
CHAPTER 12 – MULTIPLE COMPARISONS AMONG TREATMENT MEANS 
CONDENSED NOTES FROM HOWELL (2007) 

 
A significant F in an ANOVA is simply an indication that not all the population means are equal. 
It does not tell us which means are different from which other means. 
 
12.1 ERROR RATES 

The major issue in any discussion of multiple-comparison procedures is the question of the 
probability of Type I errors. Recall that a Type I error is rejecting a null hypothesis (H0) when in 
fact it is true. Most differences among alternative techniques result from different approaches to 
the question of how to control these errors. The problem is in part technical; but it is really much 
more a subjective question of how you want to define the error rate and how large you are 
willing to let the maximum possible error rate be. 
 
ERROR RATE PER COMPARISON (PC) 

Error rate per comparison (PC) is the probability of making a Type I error on any given 
comparison. If, for example, we make a comparison by running a t test between two groups and 
we reject the null hypothesis because our t exceeds t.05, then we are working at a per comparison 
error rate of .05. 
 
FAMILYWISE ERROR RATE (FW) 

When we have completed running a set of comparisons among our group means, we will arrive 
at a set (often called a family) of conclusions. 

For example, the family might consist of the statements 

µ1 < µ2 

µ3 < µ4 

µ1 < (µ3 + µ4)/2 

The probability that this family of conclusions will contain at least one Type I error is called the 
familywise error rate (FW). 

In an experiment in which only one comparison is made, both error rates will be the same. As the 
number of comparisons increases, however, the two rates diverge. If we let �′ (alpha prime) 
represent the error rate for any one comparison and c represent the number of comparisons, then 

Error rate per comparison (PC): � = �′ 

Familywise error rate (FW):  � = 1 – (1 – �′)c 
(if comparisons are independent) 

If the comparisons are not independent, the per comparison error rate remains unchanged, but the 
familywise rate is affected. In most situations, however, 1 – (1 – �′)c still represents a reasonable 
approximation to FW – or – it can be approximated by �′ = c(�). 

Familywise error rate is also referred to as experimentwise error rate (�E) – 
that is, the probability of making a Type I error for the set of all possible 
comparisons. The formula defining �E is the same as the formula for FW (Hinkle, 
Wiersma, & Jurs, 2003). 
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THE NULL HYPOTHESIS AND ERROR RATES 

The complete (or omnibus) null hypothesis (µ1 = µ2 = µ3 = … = µk) is the null hypothesis tested 
by the overall ANOVA. In many experiments, however, nobody is seriously interested in the 
complete null hypothesis; rather, people are concerned about a few more restricted null 
hypotheses, such as (µ1 = µ2 = µ3, µ4 = µ5, or µ6 = µ7), with differences among the various 
subsets. If this is the case, the problem becomes more complex, and it is not always possible to 
specify FW without knowing the pattern of population means. 
 
A PRIORI VERSUS POST HOC COMPARISONS 

It is often helpful to distinguish between a priori comparisons, which are chosen before the 
data are collected, and post hoc comparisons, which are planned after the experimenter has 
collected the data, looked at the means, and noted which of the later are far apart and which are 
close together. If comparisons are planned in advance (and are a subset of all possible 
comparisons), the probability of a Type I error is smaller than if the comparisons are arrived at 
on a post hoc basis. 
 
SIGNIFICANCE OF THE OVERALL F 

Some controversy surrounds the question of whether one should insist that the overall F on 
groups be significant before conducting multiple comparisons between individual group means. 
In the past, the general advice was that without a significant group effect, individual comparisons 
were inappropriate. In fact, the rationale underlying the error rates for Fisher’s least significant 
difference test (LSD) required overall significance. 

The logic behind most of our post hoc tests, however, does not require overall significance 
before making specific comparisons. First of all, the hypotheses tested by the overall test and a 
multiple-comparison test are quite different, with quite different levels of power. Second, 
requiring overall significance will actually change the FW, making the multiple-comparison tests 
conservative. The tests were designed, and their significance levels established, without regard to 
the overall F. 

