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Abstract This study aims at mentioning briefly multiple

comparison methods such as Bonferroni, Holm–Bonfer-

roni, Hochberg, Hommel, Marascuilo, Tukey, Benjamini–

Hochberg and Gavrilov–Benjamini–Sarkar for contingency

tables, through the data obtained from a medical research

and examining their performances by simulation study

which was constructed as the total 36 scenarios to 2 9 4

contingency table. As results of simulation, it was observed

that when the sample size is more than 100, the methods

which can preserve the nominal alpha level are Gavrilov–

Benjamini–Sarkar, Holm–Bonferroni and Bonferroni.

Marascuilo method was found to be a more conservative

than Bonferroni. It was found that Type I error rate for

Hommel method is around 2 % in all scenarios. Moreover,

when the proportions of the three populations are equal and

the proportion value of the fourth population is far at a

level of ±3 standard deviation from the other populations,

the power value for Unadjusted All-Pairwise Comparison

approach is at least a bit higher than the ones obtained by

Gavrilov–Benjamini–Sarkar, Holm–Bonferroni and Bon-

ferroni. Consequently, Gavrilov–Benjamini–Sarkar and

Holm–Bonferroni methods have the best performance

according to simulation. Hommel and Marascuilo methods

are not recommended to be used because they have med-

ium or lower performance. In addition, we have written a

Minitab macro about multiple comparisons for use in sci-

entific research.

Keywords Contingency table � Multiple comparison �
Gavrilov–Benjamini–Sarkar � Holm–Bonferroni �
Marascuilo � Hommel

1 Introduction

When the null hypothesis which is established in appro-

priate Chi-square test results is rejected in R 9 C contin-

gency table, that is, if calculated P value smaller than

initially determined Type I error rate (say 5 %), there is a

significant relationship between the row and column vari-

ables. In this case, there is a need to determine rows or

columns that cause significant relationship [1, 2]. This

requirement is satisfied by multiple comparisons or post

hoc tests in statistics literature. The post hoc tests can be

categorized in terms of kept under control only Family-

Wise Error Rate (FWER) and False Discovery Rate (FDR)

which are different error rates. In multiple hypothesis tests,

a number of researchers argue to control FWER, while

another part FDR. Simulation studies in the literature are

intended to determine the best post hoc test. But because

the performances of these methods show differences in any

case, still it is seen that studies are continued in this field

[3–5].

In R 9 C tables to be significant relationship has same

meaning and same way interpreted with to be significant of

interaction in factorial analysis of variance models [6].

When the interaction is significant, the means of the levels
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of other factors are compared separately by post hoc test in

levels of each factor, while the relationship is significant

according to Chi-square test result, the comparions of

columns (or rows) are made separately in each rows (or

columns). But, the statistic compared here is proportion,

not average. Based on these similarities, it is seen that there

are various post hoc tests used in literature for contingency

tables, and it has seen that there are limited simulations or

numerical studies, which are intended to application of

multiple comparison methods and to compare their per-

formance [see: 2–12]. It is noticeable that only three of

these studies are the simulation study [5, 11, 12].

Usually, researchers prefer traditional approach to

determining differences between proportions when signif-

icant relationship is found as a result of Chi-square test.

One of these approaches is to compare in pairs to determine

rows or columns that are different in the contingency

table [13]. However, in this case because comparisons are

considered as independent, making the Type I error rate is

increasing. Other classic approach is to apply Standardized

and Adjusted Residuals Statistics (STAR) method [14]. In

this method, the interpretation of the normal probability

plots is getting quite harder with the increasing number of

cells to be tested. Against these classical methods, post hoc

tests described in this study are approaches that protect the

predetermined Type I error rate and are easily applicable.

Of the methods mentioned in this study, Benjamini–

Hochberg and Gavrilov–Benjamini–Sarkar (GBS) methods

control primary FDR, while Bonferroni, Holm–Bonferroni,

Hochberg, Hommel, Marascuilo and Tukey methods con-

trol only FWER.

