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METHODOLOGY

Testing treatment effects in repeated measures designs:
An update for psychophysiological researchers

H. J. KESELMAN

Department of Psychology, University of Manitoba, Winnipeg, Canada

Abstract

In 1987, Jennings enumerated data analysis procedures that authors must follow for analyzing effects in repeated
measures designs when submitting paperBggchophysiologyThese prescriptions were intended to counteract the
effects of nonspherical data, a condition know to produce biased tests of significance. Since this editorial policy was
established, additional refinements to the analysis of these designs have appeared in print in a number of sources that
are not likely to be routinely read by psychophysiological researchers. Accordingly, this paper includes additional
procedures not previously enumerated in the editorial policy that can be used to analyze repeated measurements.
Furthermore, | indicate how numerical solutions can easily be obtained.

Descriptors: Repeated measurements, Main, interaction, and contrast tests, New analyses

In 1987, Psychophysiologgtipulated a policy for analyzing data sures designs and should always be paramount when considering

from repeated measures desi¢dsnnings, 1987 In particular, the  the appropriateness of the recommendations.

assumptions that are required to obtain valid tests of omnibus and

subeffect hypotheses were enumerated, and prescriptions for ana- ) .

lyzing effects in such designs were stipulated. Recently, additionaf*SS€ssing Main Effects

refinements to the analysis of these designs have appeared in prifthe One Between- by One Within-Subjects Design

in a number of sources that are not likely to be routinely read byresearchers working in the psychophysiological area frequently

psychophysiological researchers. Accordingly, the purpose of thigqopt a repeated measures design that contains both between-

paper is to update prior recommendations. subjects grouping variables and within-subjects repeated measures
The recommendations presented in this paper are based on thgiaples(e.g., see articles published Rsychophysiology4 [1],

findings of empirical investigations in which various alternative 1997 The simplest of these designs involves a single between-

strategies of data analysis were compared. The studies, individuyypjects grouping variable and a single within-subjects repeated

ally and collectively, did not nor could they exhaust all conceivablemeasures variable, in which subje¢is= 1, ... Ng, 3ng = N) are

parametric conditions that psychophysiological researchers maye|ected randomly for each level of the between-subjects variable
encounter in their research endeavors. Consequently, my recomy = 1,...,G) and observed and measured under all levels of the
mendations will not always result in the optimal method of a”a"within-subjects variablém = 1,... M).

ysis; however, they should more often than not result in the *best” 14 set the stage for the procedures | present for analyzing such
method of analysis. Analyses based on a thorough familiarity withyesigns and to help clarify notation, consider the following hypo-
the phenomenon under investigation, including the mechasjsm tnetical research problem. Specifically, | use the data presented in
that is (arg responsible for generating the data, will always be Tapje 1, which could represent the outcome of an experiment in

superior to those based on general recommendations. The caveathich the between-subjects variable is susceptibility to stressors
know thy data“ certainly applies to the analysis of repeated meaig = 1,...,3 and the within-subjects variable is a task to be per-

formed at four levels of challengen = 1,...,4. These data were
obtained from a random number generator and, therefore, are not
Work on this paper was supported by a grant from the Social SCienCeintended to reflect actual characteristics of the previously posed hy-
and Humanities Research Council of Canéda. 410-95-0008 f)othetlcal problem. However, they were generated to reflect char-

Address reprint requests to: H. J. Keselman, Department of Psychol@Cteristics(i.e., covariance structure, relationship of covariance
ogy, University of Manitoba, Winnipeg, Manitoba R3T 2N2, Canada.  structure to group sample sizes, the distributional shape of the data,
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etc) of repeated measures data that are likely to be obtained in psyFable 1. Hypothetical Data for a 3< 4 Repeated
chophysiological investigatiorisThat is, these data are based on the Measures Design

assumption that | as well as others working in the field m@kg.,
see Jennings, 1987; Keselman & Keselman, 1988, 1993; Overall & Within-subjects variable
Doyle, 1994; Vassey & Thayer, 1987amely, that psychophysi-
ological data will not in all likelihood conform to the validity as-
sumptions of the traditional tests of repeated measures effects. g,

Subject no. My M, M3 [\

In each of the groups, there are 13 observatiges n; = n, = 1 14.26 4.22 4.24 5.83
ng = 13; =ngy = 39). The computational procedures illustrated 2 —-1.35 3.61 4.79 6.98
when group sizes are unequal are based on the data associated wit *ggg *14'4759 174152 %2110
subject numbers that are not enclosed in parentheses; thus, forg _0.44 1.03 233 303
these analysas, = 7, n, = 10, andnz = 13 (3ngq = 30). Cell and 6 0.58 3.35 4.40 9.41
marginal(unweighted means for each data s@talanced and un- 7 13.91 6.47 7.40 5.30
balancedl are contained in Table 2. In the illustrations that follow, (8 7.73 -0.07 0.80 0.00
the results for all analysis procedures are presented and discussed _‘1"23 _22'19% :8'23 jl(l)g
naturally, researchers would only compute those procedures that 1) 324 296 0.68 0.68
actually relate to their research hypotheses. (12 7.41 0.82 0.61 —-1.18
(13 5.58 1.22 0.16 -0.14
The Unlvanate_ Approaph . . . . GZ14 —-0.99 —-1.38 0.14 2.38
Tests of the within-subjects main and interaction effects tradi- 15 246 _154 0.01 253
tionally have been accomplished by the respective use of the uni- 1g —4.28 —279 —0.65 2.35
variate analysis of variand&NOVA) F statistics: 17 -1.27 1.03 1.94 2.89
18 -4.11 0.10 1.18 0.95
19 -3.33 2.48 1.51 2.66
21 —4.78 —-1.49 1.19 3.34
22 0.46 1.88 1.45 4.52
and 23 5.88 2.88 2.78 4.94
(29 -351 —2.06 0.13 1.94
(25 —-4.78 —1.49 1.19 3.34
Foxm = MSgxm/MSyxge ~ Flas(G—1D(M — 1), (26) 0.46 1.88 1.45 452
G
327 -1.13 0.06 0.23 0.87
(N-G)(M - 1], ) 28 -1.30 -0.15 0.41 0.87
29 3.20 0.92 1.03 —0.06
where~ should be read as “is distributed as.” The validity of these 30 _f'%:’ _116657 _01836 _O%'gl
tests rests on the assumptions of normality, independence of errors,35 _0.24 ~1.06 0.03 0.79
and homogeneity of the treatment-difference variarices sphe- 33 0.33 0.60 0.53 0.45
ricity) (Huynh & Feldt, 1970; Rogan, Keselman & Mendoza, 1979; 34 0.09 2.05 0.29 0.40
Rouanet & Lepine, 1970The sphericity assumption is satisfied if :11? *10'%42 70(')2(?8 odzfo
and only if theM — 1 contrasts(orthonormalizel among the 37 —0.59 0.18 1.25 0.60
repeated measures variable are independent and equally variablegg 2.34 1.38 221 0.33
39 1.87 4.03 0.79 1.02