Wilcox (1987) has considered this issue and suggested that “there seems to be little reason for 
applying the (overall) F test at all” (p. 36). Wilcox would jump straight to multiple comparisons 
without even computing the F. others have said much the same thing. That position may be a bit 
extreme, but it does emphasize the point. And perhaps, it is not all that extreme. If you recognize 
that typical multiple-comparison procedures do not require a significant overall F, you will 
examine group differences regardless of the value of that F. Why, then, do we even need that F 
except to provide a sense of closure? The only reason I can think of is “tradition,” and that is a 
powerful force. 
 
12.3 A PRIORI COMPARISONS 
There are two reasons for starting the discussion with t tests. In the first place, standard t tests 
between pairs of means can, in a limited number of situations, be a perfectly legitimate method 
of comparison. Second, the basic formula for t, and minor modifications on it, are applicable to a 
large number of procedures. A priori comparisons (also called contrasts) are planned before the 
data have been collected. 



CHAPTER 12 – HOWELL, 2007 
PAGE 3 

MULTIPLE t TESTS 

One of the simplest methods of running preplanned comparisons is to use individual t tests 
between pairs of groups. In running individual t tests, if the assumption of homogeneity of 
variance is tenable, we usually replace the individual variances, or the pooled variance estimate, 
with MSerror, from the overall analysis of variance and evaluate the t on dferror degrees of freedom. 
When the variances are heterogeneous but the sample sizes are equal, we do not use MSerror, but 
instead use the individual sample variances and evaluate t on 2(n – 1) degrees of freedom. 
Finally, when we have heterogeneity of variance and unequal sample sizes, we use the individual 
variances and correct the degrees of freedom using the Welch-Satterthwaite approach. 

The indiscriminate use of multiple t tests is typically brought up as an example of a terrible 
approach to multiple comparisons. In some ways, this is an unfair criticism. If is a terrible jump 
into a set of data and lay waste all around you with t tests on each and every pair of means that 
looks as if it might be interesting. The familywise error rate will be outrageously high. However, 
if you have only one or two comparisons to make and if those comparisons were truly planned in 
advance, the t test approach has much to recommend it. With only two comparisons, for 
example, the maximum FW would be approximately .10 if each comparison were run at � = .05, 
and would be approximately .02 if each comparison were run at � = .01. 
 
LINEAR CONTRASTS 

The use of individual t tests is a special case of a much more general technique involving what 
are known as linear contrasts. In particular, t tests allow us to compare one group with another 
group, whereas linear contrasts allow us to compare one group or set of groups with another 
group or set of groups. 

To define linear contrasts, we musts first define a linear combination. A linear combination is 
a weighted sum of treatment means. When we impose the restriction that 0=Σ ja , a linear 
combination becomes what is called a linear contrast. With the proper selection of the aj, a linear 
contrast is very useful. It can be used, for example, to compare one mean with another mean, or 
the mean of one condition with the combined mean of several conditions. 
 
ORTHOGONAL CONTRASTS 

Linear contrasts as they have been defined allow us to test a series of hypotheses about treatment 
differences. Sometimes contrasts are independent of one another, and sometimes they are not. 
For example, knowing that 1X  is greater than the average of 2X  and 3X  tells you nothing about 
whether 4X  is likely to be greater than 5X . These two contrasts are independent. However, 
knowing that 1X  is greater than the average of 2X  and 3X  suggests that there is a better than 
50:50 chance that 1X  is greater than 2X . These two contrasts are not independent. When 
members of a set of a set of contrasts are independent of one another, they are called orthogonal 
contrasts, and the sums of squares of a complete set of orthogonal contrasts sum to SStreat. If 
the contrasts are not orthogonal, they contain overlapping amounts of information and do not 
have this additivity property. From a calculation point of view, what sets orthogonal contrasts 
apart from other types of contrasts we might choose is the relationship between the coefficients 
for one contrast and the coefficients for other contrasts in the set. 
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ORTHOGONAL COEFFICIENTS 