The aim of this study is to mention briefly the all-pair-

wise multiple comparison tests, which are recommended

for use to determine significant differences between pro-

portions in contingency table, and to examine the perfor-

mance of these in terms of Type I error and power by a

simulation study. Our simulation study that is constructed

in the form of different scenarios unlike other studies will

be compared performances of the methods which control

both FWER and primarily FDR. Moreover, it has been

aimed to write a macro of methods which have good per-

formance in our simulation results. This macro will be used

effectively among applied researches.

2 Methodology

In literature, there are many multiple comparison proce-

dures that are classified differently. According to the

objective of the researcher, multiple comparison proce-

dures can be classified such as the all-pairwise multiple

comparisons (MCA), multiple comparison with the best

(MCB), multiple comparisons with a control (MCC) and

multiple comparisons with the mean (MCM). If two or

more groups are compared, MCA compares the pairwise

differences of group parameters (means or proportions,

etc.). MCB compares each group with the best of the other

groups. Also MCC compares the differences between the

mean (or proportion, etc.) of each groups and those of the

control. MCM compares the differences between the mean

of each groups and the overall mean of groups [15]. This

study includes only some MCA procedures.

Apart from this general classification, multiple com-

parison procedures can be categorized according to their

algorithm structure (single-step or stepwise), the distribu-

tion type of test statistic (marginal or joint), the feature of

adaptivity (adaptive or non-adaptive) and the type of error

which they primarily control (FWER, FDR). No matter

what the type of classification is, the main concern of

multiple testing is multiplicity problem. In other words, the

problem is that probability of making at least one Type I

error at the predetermined level increases quickly with the

increase in the number of hypotheses that are tested. There

are two main approaches in order to solve this problem.

According to the first approach, FWER, which can be

described as the probability of rejecting at least one

hypothesis mistakenly in a certain set of hypothesis, is

controlled when V is the number of false rejection [15]:

FWER ¼ PðV [ 0Þ.
According to the second approach, FDR, which can be

described as the expected rate of Type I errors among the

rejected hypothesis, is controlled [16]. FDR is the expected

value of the proportion of the number of falsely rejected

hypothesis to the number of rejected hypothesis (R):

FDR ¼ E V
R
R[ 0

� �
PðR[ 0Þ. If all the hypothesis tests are

true null hypothesis, k = m0. If all null hypothesis are true,

then FDR = FWER. When m0\k, FDR is equal to or

below FWER. When R = 0, FDR ¼ V=R ¼ 0=0 and it is a

special description in the calculation of FDR.

2.1 Multiple Comparison Methods in R 3 C Tables

This study includes only the MCA approaches of the most

commonly used in multiple comparison procedures litera-

ture. The methods of Holm–Bonferroni, Hochberg and

Hommel are the modified versions of Bonferroni test.

Holm–Bonferroni method is more powerful than simple

Bonferroni correction, and it is easy to use. It is one of the

marginal multiple comparison methods which use stepwise

algorithm for making simultaneous inference [17]. Hoch-

berg method is a closed form procedure developed from

Simes’ (1986) test. It is also known as the step-up version

of Holm–Bonferroni method [18]. The Hommel approach

is known as a closed test method, and it was developed

from Simes’ (1986) test [19]. Marascuilo method tests the
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differences between the proportions simultaneously [8].

Tukey method was first proved by Ryan [7] that it can be

used for proportion comparisons. Benjamini–Hochberg

method which use step-up algorithm is also known as

marginal multiple comparison procedure [16]. GBS

method is a simpler procedure developed by means of

revising the procedure of multiple-stage adaptive step-

down proposed by Benjamini–Krieger–Yekutieli (2006)

and based on the approach of Benjamini–Hochberg [3, 16].

The steps of algorithms for these methods were given

broadly in Supplementary A.

