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Currently, methods for evaluation of equivalence under a matched-pair design use either
difference in proportions or relative risk as measures of risk association. However, these
measures of association are only for cross-sectional studies or prospective investigations,
such as clinical trials and they cannot be applied to retrospective research such as
case-control studies. As a result, under a matched-pair design, we propose the use
of the conditional odds ratio for assessment of equivalence in both prospective and
retrospective research. We suggest the use of the asymptotic confidence interval of the
conditional odds ratio for evaluation of equivalence. In addition, a score test based on
the restricted maximum likelihood estimator (RMLE) is derived to test the hypothesis
of equivalence under a matched-pair design. On the other hand, a sample size formula
is also provided. A simulation study was conducted to empirically investigate the size
and power of the proposed procedures. Simulation results show that the score test not
only adequately controls the Type I error but it can also provide sufficient power. A
numerical example illustrates the proposed methods.
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1. INTRODUCTION

To increase the efficiency of treatment comparisons, a matched-pair design is
often used in both prospective and retrospective clinical research. For example, to
reduce the number of subjects exposed to the new unproved treatments, a matched-
pair design is frequently used in prospective clinical trials. If the new treatment
can provide advantages, such as a better safety profile, reduction of cost, or easy
administration, assessment of the equivalence or noninferiority of the new treatment
in efficacy to a standard treatment is a more appropriate objective of the study. In
other words, the goal of the trial is to show that the efficacy of the new treatment
is no worse than that of the standard within a prespecified clinically meaningful
limit. Correlated binary endpoints are one of the most common responses obtained
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from the matched-paired design. Current methods for evaluation of equivalence or
noninferiority based on correlated binary endpoints include those proposed by Liu
et al. (2002) and Hsueh et al. (2001) for difference in proportions or those proposed
by Tang et al. (2003) for the relative risk defined as the ratio of proportions.

However, difference in proportions and relative risk are often used as measures
of risk association for comparing different treatments in prospective clinical trials,
but they cannot be applied to assess equivalence or noninferiority of risk or
disease outcomes in retrospective studies. On the other hand, odds ratio is the
most widely used measure of risk association that can be used in both prospective
and retrospective studies. In case-control studies using a matched-pair design, a
nonsignificant odds ratio with the corresponding confidence interval including 1
does not prove that the risk of the exposed subjects is equal or smaller than that of
the unexposed or control. Similarly, a significant odds ratio with the corresponding
confidence interval not including 1 does not imply that the risk of the exposed
subjects exceeds that of the control by a prespecified level. Therefore, in addition
to prospective clinical trials, equivalence or noninferiority is also an appropriate
and legitimate objective for assessment of risk or disease outcomes in retrospective
studies.

For the matched-pair design, the observed marginal odds ratio does not
provide an estimate of the population odds ratio. On the other hand, the conditional
retrospective odds ratio equals the conditional prospective odds ratio (Lachin,
2000). As a result, the conditional odds ratio is selected as one of the risk
measures for evaluation of equivalence and noninferiority in both prospective
and retrospective studies. In Section 2, the conditional odds ratio is defined for
prospective and retrospective studies, and noninferiority hypothesis is formulated
in terms of the conditional odds ratio. In Section 3, the procedure for the
noninferiority testing using the delta method for the conditional odds ratio is
suggested. In addition, an asymptotic score test based on the restricted maximum
likelihood estimator (RMLE) is derived for evaluation of noninferiority using
the conditional odds ratio. Furthermore, an approximate sample size formula is
provided. Simulation results are presented in Section 4. In Section 5, a numerical
example is given to illustrate the proposed procedures. Discussion and final remarks
are given in Section 6.

2. CONDITIONAL ODDS RATIO AND NONINFERIORITY HYPOTHESIS

For a cross-sectional or prospective study under the 1:1 match, each member
of samples’ matched sets consists of an exposed or treated subject and an unexposed
or control subject, and both exposed and control subjects are uniquely matched with
respect to a set of covariates. A clinical trial for evaluation of equivalence between
two diagnostic tests provides a typical example of the prospective matched-pair
design. The subjects in such a trial serve as his or her own control and receive
both the new (treated) and the standard (control) diagnostic tests. The primary
endpoints for evaluation of diagnostic tests are usually binary responses such as
sensitivity, specificity, or diagnostic agreement. It follows that each subject can be
classified according to the values of the binary responses from the two diagnostic
tests. Therefore, the results of N subjects can be presented in the 2× 2 table as given
in Table 1. On the other hand, for a matched-pair retrospective study, the sampling
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Table 1 Data structure 2× 2 table for a prospective matched-pair study