Given that sample sizes are equal, for contrasts to be orthogonal – the coefficients must meet the 
following criteria: 

1. The first restriction ensures that the sums of squares of a complete set of orthogonal 
contrasts sum to SStreat 

2. The second restriction ensures that the contrasts are independent of (or orthogonal to) one 
another, and thus that we are summing nonoverlapping components 

3. The third restriction says nothing more than that if you want the parts to sum to the 
whole, you need to have all the parts 

 
BONFERRONI t (DUNN’S TEST) 

One way to control the familywise error rate when using linear contrasts is to use a more 
conservative level of � for each comparison. The proposal that you might want to use � = .01 
instead of � = .05 is based on the fact that statistical tables are set up that way. We do not usually 
have critical values of t for � between .05 and .01. A formal way of controlling FW more 
precisely by manipulating the per comparison error rate can be found in a test proposed by Dunn 
(1961), which is particularly appropriate when you want to make only a few of all possible 
comparisons. Although this test has been known for a long time, Dunn was the first person to 
formalize it and to present the necessary tables and it is sometimes referred to as Dunn’s test. It 
now more commonly goes under the name Bonferroni t. The Bonferroni t test is based on what 
is known as the Bonferroni inequality, which states that the probability of occurrence of one 
or more events can never exceed the sum of their individual probabilities. This means that when 
we make three comparisons, each with a probability of � = .05 of a Type I error, the probability 
of at least one Type I error can never exceed 3(.05) = .15. 

In more formal terms, if c represents the number of comparisons and �′ represents the probability 
of a Type I error for each comparison, then FW is less than or equal to c�′. From this, we can set 
�′ = �/c for each comparison. If you want to run each of three comparisons at �′ = �/c with � = 
.05, we would adjust alpha to be �′ = �/c = .05/3 = .0167. This adjusted value (�′ = .0167) is then 
compared to the reported exact probability (p or Sig.) to make a determination of rejecting or 
retaining the null hypothesis. 
 
12.4 CONFIDENCE INTERVALS AND EFFECT SIZES FOR CONTRASTS 

Having run a statistical significance test on the data from an experiment and looked at individual 
comparisons, often called “individual contrasts,” we will generally want to look at some measure 
of the amount of difference between group means. When we have the omnibus F, which 
compares all means together, the best measure is a member of the r-family measures, such as r2 
or �2. However, when we are looking at comparisons of individual means, or sets of means, it 
generally makes more sense to calculate confidence limits on our differences or to use the d-
family measure of the effect size. 
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CONFIDENCE INTERVAL 

The general formula for a 95 percent confidence interval on a contrast of two means is: 

CI95 = ( ) .X X t si j X Xi i
− ± −05   where  s

X Xi i−  = serror 

The probability is .95 that the interval formed is one that will include the true difference between 
the population means. 

When it comes time to form our confidence interval (or our effect size measure), we have a 
choice of what we will use as the error term – the standard deviation in the equation. The square 
root of MSerror (MSW) from the overall analysis can be used because it represents the square root 
of the average variance within each group. 
 
EFFECT SIZE 

The general formula for an effect size is: 

�d
X X

s
i j

p

= −
 

 
where sp is the square root of the pooled variance estimate (a measure of 

the average standard deviation within the groups) 
 

For the denominator, we could use the square root of MSerror (MSW) or the square root of the 
average of the variances in the groups being contrasted, or we could conceive of one of the 
groups as a control group, and use its standard deviation as our estimate. The most common 
approach seems to be the use of square root of MSerror (MSW). 
 
12.6 POST HOC COMPARISONS 
There is much to recommend the use of linear contrasts and the Bonferroni t test when a 
relatively small number of comparisons can be specified a priori. However, many experiments 
involve many hypotheses and/or hypotheses that are arrived at only after the data have been 
examined. In this situation, a number of a posteriori or post hoc techniques are available. 
 