1The data were generated from a multivariate lognormal distribution
with marginal distributions based ofy. = exp(X;) (i = 1,...,n;), where Note: G—G3 = levels of the between-subjects grouping variable. For the
Xij is distributed adN(0,0.23; this distribution has skewness and kurtosis balanced data set; = 13, n, = 13, andnz = 13. For the unbalanced
values of 1.75 and 5.90, respectively. Furthermore, the correlational  data setp; = 7, n, = 10, andng = 13.
variance structure of the data was determined by setting the sphericity
parametee at 0.57. Additionally, the between-subjects covariance matrices
were made to be unequal such that the elements of the matrices were in the
ratio of 1:3:5. When group sizes were unequal, they were negatively related
to the unequal covariance matrices. That is, the smailests associated

with the covariance matrix containing the largest element values, and the rther. the presence of a between-subjects grouping variable re-

largestn; was associated with the covariance matrix containing the smallesE1uires t,hat the data meet an additional assumption. namelv. that the

element values. For our & 4 design, if, for example, the covariance ” : P ' Y;
covariance matrices of these contrasts are the same for all levels of

82-1-2 24 6-3 -6 ; ; } . .
6 0 0 18 0 0 this grouping variable. Jointly, these two assumptions have been

matrices equalec; = 4 1l 3 = 12 3| and  referred to as multisample sphericitilendoza, 198D
9 6 When the assumptions for the traditional tests have been sat-

isfied, they will provide a valid test of their respective null hy-
40 10-5 —10 . . .
00 0 potheses and will be uniformly most powerful for detecting treatment
3= 20 5 and sample sizes werg = 7,n, = 10, andnz = effects when they are present. These traditional tests are easily
1 obtained with the major statistical packages, that is, with BMDP
13, then a positive pairingelationship of covariance matrices and sample (1994’{ SAS (1990, and SPSS;N_O"US'S’ 1993 Thus' \(\/hen as-
sizes exists; however, if; = 13, n, = 10, andns = 7, then a negative  SUmptions are known to be satisfied, psychophysiological research-
relationship between the two exists. ers can adopt the traditional procedures and report the assogiated



472 H.J. Keselman

Table 2. Cell and Marginal Unweighted Means The Multivariate Approach
The multivariate test of the repeated measures main effect is
Within-subjects variable performed by first creatingl — 1 difference(D) variables> The

Between-subjects null hypothesis that is tested, using Hotellingl931) T 2 statistic,
grouping variable My M. Ms My Mean s that the vector of population means of théée- 1 D variables
Balanced data st equals the null vector. The upper 120~ «) percentage points of

G 3.74 2.08 2.50 3.07 2.85 the T2 distribution can be obtained from the relationship

G, —2.02 —-0.20 0.96 2.95 0.42

Gs 0.32 059 053 046 0.48 N-G_M4+2

M 0.68 0.82 1.33 2.16 1.25 [ —— M — — G-
Unbalanced data et F (N-G)(M -1 T~ FleM~LN-G-M+2].

Gy 3.93 3.15 4.53 6.12 4.43

G -1.84 -009 097 285 047 3

Gs 0.32 0.59 0.53 0.46 0.48

M 0.80 1.22 2.01 3.14 1.79

The multivariate test of the within-subjects interaction effect,
however, is a test of whether the vectors of population means of the
any = 13,n; = 13,n3 = 13.°ny = 7, n, = 10, nz = 13. M — 1 D variables are equal across the levels of the grouping

variable. A test of this hypothesis can be obtained by conducting a

one-way multivariate ANOVA, where thiel — 1 D variables are

the dependent variables and the grouping varidi@e is the

between-subjects independent variable. Wen 2, four popular
values because under these conditions these values are an accuratdtivariate criteria aréa) Wilks’s (1932 likelihood ratio,(b) the
reflection of the probability of rejecting the null hypothesis by Pillai (1955-Bartlett(1939 trace statistic(c) Roy’s (1953 larg-

chance when the null hypothesis is true. For the balaticadN = est root criterion, andd) the Hotelling (1951)-Lawley (1938

39) data set given in Table 1, PROC GL(8AS, 1990 results are  trace criterion. Based on Olson’s wo(k974), | recommend the
Fm(3,108 = 3.95,p = .0103, andFgxw (6,108 = 5.17,p = Pillai-Bartlett criterion because it seems most robust to assump-
.000Y). tion violations. WherG = 2, all criteria are equivalent to Hotell-