Unexposed (control)

Exposed (treatment) Response (1) Nonresponse (2) Total

Response (1) a �p11� b �p12� a+ b �p1+�
Nonresponse (2) c �p21� d �p22� c + d �p2+�

Total a+ c �p+1� b + d �p+2� N �1�

procedure is performed retrospectively in time. The selection of a case with the
disease and a set of covariates and the selection of a control without the disease
matching with the same set of covariates were performed first. Whether the case
and control had been previously exposed to the risk factor of interest or treatment
was then determined later. The results for the binary outcomes from a retrospective
matched-pair study can be summarized in Table 2. In Tables 1 and 2, a, b, c, and
d are observed numbers of pairs with outcomes �1� 1�, �1� 2�, �2� 1�, and �2� 2�,
respectively, where a and d are referred to the concordant pairs, and b and c are
called discordant pairs. In addition, let p11�q11�� p12�q12�� p21�q21�, and p22�q22� be
corresponding probabilities of the pairs.

The traditional unconditional observed marginal odds ratio from either
prospective or retrospective matched-pair design does not provide an estimate of
the unconditional population odds ratio for the general unselected population
(Lachin, 2000). However, for the prospective matched-pair design, the matched
exposed and unexposed pair members are sampled independently from their
respective population. Conditioned on the values of the covariates, pair members are
independent. Under the assumption of a constant conditional marginal odds ratio
for all values of the matching covariate, the conditional marginal odds ratio can be
expressed in terms of the ratio of the population averaged discordant probabilities
as Lachin (2000)

�pros = p12/p21� for prospective matched-pair design�

Similarly, the conditional marginal odds ratio for the retrospective matched-pair
design can be defined as

�retro = q12/q21� for retrospective matched-pair design�

Table 2 Data structure 2× 2 table for a retrospective matched-pair study

Nondiseased

Disease Exposed (1) Unexposed (2) Total

Exposed (1) a �q11� b �q12� a+ b �q1+�
Unexposed (2) c �q21� d �q22� c + d �q2+�

Total a+ c �q+1� b + d �q+2� N �1�
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Lachin (2000) further showed that the conditional retrospective odds ratio equals to
the conditional prospective odds ratio; hence, they are referred to as the conditional
odds ratio for the matched-pair design (i.e., � = �pros = �pros). As a result, under the
prospective or retrospective matched-pair designs, one should use the conditional
odds ratio because the traditional unconditional odds ratio is not an estimate of the
unconditional population odds ratio. Because a common conditional odds ratio is
used for evaluation of equivalence, for the sake of convenience, the setting in Table 1
for prospective matched-pair studies is used to illustrate the proposed methods. The
results obtained from the prospective matched-pair design can be equally applied to
the retrospective matched-pair studies. If the objective of a prospective clinical trial
is to verify whether the efficacy of the new treatment is no worse than that of the
standard treatment within a prespecified clinically meaningful margin �0, 0 < �0 < 1,
the hypothesis of equivalence can be formulated as

H0 � � ≤ �0 vs. Ha � � > �0� (1)

Hypothesis (1) can also be used to test whether the risk of a certain factor exceeds
a predetermined level. In this case, margin �0 can be set greater than 1. For the goal
of verifying whether the risk of a certain factor does not exceed a prespecified level,
the hypothesis can be expressed as

H0 � � ≥ �0 vs. Ha � � < �0� (2)

3. TEST STATISTICS AND SAMPLE SIZE

The conditional odds ratio � can be consistently estimated by the sample
proportions p̂12 = b/N and p̂21 = c/N for probabilities p12 and p21, respectively
(i.e., �̂ = b/c). It can be shown (Lachin, 2000) that asymptotically, ln��̂� = ln�b/c�
follows as a normal distribution with mean ln��� and variance �2

1, where

�2
1 = V�ln��̂�	 ≈ 1

N

(
1
p12

+ 1
p21

)
� (3)

and ln represents the nature logarithm.
Because the cell proportions provide consistent estimates of cell probabilities,

the variance can be estimated consistently as

�̂2
1 = V̂ �ln��̂�	 = 1

N

(
1
p̂12

+ 1
p̂21

)
= 1

b
+ 1

c
�

Hence, by Slutsky’s theorem (Serfling, 1980) asymptotically, the statistic

ZD = ln��̂�− ln��0�√
1
b
+ 1

c

� (4)

follows the standard normal distribution.
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Because nature logarithm is a monotonic function that transforms odds ratio
from a range of �0��� into �−����, the noninferiority hypothesis in Eq. (1) can
be reformulated in terms of the log conditional odds ratio as