FISHER’S LEAST SIGNIFICANT DIFFERENCE PROCEDURE 

One of the oldest methods for making post hoc comparisons is known as Fisher’s least 
significant difference (LSD) test (also known as Fisher’s protected t). The only difference 
between the post hoc LSD procedure and the a priori multiple t test procedure is that the LSD 
requires a significant F for the overall analysis of variance. When the complete null hypothesis is 
true (all population means are equal), the requirement of a significant overall F ensures that the 
familywise error rate will equal �. Unfortunately, if the complete null hypothesis is not true but 
some other more limited null hypothesis involving subsets of means are true, the overall F no 
longer affords protection for FW. For this reason, many people recommend that you not use this 
test, although Carmer and Swanson (1973) have shown it to be the most powerful of the common 
post hoc multiple-comparison procedures. If your experiment involves three means, the LSD 
procedure is a good one because FW will stay at �, and you will gain the added power of using 
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standard t tests. (The FW error rate will be � with three means because if the complete null 
hypothesis is true, you have a probability equal to � of making a Type I error with your overall 
F, and any subsequent Type I errors you might commit with a t test will not affect FW. If the 
complete null is not true but a more limited one is, with three means there can be only one null 
hypothesis among the means and, therefore, only one chance of making a Type I error, again 
with a probability equal to �.) You should generally be reluctant to use the LSD for more than 
three means unless you have a good reason to believe that there is at most one true null 
hypothesis hidden in the means. 
 
THE STUDENTIZED RANGE STATISTIC (q) 

Many of the post hoc tests are based on the Studentized range statistic or special variants of it. 
The Studentized range statistic (also known as q) is a linear function of t. The real 
difference between q and t comes from the fact that tables of q are set up to allow us to adjust the 
critical value of q for the number of means involved. 

When we have only two means or when we wish to compare two means chosen at random from 
the set of available means, t is an appropriate test. Suppose, however, that we looked at a set of 
means and deliberately selected the largest and smallest means for testing. It is apparent that we 
have drastically altered the probability of a Type I error. Given the H0 is true, the largest and 
smallest means certainly have a greater chance of being called “significantly different” than do 
means that are adjacent in an ordered series of means. This is the point at which the Studentized 
range statistic becomes useful. It was designed for just this purpose. 

To use q, we first rank the means from smallest to largest. We then take into account the number 
of steps between the means to be compared. For adjacent means, no change is made and q.05 = 

205.t . For means that are not adjacent, however, the critical value of q increases, growing in 
magnitude as the number of intervening steps between means increases. 

Although q could be used in place of an overall F (i.e., instead of running a traditional ANOVA, 
we would test the difference between the two extreme means), there is rarely an occasion to do 
so. In most cases, F is more powerful than q. However, where you expect several control group 
means to be equal to each other but different from an experimental treatment mean (i.e., µ1 = µ2 
= µ3 = µ4 ≠ µ5), q might well be the more powerful statistic.  

Although q is seldom a good substitute for the overall F, it is a very important statistic when it 
comes to making multiple comparisons among individual treatment means. It forms the basis for 
several other post hoc tests. 
 
12.7 TUKEY’S TEST 
Much work on multiple comparisons has been based on the original work of Tukey, and an 
important test bears his name. The Tukey test, also called the Tukey’s HSD (honestly 
significant difference) test, is similar to the Newman-Keuls, except that qHSD is always taken 
as the maximum value of qr. In other words, if there are five means, all differences are tested as 
if they were five steps apart. The effect is to fix the familywise error rate at � against all possible 
null hypotheses, not just the complete null hypothesis, although with a loss of power. The Tukey 
HSD is the favorite pairwise test for many people because of the control it exercises over �. 
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UNEQUAL SAMPLE SIZES AND HETEROGENEITY OF VARIANCE 