Unfortunately, as Jenningd987 and others have indicated, ing’s T?2 statistic.
the data from most applied work are unlikely to conform to the  Valid multivariate tests of the repeated measures hypotheses,
strict requirements of multisample sphericiifeselman & Ke-  unlike the univariate tests, depend not on the sphericity assumption
selman, 1988, 1993; Overall & Doyle, 1994; Vassey & Thayer,but only on the equality of the covariance matrices at all levels of
1987). The result of applying the traditional tests of significance to the grouping variable as well as normality and independence of
data that do not conform to the assumptions of multisample sphesbservations across subjects. The empirical results indicate that the
ricity is that too many null hypotheses are falsely rejedt®dx, multivariate tests of the repeated measures main and interaction
1954; Collier, Baker, Mandeville & Hayes, 1967; Kogan, 1948 effects are generally robust to their assumption violations when the
Furthermore, as the degree of nonsphericity increases, the tradilesign is balanced and are not robust when the design is unbal-
tional repeated measurEgests becomes increasingly libe(&lol- anced Keselman et al., 1995Furthermore, under most conditions
lier et al., 1967. that researchers are likely to encounter with real datmple
However, when the design is balandggloup sizes are eqyal  sizes, magnitude of treatment effécta multivariate test will be
the Greenhouse and Geis$&059 and Huynh and Feld{1976 more sensitive to the presence of treatment effects than will the
tests are robust alternatives to the traditional tests. As Keselmamnivariate test§Algina & Keselman, 1997; Davidson, 197 2lso,
and Rogarn(1980 indicated, the Greenhouse—Geisser and Huynh-multivariate tests require fewer assumptions. Consequently, when
Feldt methods adjust the degrees of freedom of the Uss#dtis-  the design is balanced | recommend that researchers adopt multi-
tics; the adjustment for each approach is based on a sample estimateyiate procedures to assess the effects of their treatments rather
€ and ¢, respectively, of the unknown sphericity parameter than adopting the adjusted degrees of freedom tests recommended
The empirical literature indicates, however, that these adjustetty Keselman and Rogafl980. Multivariate tests of repeated
degrees of freedom tests are not robust when the design is unbafheasures designs hypotheses are easily obtained from the multi-
anced (Keselman, Keselman, & Lix, 1995; Keselman & Ke- variate or repeated measures program associated with any of the
selman, 1990 Specifically, the tests will be liberéatonservative  three major statistical packages. PROC GISAS, 1990 results
when group sizes and covariance matrices are negatipelgi-  for the balanced data set aFg (3,34 = 6.00,p = .0021, and
tively) paired with one another. A positiaegative pairing refers ~ F(Pillai's Trac@cxm (6,70 = 3.49,p = .0044.
to the case in which the smallg$argesj ngq is associated with the Additionally, researchers can estimate how many observations
covariance matrix with the smallest element values. they need in their studies to detect repeated measures effects with
The major statistical packagéBMDP, SAS, SPSBprovide  either the multivariate or adjusted degrees of freedom approach
Greenhouse—-Geisser and Huynh—Feldt adjystedles. Forthe bal- (see Algina & Keselman, 1997; Muller & Barton, 1989, 1991;
anced(i.e., N = 39) data set given in Table 1, PROC GL(8AS, O'Brien & Muller, 1993, pp. 325-333 Power analysis modules
1990 results for the Greenhouse—Geisser test&Eg(8[0.4497 = can be obtained from the Internet network through file transfer
1.3491, 1080.4497 = 48.5676 = 3.95,p = .0409, andFgxm protocols(see O'Brien & Muller, 1993, p. 340
(6[0.4497 = 2.6982, 1080.4497 = 48.5676 = 5.17,p = .0046,
where ¢ = 0.4497. The corresponding Huynh-Feldt results are 2For our 3% 4 design, a contrast vector among the levels of the
F(3[0.4869 = 1.4607, 1080.4869 = 52.5853 =3.95,p=.0372, repeated measures variabI’e could look [ike-10010-10100-1].

andFgxw(6[0.4869 = 2.9214, 1080.4869 = 52.5852 = 5.17,  Ajthough this example contains simpl® = pairwisé contrasts(coeffi-
p = .0036, where = 0.4869. cientg, the vector can be any set of linearly independent contrasts.
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Corrected Degrees of Freedom Statistics and Keselman and Alginél996. These parameters adjust the

Because the effects of heterogeneous covariances on tests aftical value to take into account the effect that violation of multi-
mean equality in unbalanced repeated measures designs are simis@mple sphericity has dfy andFgxy. If multisample sphericity
to the effects of variance heterogeneity on such tests in indeperiolds,
dent groups designs, one solution to analysis problems in hetero-
geneous unbalanced designs parallels that found in the context of bF[a: b, h] = F[a; (M — 1), (N = G)(M — 1]
completely randomized designs.