3 Application

3.1 Numerical Data

In order to make the implementation steps of the multiple

comparison methods and compare their results, we used the

data obtained from the diagnostic scale of attention-deficit/

hyperactivity disorders (ADH-D) which was applied to 261

students attending the 9th, 10th and 11th grades in science

high school Table 1).

With Fisher–Freeman–Halton test, it was found out that

there is a significant difference between the grades statis-

tically in terms of ADH-D. According to this result, in

order to determine between which grades the proportions

belonging to each category of ADH-D case are different,

Bonferroni, Holm–Bonferroni, Hochberg, Hommel, Tukey,

Marascuilo, Benjamini–Hochberg and GBS approaches

were performed, respectively.

3.2 Simulation Studies

3.2.1 Observed Type I Error Rate (When the Null

Hypothesis Is True)

Because the number of groups compared is usually

between 3 and 6 in medical studies, in our simulation study

the number of groups compared was taken as four (2 9 4)

in order to be compatible with numerical data set used in

this study. We applied the proposed procedures in this

study to the simulated 2 9 4 contingency tables, and we

compared the empirical Type I error and the empirical

power of six different multiple comparison procedures and

the individual test under different scenarios. These proce-

dures are Unadjusted All-Pairwise Comparisons (UAPC),

Adjusted All-Pairwise Multiple Comparisons (AAPMC)

such as Bonferroni, Holm–Bonferroni, Hommel, Maras-

cuilo and GBS. Among these methods, Bonferroni, Holm–

Bonferroni and Marascuilo control FWER. On the other

hand, Hommel method is one that also controls FWER but

is implemented on a step-by-step basis. And the method of

GBS is one of the newest methods which controls primarily

FDR and is implemented on a step-by-step basis. We have

considered controlling actual Type I error at 0.05 in all

procedures.

The proportions of the groups which are compared

within the scenarios determined for Type I error were

generated from multinomial distribution in a way to be

small (0.10), medium (0.50) and big (0.80). Moreover, the

sample sizes were determined to be 50, 100 and 500,

respectively, in order to examine the effect of small,

medium and large sample size on the results. Because each

proportion in a given sample was drawn from the same

underlying distribution, no significant differences were

expected and any that were found were attributed to Type I

error. Apart from that, the conditions when the number of

observations is equal in each group are considered in the

study because Type I error and power which are calculated

under these conditions give the best result. When the bal-

ance in terms of the numbers of observations in each group

is destroyed, these two tests start to give more poor results.

3.2.2 Power of Tests (When the Null Hypothesis Is False)

We planned that the proportion belonging to one of the four

groups which are thought to be compared to calculate the

power of the tests will be taken from a different population.

The proportions of the population which is different are

Table 1 Distribution of attention-deficit/hyperactivity disorder according to the grades

Attention-deficit/hyperactivity disorder (ADH-D) Grades Total

9th 10th 11th

n % n % n % n %

No evidence of ADH-D 1 1.02 5 5.62 1 1.35 7 2.68

Low-risk 5 5.10 5 5.62 4 5.41 14 5.36

Moderate-risk 79 80.61 64 71.91 40 54.05 183 70.11

High-risk 13 13.27 15 16.85 29 39.19 57 21.84

Total 98 100 89 100 74 100 261 100
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calculated in a way to be far away from the proportion of

population from which the other three groups have been

taken at a rate of ±1, ±2 and ±3 standard deviation (SD),

respectively. Moreover, the sample size was determined to

be 50, 100 and 500, respectively.

As a result in this simulation study, 9 hypotheses (sce-

narios) and 27 hypotheses (scenarios) were considered for

Type I error and power of tests, respectively. Each simu-

lation was done with 5000 repetitions. Summary of simu-

lation in this study is shown in Supplementary Table 1 and

Table 2. We used a macro that we wrote in Minitab pro-

gramme (ver. 16.) for simulation study. An example part of

the codes used to simulation is shown in Supplementary B–

C.