H0 � ln��� ≤ ln��0� vs. Ha � ln��� > ln��0�� (5)

It follows that H0 in Eq. (4) is rejected, and the noninferiority of the new
treatment to the standard is concluded at the 
 significance level if ZD > z
, where z

is the 
th upper percentile of a standard normal variable. Equivalently, H0 in Eq. (1)
is rejected at the 
 significance level if the lower limit �1− 2
�100% confidence
interval for ln��� is greater than ln��0�, i.e.,

ln��̂�− z
�̂1 > ln��0�� (6)

The asymptotic variance of the delta method in Eq. (3) does not take the equivalence
margin into consideration and may have impact on the performance of the
procedure. To resolve this issue, a score test based on RMLE is proposed below.
Because the observed frequencies �b� c� N − b − c� follow a trinomial distribution
with probabilities �p12� p21� p11 + p22�, therefore, the likelihood function of the data
is given as

f�p12� p21� =
N !

b!c!�N − b − c�!p
b
12p

c
21�1− p12 − p21�

N−b−c�

When � = p12/p21, the log likelihood can be rewritten as

L��� p21� = b�ln���	+ �b + c��ln�p21�	+ �N − b − c��ln�1− �p21 − p21�	+ constant

where � is the parameter of interest and p21 is a nuisance parameter.
Therefore, the corresponding score functions can be shown as

U���� p21	 =
�L��� p21�

��
= b

�
+ �N − b − c��−p21�

1− �p21 − p21

and

Up21
��� p21	 =

�L��� p21�

�p21

= b + c

p21

+ �N − b − c��−�− 1�
1− �p21 − p21

�

It follows that the score statistic for noninferiority hypothesis (1) when � = �0
is given as

ZS =
U���0� p̃21	√
Var��0� p̃21�

= b − �0c

�0��0 + 1�

√
�0��0 + 1�

N p̃21

where p̃21 is the RMLE of p21 given at the boundary � = �0 and is equal to
�b + c�/�N��0 + 1�	.
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Hence, ZS reduces to

ZS =
b − �0c√
�0�b + c�

� (7)

When �0 = 1, ZS reduces to the well-known McNemar’s test statistic for
testing no association. The ZS statistic has an asymptotic standard normal
distribution under the null hypothesis. It follows that H0 in Eq. (1) is rejected
and the noninferiority of the new treatment to the standard is concluded at the 

significance level if ZS > z
.

For determination of sample size for evaluation of noninferiority, we consider
the following simple hypothesis

H0 � � = �0 vs. Ha � � = �1� (8)

where �0 < �1.
However, the hypothesis in Eq. (8) can be reformulated in terms of discordant

probabilities as

H0 � p12 − �0p21 = 0 vs. Ha � p12 − �1p21 = 0� (9)

Hence, the difference of the parameters under the null and alternative hypotheses
is given as � = p12 − �0p21 − �p12 − �1p21� = ��1 − �0�p21. Under the null hypothesis,
the variance of the test statistic is given as

�2
0 = V�p̂12 − �0p̂21 �p12 = �0p21	

= p21�0��0 + 1�
N

�

and the variance of the test statistic under the alternative hypothesis is given as

�2
a1 = V�p̂12 − �0p̂21 �p12 = �1p21	

= p21��1 + �20�− ��1p21 − �0p21	
2

N
�

It follows that the sample size required for power 1− 
 at the 
 nominal level
is given as

N =
[
z

√
p̄21�0��0 + 1�+ z


√
p21��1 + �20�− �p21��1 − �0�	

2

��1 − �0�p21

]2

(10)

where p̄21 is the asymptotic limit of p̃21 for large N under � = �1, and p̄21 is equal
to p21���1 + 1�/��0 + 1�	.