. . . and

The Keselman, Carriere, and Lix (1993) statistithe Ke-
selman, Carriere, and Lid 993 statistic(WJ), based on the work
of Johansen(1980, is a multivariate extension of théWelch, cFla; h",h] = Fle; (G—1)(M — 1), (N— G)(M — 1)].
1947, 195)-JamegJames, 1951, 1954rocedures for completely
randomized designs. The statistic does not pool across heterogA-SAS/IML (SAS Institute, 198Pprogram is also available for
neous sources of variatioftovariance matricgsand estimates computing this test in any repeated measures desiga Algina,
error degrees of freedom from the data. Although the test statistie 997). IGA results areFy,(1.2085,14.838/7= 7.44,p = .0470,
cannot always be obtained from the major statistical packages, Liwhereb = 1.6753 and~gx\(1.3992,14.438)/= 3.04,p = .1723,
and Keselmar{1995 presented a SA81989 IML program that  wherec = 1.4884.
can be used to compute the Welch—James test for any repeated Keselman et al(1997) compared the Welch-James and Im-
measures design. The program requires only that the user enter theoved General Approximation tests and found that both were
data, the number of observations per grdcgll), and the coeffi-  generally able to control their rates of Type | error even when
cients of one or more contrast matrices that represent the hypottassumptiongnormality and covariance homogeneityere jointly
esis of interest. Lix and Keselman presented illustrations of how twiolated. The Welch—James test, however, required a larger sample
obtain numerical results with their SABAL program. size to achieve robustness. Based on their results and recommen-

The empirical literature indicates that the Welch—James test islations and results reported by Keselman ef1893 and Algina
generally insensitive to heterogeneity of the covariance matriceand Keselmariin pres$, | recommend the Welch—-James test for
and, accordingly, will provide a valid test of repeated measuresnalyzing effects in repeated measures designs unless the sample
hypothesegKeselman, Algina, Kowalchuk, & Wolfinger, 1997; size is insufficient to ensure robustness. Typically it will not only
Keselman et al., 1993 Specifically, researchers should consider provide a robust test of repeated measures effects but will also
using this statistic when they suspect that group covariance matrgenerally provide a more powerful test of nonnull effects when
ces are unequal and they have groups of unequal size. However, tompared with the Improved General Approximation test. Indeed,
obtain a robust statistic sample sizes must be relatively large. Thailgina and Keselmariin press$ found, in comparing these two
is, according to Keselman et dl1993, to obtain a robust test of procedures, that when Type | error rates were controlled the power
the repeated measures main effect hypothesis using this statistisyperiority of the Welch—James test was as large as 60 percentage
the number of observations in the smallest of groups must be thregoints!
to four times the number of repeated measurements minus one
(i.e.,M — 1); to obtain a robust test of the interaction, this number A General Method
must be five or six to(M — 1). Algina and Keselmar(1997) Another procedure that psychophysiological researchers can
determined that the sample size requirements enumerated by Kadopt to test repeated measures effects can be derived from a
selman et al(1993 generalize to larger repeated measures designgeneral formulation for analyzing effects in repeated measures
(i.e., 6X 4 and 6X 8 as opposed to the:8 4 and 3X 8 designs  models. This newest approach to the analysis of repeated measure-
investigated by Keselman et al., 199®r the test of the main ments is a mixed model analysis. Advocates of this approach sug-
effect but that sample size requirements had to be larger to obtaigest that it provides the “best” approach to the analysis of repeated
a robust interaction test. Nonetheless, for most situations likely taneasurements because it can, among other things, handle missing
be encountered with applied ddiee., moderate degrees of non- data and also allows users to model the covariance structure of the
normality, covariance heterogeneity, unbalancedneabgse au- data. Thus, one can use this procedure to select the most appro-
thors recommended that researchers continue to use the Welclpriate covariance structure prior to testing the usual repeated mea-

James test for examining repeated measures effects. sures hypotheses, for examplg, andFgxy .

For the data set in which group sizes are unegiual,n, = 7, The first of these advantages is typically not a pertinent issue to
n, = 10, n3 = 13), Welch-James results aé¢},(3,11.25 = 9.53,  those involved in controlled experiments since data in these con-
p = .002, andWlk«\(6,13.89 = 8.26,p = .0006. texts are rarely missing. The second consideration, however, could

be most relevant to experimenters because, according to the de-

The Huynh (1978)—Algina (1994)-Lecoutre (1991) statistic. velopers of mixed model analyses, modeling the correct covari-
Huynh (1978 developed a test of the within-subjects main and ance structure of the data should result in more powerful tests of
interaction hypotheses, the Improved General Approximation testhe fixed-effects parameters. The PROC MIXED program in SAS
that is designed to be used when multisample sphericity is violated1996 allows researchers to examine a number of different co-
The Improved General Approximation tests of the within-subjectsvariance structures that could describe their particular Gata,
main and interaction hypotheses are the usual statisiigsand  compound symmetri¢the structure assumed by many programs
Fexm, respectively, with corresponding critical values biff[«; for valid univariate tests unstructuredthe structure assumed by
h’, h] andcF[a; h”, h]. The parameters of the critical values are many programs for valid multivariate tegtfirst-order autoregres-
defined in terms of the group covariance matrices and group sansive, etc). The program allows even greater flexibility to the user
ple sizes. Estimates of the parametéshb, h, h’, h”) and the by allowing modeling of covariance structures that have within-
correction due to Lecout@991) were presented by Algind 994 subjects angbr between-subjects heterogeneity.
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To select an appropriate structure for the data, PROC MIXEDdoes not limit the overall, that is, familywise rate of Type | error
users can use either an AkaikKE974 or Schwarz1978 informa-  to «. By modifying the critical value of the Stage 2 tests of the pair-
tion criterion. Keselman, Algina, Kowalchuk, and Wolfinggén wise differencedi.e., by usinga,.c-1,/V2, whereq, is a value
press compared these criteria for various between- by within-from the Studentized range distributjpfowever, Haytef1986
subjects repeated measures designs in which the true covarianskowed that Fisher{d935 two-stage approach provides exact Type
structure of the data was varied as well as the distributional form of error control.
the data and group size and covariance baléndzalance. Their
data indicated that neither criterion uniformly selected the correct Shaffer’s (1979, 1986) sequentially rejective Bonferroni ap-
covariance structure. For most of the structures investigated, bothroaches.Another stepwise multiple comparison procedure that
criteria, and particularly the Schwarz criterion, more frequentlyresearchers can adopt is one developed by Shdf@86. In this
picked the wrong covariance structure. Thus, although the mixegrocedure, th@ values associated with the test statistics are rank
model approach allows users to model the covariance structure, twardered from smallest to largest. Thatjig,< p, =< ,..., =< Pw,
popular criteria for selecting the “best” structure performed poorly.wherew = G(G — 1)/2 for pairwise contrasts. At Step 1, the
Not surprisingly, Keselman et 411997 found that the defauf tests ~ smallesip value,p;, is compared witlx/w. If p; > a/w, statistical
that PROC MIXED computes based on either of these two criterigesting stops and all pairwise contrast hypothdsgsl =i = w)
were prone to inflated rates of Type | error. Accordingly, any pre-are retained; ip; =< «/w, however, H is rejected and testing of the
sumed power benefits must be discounted when the procedure ismaining hypotheses continues in a similar step-down fashion by