4 Results

4.1 Results of Numerical Data

When the data were evaluated, it was found that there is a

significant relationship between ADH-D and the grades; in

other words, the differences between the grades change in

accordance with ADH-D (Fisher–Freeman–Halton test

statistic = 21.041, P\ 0.001). According to this result, the

groups were compared for each ADH-D finding separately

and the question of which grades cause the difference to

come out was tried to be answered by means of multiple

comparison methods. The related results are given in

Table 2.

Among all the methods that were examined, it was

found that there is no significant difference statistically

between the grades when there is no finding of ADH-D and

the students with a low level of risk are in question. When

the ones which carry a risk of ADH-D at a medium level

are evaluated, according to the results of the methods

except for Marascuilo method, the frequency of ADH-D

cases at the 11th grade (54.1 %) is significantly less than

both the 10th (71.9 %) and 9th (80.6 %) grades. When the

category which carries a high level of ADH-D risk is

considered, the proportion of the 11th-grade students

(39.2 %) was found out to be significantly higher than 9th-

and 10th-grade students (13.3 %, 16.9 %). Besides, with

regard to the significance of difference between the pro-

portions compared under the same conditions, it was found

that the methods of Tukey, Bonferroni and Hommel are

similar and they determine the significance in a more dif-

ficult way. Under the same conditions, Holm–Bonferroni

and Hochberg methods are rejected the null hypothesis

more easily and their results are found similar. Among

these methods, the ones that find the significant differences

most easily are the methods of GBS and Benjamini–

Hochberg. Moreover, in the majority of the conditions

within medical example, Type I error rates calculated by

GBS and Benjamini–Hochberg methods were found to be

smaller than the value calculated according to the other

methods. In addition to this, if the Type I error rates cal-

culated by the methods of Bonferroni, Holm–Bonferroni,

Hochberg, Hommel, Tukey, Benjamini–Hochberg and

GBS are close to the critical alpha value and are found to

be significant, a significant result cannot be obtained from

the method of Marascuilo (Table 2).

4.2 Results of Simulation Studies

The results of simulation study gathered in relation with

Type I error in accordance with the scenarios in Supple-

mentary Table 1 are given in Table 3. The graph related to

the simulation results is shown in Supplementary Fig. 1. In

all the scenarios, Type I error rates gathered through UAPC

approach were found to be around 20 % (20.98–22.84 %).

In addition to this, when the sample size is 100 under all

conditions and the proportion value of each group is 0.50,

Type I error rates belonging to the tests except for GBS are

below 5 %. Moreover, when the proportion is around 0.50

in all groups, Type I error rate has been calculated to be

closest to the expected value. In other words, when the

group proportion values get closer to zero or one, Type I

error rate belonging to the tests is found to be lower than

expected. When the sample size is 100 and over, it was

observed that the methods which can preserve the level of

predetermined Type I error are GBS, Holm–Bonferroni and

Bonferroni. On the other hand, Marascuilo method was

found to be a more conservative test than Bonferroni

method. In other words, it rejects fewer hypotheses than

expected. In all the scenarios we have examined, it was

found that Type I error rate obtained by Hommel method is

around 2 % (1.14–2.30 %) and that the level of predeter-

mined error cannot be preserved. Hence, it can be said that

the three tests we have examined except for GBS and

Holm–Bonferroni methods are more conservative tests.

Moreover, Type I error rates were found to be less than the

expected value in small sample sizes.

The power values of multiple comparison procedures

obtained by different scenarios are given in Table 4 and

Supplementary Fig. 2. In all sample sizes, no matter what

the proportion of three populations is, when the proportion

of the fourth population is further away from these popu-

lations at a level of ±2 SD and more, it was found out that

the power values obtained by all the methods increase. It

was observed that when the proportion of the three popu-

lations is 0.10 and the proportion of the fourth population is

further at a level of ±3 SD, and when the sample size is

more than 100, the power value increases. When the pro-

portion of the three populations is 0.80 and the proportion

of the fourth population is further away at a level of ±2 SD
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Table 2 Multiple comparisons between grades in terms of attention-deficit/hyperactivity disorder

