of the statistical procedures available for use in the analysis

of bioequivalence studies appear to be appropriate for T
max

,

Westlake has suggested that a C.I. on the difference of the T
max

for standard and test formulations following an ANOVA on the

untransformed data seems appropriate. However, the regula-

tory agencies1-3 recommend that differences in T
max

 be evalu-

ated by non-parametric tests (Wilcoxon signed rank test,

Wilcoxon rank sum test) on the untransformed values (addi-

tive model).

Bioequivalence range

For a broad range of drugs, the US FDA has used a range

of 80-120% for the 90% C.I. of the ratio of the product aver-

ages as the standard equivalence criterion, when the study

data are analyzed on the original scale. This corresponds to a

range of ± 20% for the relative difference between product

averages. This argument did presume that one of the two prod-

ucts being compared is clearly identified as the reference and

is therefore the denominator of the ratio. This is important,

because with this (0.80-1.20) criterion, reversing which for-

mulation is the reference and which is the test can change the

conclusion as to whether the two formulations are equivalent.

When log-transformed data are used in the analysis of AUC

and C
max

, it is recommended to use 80-125% for the 90% C.I.

of the ratio of the product averages as the standard equiva-

lence criterion. Using a range of 80-125% for the 90% C.I. of

the ratio of averages has an advantage over the 80-120% cri-

terion, in that for the analysis of log-transformed data the prob-

ability of concluding bioequivalence is at a maximum if the

ratio of averages is in fact 1, i.e. exact equality. For the analy-

sis of log-transformed data with a criterion of 80-120%, the

maximum probability of concluding equivalence occurs when

the ratio of product averages equals approximately 0.98. Also,

in contrast to the ‘0.80-1.20’ range the ‘0.80-1.25’ range is a

multiplicative symmetric in the sense that 1.25 = (0.80)-1, and

the conclusion will not depend on the choice of reference for

the denominator. Consequently, regulatory agencies prefer the

equivalence criterion of 80-125% for the 90% C.I. of the ratio

of product averages. For marketing approval of a generic, how-

ever, this criterion does allow the test to be 25% greater than

the reference.

The ninth draft of the CPMP guidance3 on bioequivalence

studies adopted an equivalence range of (0.70-1.43) for the

C.I. of C
max

 ratio, where (0.7)-1 = 1.43. However, the final ver-

sion of the CPMP guidance states that for the C.I. of the C
max

ratio a wider acceptance range may be necessary than for the

C.I. of the AUC ratio. This recommendation reflects the expe-

rience that single concentrations, especially extreme concen-

trations like C
max

, generally have larger variation than inte-

grated characteristics like AUC. It has also been suggested

that the choice of the appropriate bioequivalence range should

be made on clinical grounds; thus for a drug with a narrow

therapeutic range, tighter limits may have to be considered,

e.g. ‘0.9-1.11‘ for the C.I. of the AUC ratio and ‘0.8-1.25‘ for

the C.I. of the C
max

 ratio.  With regard to C
max

, the US FDA

however maintains the ‘0.8-1.25’ range for the C.I. of the ratio

(for log-transformed data), while the Canadian Health Protec-

tion Branch considers the range ‘0.8-1.25’ for the point esti-

mate.

Current regulatory criterion of bioequivalence

At present, the regulatory authorities1-3 recommend analy-

sis of the data after logarithmic transformation for C
max 

and

AUC, and bioequivalence is concluded if either 90% C.I. for the

ratios of the bioavailabilities of the two formulations lies in

the bioequivalence range [δ
1
=0.80, δ

2
=1.25], where 90% C.I.

for the ratio is given by Exp        where

s is the square root of the MSE from the crossover design

ANOVA, n is number of subjects per period, t
0.05(1), v

 is the criti-

cal value of  t at α =0.05, and ν the number of degrees of

freedom associated with the MSE; or  when the left and right

sides of the Schuirmann’s t - test are both statistically signifi-

cant (P<0.05).

Sample size

According to the CPMP guidance,3 “the number of subjects

required is determined by the error variance associated with

the primary characteristic to be studied (as estimated from a

Rani S, et al.
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 ± s  2/nt

0.05(1),ν)
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pilot experiment, from previous studies, or from published

data), by the significance level desired, by the expected devia-

tion from the reference product and by the required power. It

should be calculated by appropriate methods and should not

be less than 12”. The equations for the approximate sample

size calculation for the two one-sided ‘t’ tests, by Liu and

Chow,30 for the additive model (untransformed data) are given

below (as power curves are symmetric, the formulae are given

only for ∇  ≥ 0):

for ∇ = 0 ,

for ∇ > 0,

where n = number of subjects required per sequence; CV

= co-efficient of variation

     δ = the bioequivalence limit

This equation can be interpreted as follows:

(i) ∇ , the minimum detectable difference between popula-

tion means: To detect a very small difference requires a larger

sample size, than if a large difference is to be detected; (ii) CV,

population variance: If the variability within samples is great,

then a larger sample size is required to achieve a given ability

of the test to detect differences between means; (iii) the sig-

nificance level α : If the test is performed at α low a, then the

critical value, tα,v
, will be large and a large sample size will be

required to achieve a given ability to detect a difference be-

tween means. That is, if a low probability is desired of com-

mitting a Type I error (i.e. falsely rejecting H
0 
), then large sam-

ple sizes are needed. Similarly, if we desire a low probability

of committing a Type II error, a large sample size is required.