prone to excessive rates of Type | error. comparing the associat@dralues withe/w*, wherew* equals the
maximum number of true null hypotheses, given the number of
Multiple Comparison Procedures hypotheses rejected at previous steps. For examplesf6 (i.e.,
Contrast Tests on Between-Subjects Marginal Means G =4) and H, (sayu; — u, = 0) was rejected at Step 1, Shaffer’s

The choice of a test statistic for contrasts on the betweenprocedure would compam with «/3 at Step 2 because only three
subjects marginal means rests on the tenability of the homogeneityairwise null hypotheses could be trliee., w1 = wa, 1 = M4,
of variance assumption. If this assumption is tenable, then a tesindusz = 4, OF o = wa, m2 = pg, anduz = u4). This procedure
statistic that uses a pooled estimate of error varidnee MSy,g) is more powerful than the usual Bonferroni procedure, which would
in estimating the standard error of a contrast is appropriate and wikompare eactp value with /6. Appropriate denominators for
provide the most powerful test. However, if the homogeneity ofeacha-stage test can be found in Shaffe(5986 table 2, for
variance assumption is untenable, then the more appropriate tedesigns containing up to 10 treatment levédse also Seaman,
statistic allows for an individual estimate of the contrast variancelLevin, & Serlin, 199).
(Welch, 1938. Given that one seldom knows whether the variance  Shaffer(1979, 1986 proposed a modification to her sequen-
homogeneity assumption is tenable, the safest course of action i&lly rejective Bonferroni procedure that involves beginning this
to uniformly adopt a test statistic that is based on the separatprocedure with an omnibus test. If the omnibus test is declared
variance approach. Research has indicated that this strategy reensignificant, statistical testing stops and all pairwise differences
sults in only slight losses in power when the homogeneity ofare declared nonsignificant. However, if the omnibus null hypoth-
variance assumption is satisfiéBest & Rayner, 1987; Games & esis is rejected, testing proceeds to pairwise contrasts using the
Howell, 1976. Test statistics based on the separate variance apsequentially rejective Bonferroni procedure previously described,
proach, often referred to as nonpooled statistics, can be obtaineslith the exception thap,, the smallesp value, is compared with
from programs in the popular statistical packagesg., the BMDP  a significance level that reflects the information conveyed by the
3D program, the SAS PROC TTEST, and the SPSS T-TEST andejection of the omnibus null hypothesis. For example vior 6,
ONEWAY procedures rejection of the omnibus null hypothesis implies at least one in-
equality of means and therefope is compared withn/3 rather
Stepwise multiple comparison procedurésclass of multiple  thana/6; the remaining stage®, 3, etc) use thew* values given
comparison procedures that can be used to test pairwise contrast Hyy Shaffer(1986 or Seaman et a(1997).
potheses are stepwise procedures. Unlike simultaneous multiple com-
parison procedurds.g., Tukey’s HSD; see Kirk, 1995, p. J4#hich Hochberg's (1988) step-up Bonferroni approadhke Shaf-
use a constant critical value to assess statistical significance, stefer’'s (1986 procedure, the values associated with the test sta-
wise procedures involve a succession of testing stages, and the sitgstics are rank ordered. In Hochberg®988 procedure, however,
nificance criterion, and hence the critical value, is adjusted throughoutesting begins by comparing the largpstalue,p,,, with «. If p, =
the stages. Stepwise procedures are recommended because they uslall hypotheses are rejected.df, > «, then H, is retained and
ally (i.e., for many nonnull mean configuratiomsovide a more pow-  testing continues comparimgy—1) With a/2. If po—1) = a/2, then
erful test of the multiple comparison null hypothesis. For pairwiseall remaining Hs are rejected. If not, then,H,, is retained and
contrasts among means, researchers can adopt any one of a numtesting continues to compapg,—» with /3, and so on. Clearly,
of stepwise multiple comparison procedures. this stepwise procedure is likely to be more sensitive in detecting
pairwise differences than is the usual Bonferroni procedure be-
Fisher’s (1935) two-stage Least Significant Difference (LSD)cause for every comparison, except the last, the level of signifi-
approach.A popular approach for testing pairwise contrasts is duecance is larger. Researchers can adopt other stepwise multiple
to Fisher(1935. In this approach, an omnibus test is conducted atcomparison critical valuegsee Keselman, 1993, 1994; Seaman
Stage 1 and, if declared nonsignificant, all pairwise contrast hypothet al., 1991
eses are regarded as null. If, however, the omnibus test is declared The illustrations in the remainder of this paper are based on the
significant at Stage 1, then all pairwise contrasts hypotheses are testadbalanced data sét; = 7, n, = 10,n3 = 13). Prior to illustrating
usingt statistics, each assessed atdavel of significance. Hayter tests on the between-subjects marginal means, | report the omnibus
(1986 showed, however, that whé&h> 3 this two-stage procedure test results for the between-subjects effect.
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The test of the between-subjects grouping variable is signifi-the familywise rate of Type | error te for repeated measures data
cant, assuming the level of significance to be .05, with either thehat do not meet the multisample sphericity assumption. For a
traditional test of significances (2,27 = 11.74,p = .0002, or the  detailed discussion of stepwise multiple comparison procedures
robust Welch(1951) test,WJ(2,11.42 = 4.80,p = .0307. | rec-  for repeated measures designs, see Keselfh9®3, 1994. The
ommend that psychophysiological researchers adopt the Welch pretepwise procedures enumerated for tests of between-subjects mar-
cedure because, as indicated, it is generally robust to varianoginal means can be used here as well.
heterogeneity and is relatively sensitive in detecting treatment ef- For illustration, | assume the pairwise tests were postulated a
fects, as compared with the ANOVAtest, even when homogene- priori and therefore adopt Hochberg's step-up Bonferroni proce-
ity is satisfied(Best & Rayner, 19811 dure to assess statistical significance. The six pairwise compatri-