Attention-deficit/hyperactivity disorder (ADH-D) Pairwise comparisons of grades

9th versus 10th 9th versus 11th 10th versus 11th

TS P ~P TS P ~P TS P ~P

Bonferroni

No evidence of ADH 1.782 0.075a 0.225 0.211 0.833a 1.000 1.440 0.150a 0.450

Low-risk 0.157 0.876a 1.000 0.093 0.926a 1.000 0.060 0.952a 1.000

Moderate-risk 1.401 0.161a 0.483 3.928 <0.001a <0.001 2.406 0.016a 0.048

High-risk 0.687 0.492a 1.000 4.121 <0.001a <0.001 3.250 0.001a 0.003

Holm–Bonferroni

No evidence of ADH 1.782 0.075a 0.224 0.211 0.833c 0.833 1.440 0.150b 0.300

Low-risk 0.157 0.876a 1.000 0.093 0.926b 1.000 0.060 0.952c 1.000

Moderate-risk 1.401 0.161c 0.161 3.928 <0.001a <0.001 2.406 0.016b 0.032

High-risk 0.687 0.492c 0.492 4.121 <0.001a <0.001 3.250 0.001b 0.002

Hochberg

No evidence of ADH 1.782 0.075a 0.224 0.211 0.833c 0.833 1.440 0.150b 0.300

Low-risk 0.157 0.876a 0.952 0.093 0.926b 0.952 0.060 0.952c 0.952

Moderate-risk 1.401 0.161c 0.161 3.928 <0.001a <0.001 2.406 0.016b 0.032

High-risk 0.687 0.492c 0.492 4.121 <0.001a <0.001 3.250 0.001b 0.002

Hommel

No evidence of ADH 1.782 0.075a 0.411 0.211 0.833c 1.000 1.440 0.150b 0.412

Low-risk 0.157 0.876a 1.000 0.093 0.926b 1.000 0.060 0.952c 1.000

Moderate-risk 1.401 0.161c 0.296 3.928 <0.001a <0.001 2.406 0.016b 0.044

High-risk 0.687 0.492c 0.902 4.121 <0.001a <0.001 3.250 0.001b 0.003

Benjamini–Hochberg

No evidence of ADH 1.782 0.075a 0.224 0.211 0.833c 0.833 1.440 0.150d 0.225

Low-risk 0.157 0.876a 0.952 0.093 0.926d 0.952 0.060 0.952c 0.952

Moderate-risk 1.401 0.161c 0.161 3.928 <0.001a <0.001 2.406 0.016d 0.024

High-risk 0.687 0.492c 0.492 4.121 <0.001a <0.001 3.250 0.001d 0.002

Gavrilov–Benjamini–Sarkar

No evidence of ADH 1.782 0.075e 0.243 0.211 0.833g 1.000 1.440 0.150f 0.176

Low-risk 0.157 0.876e 1.000 0.093 0.926f 1.000 0.060 0.952g 1.000

Moderate-risk 1.401 0.161g 0.064 3.928 <0.001e <0.001 2.406 0.016f 0.016

High-risk 0.687 0.492g 0.323 4.121 <0.001e <0.001 3.250 0.001f 0.001

Tukey CV CV CV

No evidence of ADH 2.477 3.31 0.187 0.336 3.31 0.969 1.978 3.31 0.342

Low-risk 0.229 3.31 0.986 0.173 3.31 0.992 0.044 3.31 1.000

Moderate-risk 1.965 3.31 0.347 5.260h 3.31 <0.001 3.320h 3.31 0.0497

High-risk 0.963 3.31 0.775 5.521h 3.31 <0.001 4.509h 3.31 0.004

Marascuilo

No evidence of ADH 0.046 0.065 0.220 0.003 0.041 0.981 0.043 0.068 0.309

Low-risk 0.005 0.081 0.988 0.003 0.084 0.996 0.002 0.088 0.998

Moderate-risk 0.087 0.152 0.375 0.266h 0.172 <0.001 0.179 0.184 0.059

High-risk 0.036 0.128 0.791 0.259h 0.162 <0.001 0.223h 0.169 0.006

Bold values indicate a = 0.05

TS test statistic, CV critical value, P unadjusted P value, ~P adjusted P value, a ¼ 0:05
a a0 ¼ 0:017, b a0 ¼ 0:025, c a0 ¼ 0:05 , d a0 ¼ 0:033 , e a0 ¼ 0:016, f a0 ¼ 0:048, g a0 ¼ 0:130, h If TS[CV, it is significant
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and more, the power value increases in all the methods that

have been examined. When the proportion value of the

fourth population is further away at a level of ±1 SD no

matter what the proportion of the three populations is in all

sample sizes, the power value obtained by UAPC approach

is about 34 % (29.50–39.52 %). However, the power value

has been found to be around 9 % (5.40–14.28 %) in

adjusted procedures (except for Hommel). Moreover, it

was found that when the proportion of the fourth popula-