The Newman-Keuls procedure (and the Tukey procedure) was designed primarily for the case of 
equal sample sizes (n1 = n2 = … = nk = n). Frequently, however, experiments do not work out as 
planned, and we find ourselves with unequal numbers of observations and want to carry out a 
Newman-Keuls or a related test on the means. One solution, known as the Tukey-Kramer 
approach, is to replace the denominator to account for the unequal groups. This approach has 
been proposed in conjunction with the Tukey HSD. An alternative, and generally preferable, test 
was proposed by Games and Howell (1976). The Games and Howell procedure uses what 
was referred to as the Behrens-Fisher approach to t tests. The authors suggest that a critical 
difference between means be calculated separately for every pair of means. 

The need for special procedures arises from the fact that the ANOVA and its attendant contrasts 
are vulnerable to violations of the assumption of homogeneity of variance, especially when the 
sample sizes are unequal. If there is no serious problem with heterogeneity of variance and if the 
sample sizes are nearly equal, then you are probably safe calculating the harmonic mean of the 
sample sizes and using that in place of n in the standard approach. Moreover, regardless of the 
sample sizes, if the sample variances are nearly equal you may replace them with MSerror from 
the overall ANOVA. And regardless of the sample size, if the variances are heterogeneous you 
should probably use the Games and Howell procedure. 
 
THE NEWMAN-KEULS TEST 

The Newman-Keuls is a controversial test. However, it is important to discuss here because it is 
an excellent example of a whole class of multiple-comparison procedures. The basic goal of the 
Newman-Keuls test (sometimes called the Student-Newman-Keuls test) is to sort all the 
treatment means into subsets of treatments. These subsets will be homogeneous in the sense that 
they do not differ among themselves, but they do differ from the other subsets. 

Newman-Keuls, like the Studentized range statistic, starts by arranging the treatments means in 
ascending order. A range of means is defined as the number of steps in an ordered series 
between the arranged means. Adjacent means are defined as being two steps apart, means that 
have one other mean between them will have a range of three, and so on. 

Results from the Newman-Keuls test will typically differ from other tests, such as the Bonferroni 
test, even though both tests attempt to limit FW. The differences are due partly to the different 
approaches of the two tests and partly to the fact that the Newman-Keuls is actually a less 
conservative test. The Newman-Keuls is that is does not always hold FW at �. 
 
FAMILYWISE ERROR RATE 

Recall that FW is the probability of there being at least one Type I error. Although the Newman-
Keuls procedure was designed to control the familywise error rate, it does not control it 
completely. In fact, under certain conditions, the error rate can be quite high. If the complete null 
hypothesis is true (i.e., µ1 = µ2 = … = µk), then the Newman-Keuls sets FW = .05, assuming that 
this is our chosen significance level. In general, the maximum FW for the Newman-Keuls is 
approximately � times the maximum number of null hypotheses that could be true, which is 
equal to the number of pairs involving different means. 
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12.8 THE RYAN PROCEDURE (REGWQ) 
The Tukey procedure controls the familywise error rate at � regardless of the number of true null 
hypotheses (not just for the overall null hypothesis), whereas the Newman-Keuls allows the 
familywise error rate to rise as the number of true null hypotheses increases. The Tukey test, 
then, provides a firm control over Type I errors, but as some loss of power. The Newman-Keuls 
tries to maximize power, but with some loss in control over the familywise error rate. A 
compromise, which holds the familywise error rate at � but which also allows the critical 
difference between means to shrink as r (the number of means in a set) decreases, was proposed 
by Ryan (1960) and subsequently modified by others. 

What Newman and Keuls really did in creating their test was to hold the error rate at � for each 
set of r ordered means. The effect of this is to allow the critical values to grow as r increases, but 
they actually grow too slowly to keep the familywise error rate at � when multiple null 
hypotheses are true. Ryan (1960) also proposed modifying the value of � for each step size, but 
in such a way that the overall familywise error rate would remain unchanged at �. These changes 
hold the overall familywise error rate at � while giving greater power than does Tukey to some 
comparisons. 