Pairwise comparisons can be computed on the between-subjectsns arga) M, versusM,: WJ(1,7.76 = 0.25,p = .6291,(b) M,
marginal means either following a significant omnibus test or in-versusMs: WJ(1,7.69 = 1.83,p = .2151, (c) M, versusMy:
stead of the omnibus test if postulated a priori. For illustrationWJ(1,7.14 = 4.86,p = .0626,(d) M, versusMs: WJ(1,25.34 =
purposes, | will adopt Fisher'’€1935 two-stage LSD procedure. 14.66,p = .0008,(e) M, versusM,: WJ(1,12.3) = 25.54,p =
Because the omnibus Weldgi95]) test was significant, testing .0003, andf) M3 versusM,: WJ(1,8.86 = 14.01,p = .0047. The
would proceed to the pairwise tests. The pairwise tests are basdargestp value, .6291, is compared with .05 and thus this pairwise
on the two-sample Welcfi1938 test. Results for the three tests are hypothesigM; vs. M,) cannot be rejected. Next, the second larg-
(8 WJ(8.18 = 8.91,p = .0170, forG; versusG,, (b) WJ(6.52 = estp value, .2151, is compared witly2 = .05/2 = .025. Because
10.08,p=.0172, forG; versusGs, and(c) WJ(13.20 = 0.00,p = this p value is greater than its criterion of significance, this pair-
19966, forG, versusGs. BecauseG = 3, Fisher's(1935 LSD wise difference(M; vs. M3) also cannot be rejected. In the third
controls the familywise Type | error rate and therefore each of thestep, .0626 is compared with/3 = .0167, and consequentiyl;

t tests can be assessed for significance with .05. Accordingly,  versusM, is retained. In the fourth step, .0047 is compared with
we conclude thaG; versusG, and G; versusGs are significant.  «/4 = .0125. Because thip value is less than its criterion of
significance,M3 versusM, and the remaining comparisofise.,

Contrast Tests on Within-Subjects Marginal Means M, vs. M3 andM, vs. M,) are declared significant.

Multiple comparison procedures that use a constarooled
estimate of error variangan obtaining the standard error of a
contrast do not limit the familywise rate of Type | errordavhen ~ Assessing the Interaction Effect

the data do not satisfy the multisample sphericity assumpken - . . .
fy pie sp y P Traditionally, interaction effects have been assessed using one of

selman & Keselman, 1988; Keselman, Keselman, & Shaffer, 1991f' o methods(a tests of simple effects db) interaction contrast
Maxwell, 1980. That is, as Keselman and Keseln{a888 noted, W S sts ot simp S interacti SIS.

when the assumption of multisample sphericity is not satisfied, ’[heThe choice l:_)etween these two methods has depended on the hy-
potheses of interest.

use of various types of pooled estimates of error variance in esti Althouah researchers frequently compute simple effect tests
mating the standard error of within-subjects contrasts results i? nough rese . quently P P
ollowing a significant interaction, such tests do not probe the

biased tests of significance, particularly when the design is unbalfnteraction hypothesi. Cogent discussions of this point have
d. Fortunatel test d i ilable that id . o .
ance oriunately, a fest procedure 1S avarable fhat provides g en presented in the literatufe.g., see Betz & Gabriel, 1978;

robust test of pairwise contrasts of repeated measures means f%? o . :
unbalancedas well as balancednonspherical datdaKeselman oik, 1993; Lix & Kesglnjan, 1996 The presentation of simple

et al., 1991 This procedure involves the use of a nonpooledEﬁeCt tests, therefore, is intended for those_resz_aarcher§ who com-
statistic (i.e., Welch and Satterthwaite’s solution for degrees of pute these tests_ n_ot as_ a means of probing interactions bL.'t as
freedom(Keselman et al., 1991: Satterthwaite, 1941, 1946 means for examining differences between treatments at a fixed

program provided by Lix and Keselmaf995 can be used to level pf one \_/arlable,_when such comparisons have interpretive
obtain numerical results meaning within a particular research contéxty., see Toothaker,