tion is far away at a level of ±3 SD, the power obtained by

the approach of UAPC is at least slightly higher than the

one obtained from adjusted procedures (GBS, Holm–

Bonferroni and Bonferroni). Only under this circumstance,

the methods which are the most powerful can be listed as

UAPC, GBS, Holm–Bonferroni and Bonferroni.

Consequently, it can be said that it would be true to

choose the adjusted procedures such as GBS and Holm–

Bonferroni in terms of preserving the predetermined Type I

error rate and its power.

5 Discussion

In this study, UAPC and AAPMC procedures which can be

used to compare more than two proportions and which

consider different types of error have been implemented on

numerical data set, and their performances have been

compared in terms of Type I error and power.

When literature is examined, there are limited number of

studies about implementing multiple comparison proce-

dures on R 9 C contingency tables, and especially com-

paring them by simulation studies. The first studies about

this topic were carried out by Ryan [7], Holland and

Copenhaver [9] and Westfall and Young [10]. The fact that

the studies with simulations are few in number is a great

disadvantage in terms of evaluating the performances of

the methods. Apart from this, in literature, it has been

impossible to come across a study about implementing

GBS, which is one of the newest multiple comparison

methods to control primarily FDR, on contingency

tables and comparing it with other methods. Moreover, any

simulation study cannot be found about Marascuilo

method, which is suggested in comparing more than two

proportions.

At the end of this study, it was found that Type I error rates

obtained by GBS and Holm–Bonferroni methods used for

comparing more than two proportions are closer to 5 % than

those of other methods. Moreover, Marascuilo method

Hommel method can be said to be conservative tests.

Although there are studies about practicability ofMarascuilo

procedure in comparing the proportion in literature [see: 6], a

simulation study which includes this method cannot be

found. Horne and Plaehn [12] achieved that the methods of

Hommel and Bonferroni give similar results in simulation

study. In our study, it was obtained that Hommel method is a

more conservative test than Bonferroni method.When Oden

et al. [5] examined the performances of Hochberg, Bonfer-

roni, Hommel, Shaffer (S1, S2) and Pairwise Closed proce-

dures in terms of Type I error (proportional, minimal) in the

analysis of 2 9 2, 2 9 3 tables, they stated that all the

methods could control FWER, but when compared to other

methods, Type I error rate for Bonferroni method is further

from the value of 5 %. They found that the method which is

closest to the expected value in terms of proportional FWER

is Pairwise Closed. When we compare our findings with the

results of the study carried out by Oden et al. [5], it was

observed that the examined common methods have given

different results in terms of Type I error.Kimet al. [11] found

that Bonferroni, Benjamini–Hochberg, Storey and Efron

methods are more powerful when the number of significant

Table 3 Observed overall Type I error probabilities of multiple comparison tests used in simulation study

Sample size Proportions in each group

(Pi for i = 1, 2, 3, 4)