4. SIMULATION STUDY

A simulation study was conducted to investigate and compare the
performance of the empirical size and power between the delta method and
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score test for evaluation of the noninferiority hypothesis. Fortran 90 and IMSL
STAT/LIBRARY Fortran subroutines were used in the simulation study. To
investigate the impact of sample size, the magnitude of occurrence rate in the
control treatment or unexposed members, and the difference in the conditional
odds ratios under the null and alternative hypotheses, we chose N = 50, 100, 200,
and 500; p21 from 0.01 to 0.30 by an increment of 0.05, and �0 = 0�8, 0.9 with
corresponding �1 = 1�25, 1.11. For each of the 36 combinations, 10,000 random
samples were independently generated from trinomial distribution. If zero counts of
b and c were generated, a value of 0.5 is added to these cell frequencies. For a 5%
nominal significance level, a simulation study with 10,000 random samples implies
that 95% of empirical size evaluated at the equivalence limits will be within 0.04782
and 0.05218.

Table 3 presents the empirical Type I error for the noninferiority test. When
p21 is smaller than 0.1 or sample size is either 50 or 100, the empirical sizes of both
delta method and score test can fall below 0.04782. Therefore, when the incidence

Table 3 Empirical size (%) by simulation

Margin = 0�8 Margin = 0�9

p21 Sample size Score test Delta method Score test Delta method

0.01 50 0.42 0.01 0.04 0.00
100 1.79 0.09 0.60 0.12
200 3.82 0.96 2.72 0.91
500 4.95 3.71 4.62 3.31

0.05 50 4.61 1.87 3.42 1.35
100 4.95 3.80 5.34 3.95
200 5.00 5.00 4.87 4.68
500 5.19 4.42 5.13 4.86

0.10 50 5.36 4.18 5.19 3.82
100 4.63 4.29 4.84 4.71
200 5.66 5.12 5.42 5.20
500 5.07 5.07 4.51 4.44

0.15 50 5.13 4.73 5.06 4.72
100 5.05 5.00 4.99 4.71
200 5.20 4.61 5.05 4.98
500 5.40 5.32 4.98 4.89

0.20 50 4.96 4.36 5.01 4.90
100 5.59 5.09 5.06 4.80
200 5.47 5.06 5.35 5.31
500 5.17 4.16 4.42 4.42

0.25 50 4.32 4.21 4.89 4.44
100 5.77 4.77 5.10 4.91
200 4.84 4.84 4.82 4.67
500 5.21 5.21 5.04 5.04

0.30 50 5.29 5.28 5.09 4.78
100 5.00 4.57 5.08 5.01
200 4.91 4.79 4.72 4.72
500 5.03 5.02 5.34 5.34
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rate of the control treatment or unexposed member of the matched pairs is below
0.1 or sample size is small, both methods tend to be conservative. In addition,
under these combinations, the empirical size of both methods is smaller with more
stringent limit of �0 = 0�9 than that of a more liberal limit �0 = 0�8. For example,
when �0 = 0�9, the empirical size of the delta method can be as small as 0 for N = 50
and p21 = 0�01. Therefore, the delta method is very conservative when p21 ≤ 0�05
and sample size is fewer than 100. On the other hand, when p21 ≥ 0�10, almost all
empirical sizes of both methods are between 0.04782 and 0.05218. Therefore, both
methods can adequately control the size under the 5% nominal level when sample
size is at least 100 and p21 ≥ 0�10, although the delta method is conservative when
sample size is small and incidence rate of the control treatment is low.

Empirical powers obtained from the simulation study are presented in Table 4,
which shows the empirical powers of both methods are increasing function of
sample size, the incidence rate p21, and difference between �1 and �0. When p21 is
less than 0.10 and sample size is fewer than 100, the score test provides a better

Table 4 Empirical power (%) by simulation for �1 = 1�25

�0 = 0�8 and �1 = 1�25 �0 = 0�9 and �1 = 1�11

p21 Sample size Score test Delta method Score test Delta method

0.01 50 1�60 0�09 0�21 0�00
100 5�04 0�63 1�20 0�26
200 10�15 4�66 5�21 2�09
500 18�12 16�40 9�99 8�26

0.05 50 12�36 7�34 6�75 3�53
100 18�54 16�57 9�96 8�07
200 26�76 26�03 11�56 11�02
500 50�26 48�26 19�51 18�98

0.10 50 18�81 17�04 9�98 8�16
100 26�38 25�73 12�69 12�14
200 45�86 41�98 17�05 16�45
500 76�58 76�41 28�66 28�55

0.15 50 22�99 21�42 10�54 10�16
100 38�24 37�44 14�96 14�20
200 58�77 56�35 21�90 21�50
500 89�29 89�20 36�29 36�24

0.20 50 26�73 26�28 11�91 11�50
100 45�80 42�39 17�32 16�69
200 68�38 68�37 25�75 25�51
500 95�22 95�22 47�31 47�31