1991, pp. 119-122

Simultaneous multiple comparison procedurdgsing the non-

pooled statistic, Keselman et £.991) investigated the robustness Simple Between-Subjects Effects
of various simultaneous multiple comparison procedures in nonin the G X M repeated measures design, the simple effecs of
spherical unbalanced repeated measures designs. The resultsrefers to the effect of the between-subjects varidblat a partic-
their simulations indicated that the nonpooled statistic generallylar or fixed level of the within-subjects varialdié. By restricting
limited the familywise rate of Type | error ta when used in  our attention to a particular level &f, we have essentially elim-
conjunction with a Bonferroni{t[«a/(2c);vs]}, Studentized inated the within-subjects variable from the design and are left
range {g[a; M,vs]/V2}, or a Studentized maximum modulus with a single-variable between-subjects design.
{M[a;c,vs]} critical value, where = M(M — 1)/2, the total num-
ber of pairwise contrasts and is error degrees of freedom based
on the Satterthwait€1941, 1948 solution(Hochberg & Tamhane, *Itis elillsydto Sh(t)W hOV;/ Comparisins bet\é\/_een ffn_eftms att_ a finefd |teve'|:0f

. one variable do not merely represent a probing or Interaction effects. For
2-09u8n7c; mz)t(\;v(;ﬁfzre:ggfénli?zog|Sineral" Keselman et 41997 example, in a two-way fac)tloriaﬁ design l\%( = Mg+ aj + Bx + (aB)j +

provided the best Type | erroreijk be the less-than-full rank mode] = 1,...,J, k= 1,... K), whereq;

control, followed by a Studentized maximum modulus critical value,and gy are the effects for the row and column variables, respectively, and

and finally a Studentized range critical value. (aB)j represents the interaction effect. In terms of the parameters of the
model, a comparison between say; — w1, (2 comparison between Col-

. . . . umns 1 and 2 within the first row gf would be equivalent tu + a3 +
Stepwise multiple comparison procedur@éth respect to tests Bt (@B)ia] — [+ a1+ Bo+ (@B)is] = (B1— Ba) + [(@B)11 — (@B)ial.

of pairwise contrasts of repeated measures means, Kes€l®88,  Thus, this comparison confounds effects due to the column variable with
1994 reported that several stepwise strategies can be used to limititeraction effects.
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A statistic that estimates error variance on the basis of the dataariables and a test of the simple within-subjects effect is per-
at a fixed level oM and, accordingly, does not require multisam- formed using Hotelling'g1931) T2 statistic. Upper 100 — «)
ple sphericity is percentage points of Hotelling®? distribution can be obtained
from the relationship

_ MSG atMp, i
Fc atM,,, = MS—~F[a,(G—1),(N—G)]. (6)
S/G atMp, _ Ng — M+1 ) ]
F—m-r ~F[a,M71,nng+1]. (8)

Essentially, this approach is equivalent to conducting a simple ¢
between-subjects analysis of the grouping varidblat a partic-
ular level ofM and, therefore, is dependent on the assumptions of 1he three multivariate tests af@ F(3,4) = 10.43,p = .0232,
independence of observations, normality, and homogeneity of varitd) F(3,7 = 20.07,p =.0008, andc) F(3,10 = 0.37,p = .7748,
ances. If the variance homogeneity assumption is untenable, &spectively, for the three simple effect teltst G;, M atG,, and
heterogeneous variance procedure, such as that of &8S1), M at Gs (the multivariate criteria are equal in this instaphce
should be used. To limit the familywise Type | error ratedieach With either approach and to limit the familywise rate of Type |
simple effect should be assessed at a reduced significance lev&ITor toa for the set of simple effect tests, each simple effect test
(For a discussion of familywise control with simple effect testing, Should be conducted using a reduced significance lekek,
see Kirk, 1995; Maxwell and Delaney, 1990. 1995; Maxwell & Delaney, 1990 That is, a Bonferroni procedure

For our example, there are four simple effect teStatM;, G at can be adopted to control the overall level of significance. Accord-
M,, G atMs, andG atM,. Each of the simple effect hypotheses is ingly, with either approach to simple effect testing, oMyat G,
tested with a Welch1951) omnibus test statistic. Thus, we find that IS significant because ifg value is<a/3 = .05/3 = .0167.
(8 WJ(2,11.36 = 2.56,p = .1212,(b) WJ(2,12.95 = 3.07,p =
.0543,(c) WJ(2,12.20 = 10.27,p = .0024, andd) WJ(2,10.25 = Interaction Contrasts
38.18,p = .0000, respectively, for the preceding four between-A second method of assessing the interaction effect is to perform
subjects simple effect tests. OrihatM; andG atM, are significant  a series of interactioftetrad contrasts. Tetrad contrasts, are most
because thejp values are less thaw/4 = .05/4 = .0125( Bonfer-  useful for teasing out interaction effects in large factorial designs
roni procedurg (Lix & Keselman, 1995, 1996 This method truly explores inter-

If relevant, each of the three simple effect tests can be followedaction effects, which is not the case with simple main effect tests
up with contrast tests, such as pairwise comparisons between ti{8oik, 1993.
simple effect means. Again, Welgh938 tests would be recom- Adopting a multivariate approach and lettiBg, = Xig; — Xig2,
mended to circumvent the homogeneity of variance assumptiorthe interaction contrast can be conceptualized as a between-
To maintain consistency with each simple effect level of signifi- subjects contrast//) between sayG; and G, on the dependent
cance, these tests can be assessed at the/*2904167 level.  variable,Dig. In this conceptualization, the test statistic is

Simple Within-Subjects Effects -

In our G X M design, the simple effect of variabl refers to the t = L , 9
effect of the within-subjects variabMd at a particular level of the > c5shio)
between-subjects variab® By focusing our attention on a fixed s

n

level of G, the between-subjects variable is effectively eliminated 9
and we are left with a single-variable within-subjects design. Ac-
cordingly, either univariate or multivariate approaches to the analwheres?y, is the variance of th® variable at leved. This statistic

ysis of simple within-subjects effects can be adopted. can be approximated by Student'distribution with estimated
Adopting a univariate approach, the simple effects of the within-\welch (1938 degrees of freedom given by
subjects variablé/ can be tested with a statistic that corrects for
nonsphericity, namely, the adjusted degrees of freedom approach
of Greenhouse and Geisg@959 (¢) or Huynh and Feldf1976 [2 C§S§/ng]2
[¢]

(é). Using the Greenhouse—Geisser adjustment, the test would be py = . (10)
[c§sg/ng]?