Observed overall Type I error (%)

Unadjusted

all-pairwise

comparisons

Bonferroni Holm–Bonferroni Hommel Marascuilo Gavrilov–Benjamini–

Sarkar

50 0.10 21.24 3.08 3.34 1.14 2.26 3.50

0.50 22.84 3.72 3.85 2.14 2.80 4.11

0.80 21.92 3.64 3.88 1.68 2.60 3.90

100 0.10 21.52 4.26 4.30 1.86 2.52 4.32

0.50 22.34 4.76 4.86 2.20 2.86 5.04

0.80 20.98 4.08 4.14 1.88 2.92 4.16

500 0.10 21.20 4.30 4.40 1.88 2.96 4.45

0.50 21.72 4.80 4.88 2.30 2.90 4.92

0.80 21.00 4.26 4.28 1.92 2.86 4.54
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Table 4 Observed power values of multiple comparison methods for 27 simulation scenarios

Multiple comparison methods Proportion values of three population (P1, 2, 3) P4 away from P1, 2, 3 Sample size

1 SD 2 SD 3 SD

Power (%)

Unadjusted all-pairwise comparisons 0.10 33.48 51.28 71.00 50

29.50 50.04 70.22 100

39.52 58.08 88.14 500

0.50 35.16 62.44 86.52 50

33.36 56.80 82.82 100

38.70 62.72 85.58 500

0.80 32.96 71.46 97.08 50

31.30 61.52 96.74 100

32.46 64.26 90.40 500

Bonferroni 0.10 8.80 19.30 36.46 50

7.00 19.64 38.46 100

14.28 26.98 65.76 500

0.50 8.54 26.30 59.48 50

9.00 23.96 55.00 100

12.98 30.66 58.06 500

0.80 8.10 35.16 81.12 50

8.22 29.38 69.06 100

9.88 33.66 70.18 500

Holm–Bonferroni 0.10 8.52 19.78 36.48 50

7.30 18.50 39.90 100

13.62 27.04 65.20 500

0.50 9.08 27.54 59.44 50

8.60 24.60 54.26 100

13.04 31.86 58.24 500

0.80 8.90 34.88 82.44 50

9.52 29.00 68.20 100

9.50 33.36 71.54 500

Hommel 0.10 3.60 10.36 25.80 50

3.72 10.98 27.94 100

7.50 18.16 53.52 500

0.50 5.58 18.38 46.92 50

4.52 17.00 43.02 100

7.36 21.44 46.28 500

0.80 4.22 23.44 66.78 50

4.36 19.78 56.40 100

4.84 22.38 60.06 500

Marascuilo 0.10 5.80 15.86 32.52 50

5.40 15.52 34.38 100

11.20 21.40 59.40 500

0.50 9.02 25.28 55.86 50

6.12 19.88 47.80 100

9.64 24.40 52.76 500

0.80 8.44 33.02 75.00 50

6.08 23.84 63.62 100

7.24 25.82 66.32 500
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hypotheses increases. On the other hand, according to the

results of our study, the distances given in the units of stan-

dard deviation decrease when the sample size increases since

standard deviation is inversely proportional to the sample

size. Under this circumstance, as the sample size increases,

the proportion of the different sample gets closer to the

proportions of the other sample. Because of this reason, the

powers of the tests do not increase at an important level as the

sample size increases. Westfall and Young [10] imple-

mentedmultiple comparison procedures to the smallest three

unadjustedPvalueswhichwere chosen among the 24Fisher’

exact test results. When they compared tests in terms of

adjusted P values, they decided that Bonferroni method is a

more conservativemethodwhen compared to themethods of

Sidak, Boostrap and Permutation style.

When simulation results were assessed, Type I error value

was calculated to be around 20 % by UAPC approach, but

this value was found to be 5 % lower than the result obtained

through the formula of (1 - (1 - a)k(k-1)/2) included on the

topic in literature. In terms of adjusted procedures’ capability

of preserving Type I error rate, they were found to be better

than the approach of UAPC, like the findings of Cangur and

Ankarali [20].