0.25 50 37�72 32�70 13�41 12�45
100 50�49 48�78 19�48 19�05
200 76�40 76�30 28�11 28�04
500 98�26 98�24 53�53 53�53

0.30 50 38�16 37�77 14�94 14�32
100 60�38 57�04 20�97 20�53
200 83�07 82�87 33�36 33�30
500 99�41 99�39 59�55 59�55
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Table 5 Sample size, empirical size (%), and power (%)

Score test Delta method

�0 �1 p21 Sample size Size Power Size Power

0.8 1.25 0.01 5586 4.93 79.46 4.86 79.28
0.05 1116 4.54 80.74 4.48 80.50
0.10 557 4.82 80.61 4.74 80.40
0.15 371 4.66 80.54 4.58 80.39
0.20 278 5.13 80.68 5.05 80.59
0.25 222 5.05 80.12 5.00 80.10
0.30 185 4.94 80.00 4.83 79.96

0.9 1.11 0.01 26455 4.51 80.22 4.50 80.18
0.05 5290 5.29 80.44 5.28 80.38
0.10 2644 5.10 80.64 5.09 80.61
0.15 1762 5.12 79.88 5.12 79.85
0.20 1321 5.20 79.40 5.20 79.36
0.25 1057 4.74 79.92 4.73 79.89
0.30 880 4.85 79.71 4.83 79.69

empirical power than the delta method. However, when p21 is greater than 0.05 and
sample size is at least 100, although the power of the score test is still numerically
larger than that of the delta method, the powers of the two methods are in fact
indistinguishable. On the other hand, under the same combination of sample size
and p21, the power for detecting a smaller difference between �1 = 1�11 and �0 = 0�9
is considerably less than a wider difference between �1 = 1�25 and �0 = 0�8.

Table 5 provides the required sample sizes calculated by Eq. (10) to achieve
80% power at the 5% nominal level for different combinations of p21, �1, and �0.

Figure 1 Empirical power curve of the score test and delta method for N = 557 and p21 = 0�1.
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Figure 2 Empirical power curve of the score test and delta method for N = 222 and p21 = 0�25.

In addition, the empirical size and power obtained by simulation with 10,000
random samples were also given in Table 5. As shown in Table 5, sample size is
a decreasing function of p21 and the difference between �1 and �0. In addition,
there is a huge variation in sample sizes. The sample size ranges from 185 for the
combination of p21 = 0.3, �1 = 1.25, and �0 = 0.80 to 26455 for the combination
of p21 = 0.01, �1 = 1.11, and �0 = 0.9. All empirical sizes of both methods for all
sample size are between 0.04783 and 0.05218, which indicates both delta method
and score test can adequately control the 5% nominal level. For a simulation with
10,000 replicates, the power provided by the sample size is significantly smaller
than 80% if the observed empirical power is less than 79.22%. All empirical
powers for all sample sizes by both methods are above 79.22%. In addition, the
empirical powers of all sample sizes by both methods are also under 81.00%. These
results show that Eq. (10) can adequately provide a sample size with sufficient
but no excessive power. The power curves for N = 557 and p21 = 0�1 with margin
�0 = 0�80 and for N = 222 and p21 = 0�25 with margin �0 = 0�80 are given in
Figs. 1 and 2 respectively. From Figs. 1 and 2, the power functions of both
methods are increasing function of the conditional odds ratio. The size at margin
�0 = 0�80 is about 0.05. Because the sample size of 222 and 557 can provide 80%
for their respective combinations, the power curves of the score test and delta
methods are overlapped on top of each other and indistinguishable as shown in
Figs. 1 and 2.

5. NUMERICAL EXAMPLE

Lachin (2000) presents the results of a retrospective matched case-control
study, originally given in Mack et al. (1976), to examine the association between
the use of conjugate estrogens and occurrence of endometrial cancer. The data are
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Table 6 The 2× 2 table of endometrial cancer and use of conjugated estrogen

No endometrial cancer

Endometrial cancer Conjugate estrogen (%) No conjugate estrogen (%) Total (%)

Conjugate estrogen 18 (28.57) 33 (52.38) 51 (80.95)
No conjugate estrogen 6 (9.52) 6 (9.52) 12 (19.04)

Total 24 (38.10) 39 (61.90) 63 (100.0)

Source: Lachin (2000).