One way that you can run the Ryan procedure (or the Ryan/Einot/Gabriel/Welsch procedure) 
is to use SPSS and request multiple comparisons using the REGWQ method. The initials refer to 
the authors and to the fact that it uses the Studentized range distribution (q). For the most part, 
the results from Tukey and REGWQ are similar, however, Howell recommends REGWQ over 
Tukey and Newman-Keuls because it appears to be the most powerful test generally available 
that still keeps the familywise error rate at �. 
 
12.9 THE SCHEFFÉ TEST 
The post hoc tests considered to this point all primarily involve pairwise comparisons of means, 
although they can be extended to more complex contrasts. One of the best known tests, which is 
both broader and more conservative, was developed by Scheffé. The Scheffé test, which uses the 
F distribution rather than the Studentized range statistic, sets the familywise error rate at � 
against all possible linear contrasts, not just pairwise contrasts. Although this test has the 
advantage of holding constant FW for all possible linear contrasts – not just pairwise ones – it 
pays a price; it has the least power of all the tests discussed so far. Partly to overcome this 
objection, Scheffé proposed that people may prefer to run his test at � = .10. He further showed 
that the test is much less sensitive than the Tukey HSD for pairwise differences but is more 
sensitive than the Tukey HSD for complex comparisons (Scheffé, 1953, 1959). In general, the 
Scheffé test should never be used to make a set of solely pairwise comparisons, nor should it 
normally be used for comparisons that were thought of a priori. The test was specifically 
designed as a post hoc test (as were Newman-Keuls and Tukey tests), and its use on a limited set 
of comparisons that were planned before the data were collected would generally be foolish. 
Although most discussions of multiple-comparison procedures include the Scheffé, and many 
people recommend it, it is not often seen as the test of choice in research reports because of its 
conservative nature. 
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12.10 DUNNETT’S TEST FOR COMPARING ALL TREATMENTS WITH A CONTROL 
In some experiments the important comparisons are between one control treatment and each of 
several experimental treatments. In this case, the most appropriate test is Dunnett’s test. This 
is more powerful than are any of the other tests discussed so far that seek to hold the familywise 
error rate at or below �. 

In the case in which the groups have unequal sample sizes or heterogeneous variances, a test on 
the difference in treatment means is given by the same general procedure used with the 
Newman-Keuls test. 
 
COMPARISON OF DUNNETT’S TEST AND THE BONFERRONI t 

Since the Bonferroni t test allows the experimenter to make any a priori test, it is reasonable to 
ask what would happen if we decided a priori to apply that test to the differences between the 
control mean and the experimental treatment means. Both the Bonferroni t test and Dunnett’s test 
are based on inequalities of the form FW < �, but Dunnett’s test uses a sharper inequality (Miller, 
1981). To put this rather crudely, in Dunnett’s case there is more of the equal to and less of the 
less than involved in the relationship between FW and �. For this reason, it is a more powerful 
test whenever you want simply to compare one treatment (it does not really have to be called a 
“control” treatment) with each of the others. 
 
12.11 COMPARISON OF THE ALTERNATIVE PROCEDURES 
Since the multiple-comparison techniques we have been discussing were designed for different 
purposes, there is no truly fair basis on which they can be compared. There is something to be 
gained, however, from summarizing their particular features. Table 12.7 lists the tests, the error 
rate most commonly associated with them, the kinds of comparisons they are primarily designed 
to test, and the type of test (range test, F test, or t-modified or not in each case). 