When observed power values obtained from the meth-

ods are evaluated in this study, power values of tests were

found to be high when the proportion of three populations

is equal in all sample sizes and the proportion of the fourth

population is far away at a level of ±2 SD and more.

However, under these conditions, power values for the

methods of GBS, Holm–Bonferroni and Bonferroni except

for UAPC were found to be higher than those of the other

methods and calculated to be around 80 % on average. The

expected power of the tests was stayed around 80 %

because the power values were calculated under the

condition when only one group shows a significant dif-

ference. On the other hand, it is an expected result that the

power values obtained from UAPC approach were found to

be around 95 %. This is because the fact that Type I error

rate of this approach is found to be high is interpreted as

finding a significant difference more than necessary in

comparisons. According to these results, we think that it is

important biologically, but in the small sample size we

have difficulty in finding the difference, UAPC approach is

recommended for comparisons. At the end of the simula-

tion study, Oden et al. [5] found out that Pairwise Closed

method is more powerful than the other methods they had

examined. Moreover, they found that Hommel method is

more powerful than Bonferroni method. On the other hand,

they stated that Bonferroni procedure is less powerful than

the other methods. Accordingly, it is confirmed that the

some findings of Oden et al. [5] are compatible with the

results of our study. Ryan [7] showed the application the

methods of Adjusted Significance Levels and Tukey on a

sample data set in terms of comparing proportions, and

stated that Tukey method is obtained smaller interval val-

ues in terms of significance, and so it is a bit more powerful

than the method of Adjusted Significance Levels. On the

other hand, when the results of the sample data set are

evaluated in this study, the results of the Tukey method

have been found to be similar to the results of Bonferroni

procedure. However, the generalizability of the results

obtained from a single sample is weak. On the other hand,

Horne and Plaehn [12] showed in their simulation study

that Tukey method is at least slightly more powerful than

Bonferroni procedure.

According to the results of this study, GBS and Holm–

Bonferroni methods are recommended to be used because

they preserve the predetermined Type I error rate in

Table 4 continued

Multiple comparison methods Proportion values of three population (P1, 2, 3) P4 away from P1, 2, 3 Sample size

1 SD 2 SD 3 SD

Power (%)

Gavrilov–Benjamini–Sarkar 0.10 8.62 19.82 35.80 50

7.04 18.58 38.18 100

12.92 27.36 65.60 500

0.50 8.14 25.88 60.14 50

8.58 25.30 55.82 100

12.82 30.16 57.50 500

0.80 8.32 34.56 82.82 50

8.78 28.32 69.38 100

10.18 32.98 71.60 500

SD standard deviation
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contingency tables and they display a better performance in

terms of power. On the other hand, Hommel and Maras-

cuilo methods are not recommended to be used as they

have a performance that is at the level or even below

average. Although Marascuilo method is preferred or

suggested to be used in terms of comparing proportions in

literature [6], this study has showed that this method has a

poorer performance.

Moreover, the number of proportions which were

compared in applied studies has been observed generally to

range from 3 to 6. Because of this reason, we use the results

of comparisons belonging to four proportions (2 9 4 table)

that have been given in our simulation study to have it shed

light on applied researches. But we cannot use other

2 9 c tables, especially for c[ 10. In addition, the results

of 2 9 4 table can be generalized to 2 9 3, 2 9 5, and

2 9 6 tables. Also, when the results are examined, it can be

said that these results can be generalized for more pro-

portion comparisons. In addition, our study is different

from other studies and is of great importance in that one of

newest methods controlling primarily FDR as well as

FWER has been chosen and included in our simulation

study. Moreover, we have not come across the modules of

the procedures suggested in our study in common package

programs. Because of this reason, preparing a macro rela-

ted to the usage of multiple comparisons procedures of

GBS and Holm–Bonferroni is an innovation for the field of

implementation.
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