>

MSM atGg g ng - 1

Fumate, = ~Fla;(M = 1)€ (ng— (M = Dé], (7)

MSuxs/a,
Familywise control can be achieved using a Bonferroni critical

whereé (or é) is estimated on the basis 8f, the sample covari- value,t[e/(2c);r,], wherec = [G(G — 1)/2][M(M — 1)/2] (see

ance matrix of groum. Lix & Keselman, 1996. For our data set, there are a totaloof

The three Greenhouse—Geisser approximate degrees of fre8-X 6 = 18 tetrad contrasts. Adopting the nonpooled statistic the
dom tests equalk) F(1.09,6.58 = 0.85,p = .4007,¢€ = 0.3653, contrast tests are given in Table 3.

(b) F(1.74,15.64 = 19.23,p = .0001, ¢ = 0.5791, and(c) With a Bonferroni critical valug.05/18 = .0028, only (GM,; —
F(1.92,23.07=0.18,p = .8291,é = 0.6407, respectively, for the GM,,) versus(GMz; — GMzy), (GM,, — GMyy) versus(GMas —
three simple effect tests &l at G;, M at G,, andM at Gs. GMs4), and(GM,3 — GM,,) versus GMz; — GMs,) would be con-

As with the univariate approach, | prefer the use of a separatsidered significant. There are just three pairwise differences be-
error matrix (nonpooled in arriving at a multivariate statistic. tween levels of the repeated measures varididlevs. M4, M, vs.
Using this approach, th&l repeated measurements for thg Ma, M3 vs. My) that vary among just two levels of the between-
subjects at a fixed level o6 are transformed inta — 1 D subjects grouping variablg, andGs).
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Table 3. Contrast Tests for Interactions Using Summary
a Nonpooled Statistic My intention in this article is to present tests of hypotheses and
of subhypotheses in repeated measures designs that have not previ-
Contrast wJ P ously been discussed in this jourridénnings, 1987; Keselman &
(GMy1 — GMy,) vs. (GMp; — GMyy) 1.08 738 3258 Keselmgq, 1988, Keselman & Rogan, 198pecifically, n_"nethod_s
(GMy; — GMyo) Vs. (GMs; — GMay) 021 6.35 6650 for_obtalnlng valid tests of the repeatgd measures main and inter-
(GMyy — GMy,) Vs, (GMs; — GMay) 297 13.51 1077 Aaction ef'fept hypotheses and for.problng.these eﬁect;. I.n addition
(GMy; — GMy3) Vs. (GMp; — GMaa) 0.69 734 4314 (O presenting methods_ not p_rewou_sly dlscgss_,ed, I |nd_|cate how
(GMy; — GMy3) vs. (GMa; — GMsg) 0.02 6.28 ggap Users can obtaln_solutlons with various statistical algorithms that
(GMay — GMs) vs. (GMs; — GMsa) 794 1277 0147 &rereadably available. _ _
(GMy; — GMys) vs. (GMy; — GMya) 0.63 6.76 4532 . 'I.'he.re;olmmegdatlonbs Ioffere; (::ﬁer accordlng to W:etrl];r rt]he
(GMy; — GMyz) vs. (GMa; — GMay) 0.44 6.36 5302 esign IIS _a anced or Ll;n a:nce ,Ig a:,:]ISl researc _ers should C ?ose
(GMy; — GMyy) VS. (GMs; — GMay) 24.16 16.81 0001 an analys\;shstrategyl aselt_ on_v;/ ?'[ ir group sSizes are equ(ajl ;)I’
(GMyp — GMys) vs. (GMyz — GMys) 0.39 14.72 5394 l;nequa. hen equal, mu ivariate tec Inlt(llues altrg re.ci)mtmetn e'||.
(GMy — GMy3) vs. (GMap — GMss) 8.49 15.34 0105 ov.veve.r, when group 3|ze§ are unequal, g multivaria g e; S Wi
be invalid when the covariance homogeneity assumption is not
(GM22 - GM23) VS. (GM32 - GM33) 4.69 19.58 .0429 - . .
satisfied, particularly when data are also nonnormal. Accordingly,
(GM12 - GM14) VS. (GMZZ - GM24) 0.00 9.81 9725 . .
in this case, researchers should adopt the Welch—James test to
(GMy2 — GMyy) vs. (GMgp — GMgy) 9.36 8.08 .0154 . . .
investigate omnibus and subeffect hypotheses. The Welch—James
(GMZZ - GM24) VS. (GM32 - GM34) 21.75 17.34 .0002 . . . .
approach compares favorably with the multivariate approach in
(GMy13 — GMyy) vs. (GMy3 — GMys) 0.11 7.85 .7486 s .
terms of sensitivity to nonnull effects, and hence, researchers wish-
(GM13 - GM14) VS. (GM33 - GM34) 3.85 6.90 .0913 . foll ified h ignifi . h
GMys — GMoa) VS, (GMas — GMag) 25 .23 16.84 0001 ing tq ollow a unified approach to significance testlng cgn choose
(GMzg 24) W= ATss 34 : : : to uniformly adopt the Welch—James nonpooled statistic for both
balanced and unbalanced designs.
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