The sample size calculations for the multiplicative (log-

transformed) model have been provided by Hauschke

et al 31,32 who gave the values of n for various values of %CV

and µ
T  

/µ
R
. Those values reveal that even for 15% CV (very

rare phenomena, usually %CVs are greater than 15%), the sam-

ple size needed to show bioequivalence for a ratio of 0.95 or

1.05 to attain 90% power is 16. However, according to the

Indian regulatory requirements, a bioequivalence trial can be

conducted in 12 subjects. On conducting the trial in 12 sub-

jects, suppose CV is 20%, the power of the test is less than

80% even when µ
T 
/µ

R
=1, i.e. manufacturer’s risk is greater

than 20% for similar products. It indicates that the sample

size of 12 is not adequate to show bioequivalence even if prod-

ucts are bioequivalent. Unquestionably, it is the manufactur-

er’s concern, but it is a waste of time and resources. There-

fore, the Indian regulatory requirement for the minimum

number of subjects should be modified.

Illustration

To illustrate, the statistical analyses of data from a two-

period two-treatment crossover bioequivalence trial were car-

ried out. The data and the results are presented in Tables 4, 5

and 6.

On using the formula given in the section “Current Regula-

tory Criterion of Bioequivalence”, the 90% C.I. is given by

(73.97, 111.40) for C
max

 and (88.61, 120.77) for AUC
0-∞.

Conclusion

There is far-reaching international consensus on the de-

sign, performance and data analysis of bioequivalence stud-

ies. The consolidation and harmonization of the methodology

has been reflected in the guidance of major health authorities

such as the European CPMP, the Canadian HPB and the US

FDA. There is, however, increasing awareness that some fun-

damentals of bioequivalence assessment need to be reconsid-

ered, such as (i) the single bioequivalence criterion for all drugs,

independent of the therapeutic window or the intra-subject

variability of the drug, and (ii) the differentiation between

Table 4

Cmax and AUC0-∞∞∞∞∞ values for reference and test formulations of a
drug

Reference Test

Vol no. Cmax AUC0-∞∞∞∞∞ Cmax AUC0-∞∞∞∞∞

(ng/ml) (ng.h/ml) (ng/ml) (ng.h/ml)

1 120.21 264.68 132.86 237.95

2 219.14 287.32 183.42 339.90

3 199.42 202.46 219.66 205.00

4 222.86 182.52 91.43 102.54

5 150.37 153.20 96.05 226.68

6 179.31 308.65 172.04 331.59

7 166.14 122.17 170.61 143.31

8 216.16 344.68 162.82 329.19

9 211.50 324.39 134.32 285.47

10 105.35 164.48 129.06 274.84

11 89.90 232.01 129.43 200.62

12 154.51 231.88 217.81 254.11

Table 5

ANOVA for Cmax (after logarithmic transformation)

Sources of variation DF SS MS F

Treatment 1 0.0562 0.0562 0.75
Subject 11 1.1526 0.1048 1.41

Period 1 0.0121 0.0121 0.16

Error 10 0.7449 0.0745

Total 23 1.9658
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Table 6

ANOVA for AUC0-∞∞∞∞∞ (after logarithmic transformation)

Sources of variation DF SS MS F

Treatment 1 0.0069 0.0069 0.16
Subject 11 2.1624 0.1966 4.62

Period 1 0.0011 0.0011 0.03

Error 10 0.4259 0.0426

Total 23 2.5963

n ≥ [tα,2n-2
 + tβ / 2,2n-2

]2 [CV / δ]2

n ≥ [tα,2n-2
 + tβ ,2n-2

]2 [CV /(δ − ∇ )]2
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switchability and prescribability when average bioequivalence

is measured. While prescribability implies prescribing a ge-

neric formulation to a first-time user (this is adequately ad-

dressed by existing bioequivalence determinations),

switchability is concerned with the equivalence issues of

switching individual patients already on the reference formu-

lation to a generic formulation.

In the future, there will be continued efforts toward achiev-

ing clinically and therapeutically relevant, cost-effective

bioequivalence assessment procedures, on a case-by-case

basis for each drug or classes of drugs. With the promise of

expanding opportunities for generic formulations in the im-

mediate future, there is also a need for all national regulatory

agencies, especially in the emerging markets, to align them-

selves as well as constantly update their regulatory approval

processes, in accordance with the current international think-

ing on the subject.
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