 
Table 12.7 Comparison of alternative multiple-comparison procedures 

Test Error Rate Comparison Type A priori/ Post hoc 

1. Individual t tests PC Pairwise t A priori 

2. Linear contrasts PC Any contrasts F A priori 

3. Bonferroni t FW Any contrasts t A priori 

4. Holm: L & M FW Any contrasts t Either 

5. Fisher’s LSD FW Pairwise t Post hoc 

6. Newman-Keuls FW Pairwise Range Post hoc 

7. Ryan (REGWQ) FW Pairwise Range Post hoc 

8. Tukey HSD FW Pairwise Range Post hoc 

9. Scheffé test FW Any contrasts F Post hoc 

10. Dunnett’s test FW With control F Post hoc 
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In a sense of more liberal and more conservative post hoc tests… 

Liberal   Fisher’s LSD 

Newman-Keuls 

Ryan (REGWQ) 

Tukey HSD 

Scheffé test 

Conservative  Dunnett’s test 
 
12.12 WHICH TEST? 
Choosing the most appropriate multiple-comparison procedure for your specific situation is not 
easy. Many tests are available, and they differ in a number of ways. The choice is a bit easier if 
we consider the two extremes first. 

If you have planned your test in advance and you want to run only one comparison, Howell 
would suggest that you run a standard t test (correcting for heterogeneity of variance if 
necessary), or, if you have a complex comparison, a linear contrast. If you have several a priori 
contrasts to run, not necessarily pairwise, the multistage Bonferroni t proposed by Holm does a 
good job of controlling FW while at the same time maximizing power. 

If you have a large number of groups and wish to make many comparisons, whether or not you 
are interested in all of the possible pairwise comparisons, you would probably be better off using 
the Ryan REGWQ if you have it available or the Tukey. In the past Howell would recommend 
Newman-Keuls, because it does a fairly good job when you have five or fewer groups, but 
Howell has found himself in a distinct minority and has decided to bail out. With three groups 
the Newman-Keuls and the REGWQ test will be the same anyway, given Welsh’s modification 
to that test, which earned him a place in its initials. Howell cannot think of a situation where he 
would personally recommend the Scheffé, but he presented it because it is a common test and 
real hard-liners like it. 

People often fail to realize that in selecting a test, it is perfectly acceptable to compare each of 
several tests on your own data in terms of the size of the critical values, and to select a test on 
that basis. For example, if you are going to run only a few pair-wise comparisons, the critical 
values for the Holm-modified Bonferroni test may be smaller than the critical values for the 
REGWQ. In that case, go with the modified Bonferroni. On the other hand, you may discover 
that even though you do not wish to make all possible pairwise comparisons, the REGWQ (or 
the Tukey) gives smaller critical values than the modified Bonferroni, in which case you would 
waste power to go with the Bonferroni. The important point is that these decisions have to be 
based on a consideration of the critical values, and not the final results. You cannot just try out 
every test you have and choose the one that gives you the answers you like. 
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12.14 TREND ANALYSIS 
The analyses that have been discussed are concerned with identifying differences among group 
means, whether these comparisons represent complex contrasts among groups or simple pairwise 
comparisons. Suppose, however, that the groups defined by the independent variable are ordered 
along some continuum. An example might be a study of the beneficial effects of aspirin in 
preventing heart disease. We could ask subjects to take daily doses of 1, 2, 3, 4, or 5 grains of 
aspirin, where 1 grain is equivalent to what used to be called “baby aspirin” and 5 grains is the 
standard tablet. In this study we would not be concerned so much with whether a 4-grain dose 
was better than a 2-grain dose, for example, as with whether the beneficial effects of aspirin 
increase with increasing the dosage of the drug. In other words, we are concerned with the trend 
in effectiveness rather than multiple comparisons among specific means. 

There are two common trends that can be shown. In one outcome, we might find a linear trend. 
In another possible outcome, we might find an increase up to some point, but then the curve may 
level off and perhaps even decrease. This would be either a “quadric” relationship or a 
relationship with both linear and quadric components. Based on the above example, it would be 
important to discover such relationships because they could suggest that there is some optimal 
dose, with low doses being less effective and high doses adding little, if anything, to the effect. 
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