given in Table 6. The case and control for each of 63 pairs were matched within
1 year of their ages. Suppose that in addition to investigating the existence of
association between the use of conjugated estrogen and occurrence of endometrial
cancer, we also want to verify that the odds of endometrial cancer among the users
of conjugated estrogen is at least twice as high as that among the nonusers. It
follows that �0 in hypothesis (1) is 2. Readers can verify that the point estimate
of the conditional odds ratio is 5.5 and its logarithm is 1.7047 with an estimated
asymptotic variance of 0.1970. Therefore, ZD is 2.2793, which is greater that z0�05 =
1�645. In addition, the lower limit of the 90% confidence interval for � is 2.65,
which is greater than the equivalence limit of 2. As a result, at the 5% significance
level, both test statistic ZD and the confidence limit approach of the delta method
reach the same conclusion that the odds of endometrial cancer among the users of
conjugated estrogen is at least twice as high as that of the nonusers.

On the other hand, the observed statistic of the score test ZD is 2.378, which is
also greater than 1.645. Therefore, both the score test and the delta method provide
the same conclusion at the 5% significance level. However, if �0 in hypothesis (1)
is 3, readers can verify that at the 5% significance level, score test and delta method
cannot conclude that the odds of endometrial cancer among the users of conjugated
estrogen is at least 3 times as high as that of the nonusers.

Suppose that the occurrence rate of endometrial cancer among the nonusers of
conjugated estrogen is 10% and we want to know the required sample size for 80%
power to test the hypothesis that the odds of endometrial cancer among the users
of conjugated estrogen is at least twice as high as that of the nonusers at the 5%
nominal level. In addition, �1 in the alternative hypothesis is assumed to be 5.5. It
follows that p21 = 0�1, �0 = 2, �1 = 5�5, z0�05 = 1�645, and z0�20 = 0�842. Substitution
of these figures into Eq. (10) yields a sample size of 57. If �1 decrease to 5, the
required sample size increases to 73.

6. DISCUSSION

Current methods for risk assessment under a matched-pair design are to
investigate the relationship of outcome with a certain risk factor through the
following hypothesis for association based on the conditional odds ratio:

H0 � � = 1 vs. Ha � � �= 1� (11)
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However, the above hypothesis can only perform a qualitative evaluation
of whether there is association between the risk of interest and exposure to the
potential risk factor. Therefore, results for testing hypothesis (11) cannot provide
a quantitative assessment of the magnitude of risk. Furthermore, with respect to
hypothesis (11), a large sample size can always declare statistical significance for
any minute difference without any clinical or practical meaning. On the other
hand, failure to reject the null hypothesis (11) does not prove that there is no
risk associated with the factor under investigation. Therefore, the concept of
noninferiority testing currently used in prospective clinical trials can be extended to
a quantitative evaluation of the magnitude of the risk. If the objective of the study
is to examine whether the risk of the exposed subjects exceeds a prespecified level,
then hypothesis (1) is the appropriate hypothesis. On the other hand, if the goal of
the research is to verify that the factor under study possesses no risk, then one needs
to prove that the conditional odds ratio does not exceed a predetermined margin by
hypothesis (2).

Determination of noninferiority or equivalence limits is the most critical
and yet the most difficult task for any noninferiority or equivalence tests. For
example, for assessing whether the risk of exposure to a certain risk factor
exceeds a prespecified level, if the affected population is large and the outcome
can be catastrophic, the noninferiority margin should be very tight. However,
noninferiority or equivalence limits should be determined jointly by clinicians,
epidemiologists, and statisticians. Furthermore, determination of noninferiority or
equivalence limits should consider many factors, such as the usage of treatment, the
efficacy of the standard treatment, the background risk of the unexposed control,
the seriousness of the outcome, the size of the targeted population, and feasibility
of the required sample size.

For the matched-pair design, methods have been proposed to test equivalence
and noninferiority based on correlated binary endpoints. These methods use either
difference in proportions or relative risk, which can only be applied to prospective
or cross-sectional studies and not to retrospective studies. To overcome this issue,
we suggest the use of the conditional odds ratio and propose the delta method and a
score test for evaluation of noninferiority hypothesis based on the conditional odds
ratio. Our proposed methods can be applied to both prospective and retrospective
studies. In addition, we also present a formula for determination of sample size.
Simulation shows that both delta method and the score test perform satisfactorily.
However, the methods we proposed are the large-sample methods. Therefore, when
sample size is small or the incidence rate of unexposed subjects is very low, the
proposed delta method and score test will tend to be conservative. The exact method
for noninferiority testing based on the conditional odds ratio for the small sample
size or a lower incidence requires further research.
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