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ABSTRACT ARTICLE HISTORY
The issue of unmet equal variance assumption in multi-factor ANOVA has Received 2 August 2021
been addressed in the literature with several methods, and parametric Accepted 14 July 2022
bootstrap (PB) has been found in the one-way and two-way cases to out-
perform other methods. We extend previously developed PB procedures
for one- and two-way ANOVA, and illustrate with a three-way ANOVA Multi o

. ! ultiple comparison;
model with unequal group variances (heteANOVA model). We develop a Parametric bootstrap;
framework for working with these models, analogous to usual multi-factor Simulations; Tukey’s test;
ANOVA procedures, where F-tests and Tukey's simultaneous multiple com- Unequal variance
parison procedures are replaced by PB procedures. Using simulation, we
compare these methods to F-tests for each step in model selection, as well
as to Tukey's test for multiple comparison procedures (MCP). The results of
our simulations indicate that the PB methods outperform F-tests and
Tukey's test in terms of Type | error when data are unbalanced.

KEYWORDS
ANOVA; HeteANOVA;

1. Introduction

Consider the three-factor ANOVA problem of abc normal populations with unequal population
variances a?jk, i=1,.,a,j=1,.,bk=1,..,c and let Y, Yj,..., Vi, be the observations

from each group. The full ANOVA model, hereafter called hete ANOVA model, is
Yijkm =G + A,‘ + Bj + Ck + AB,‘]' + ACik + BCjk + ABC,‘jk + e,»jkm

where ejji, ~ N(0, afjk). The usual F-tests for main and interaction effects in these models assume

equal group variances, and can be smaller or larger in size than the nominal level when this
assumption is violated (Weerahandi 1995; Bao and Ananda 2001; Scheffe 1959). Weerahandi
(Weerahandi 1995) showed examples of this: when there was no particular relationship between
sample size and group variance, the p-value for the conventional F-test was too large (type II
error); however, they provide an additional example where sample sizes were negatively correlated
with the group variances, and the p-value of the conventional F-test was shown to be too small
in this case. Transformed data, such as the log or square root of observed values, may in some
cases meet the equal variance assumption. However, this method does not always work and can
make the results more difficult to interpret. Other approaches such as the generalized F-test have
been proposed (Weerahandi 1995; Ananda and Weerahandi 1997) for one-way and two-way
models, but may not perform well with larger numbers of treatment levels (Xu et al. 2013).

As described in (Christensen 2016) section 4.3, caution is needed when making practical deci-
sions based on differences in means between groups with unequal variances. For example, if a
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lower value of a response is desired, such as blood pressure, a treatment group with a smaller
mean and smaller variance may have a smaller probability of achieving the desired outcome than
a treatment group with a larger mean and also larger variance. Thus, additional consideration of
implications for the practical issue being studied is warranted. Nevertheless, the problem of
unequal variance does arise in practice, so methods of dealing with the problem are desirable.

The parametric bootstrap (PB) approach has been shown to work well for one-way and two-
way heteANOVA models, including cases with unbalanced data (Xu et al. 2013; Krishnamoorthy,
Lu, and Mathew 2007; Zhang 2015a; Zhang 2015b). This work generalizes the approach to a
three-factor model and uses simulations to compare the performance of the PB method with the
usual F-tests.

Another problem in ANOVA models is multiple comparison procedures (MCP’s): pairwise
simultaneous comparisons of all factor levels. The PB approach has been shown to work well for
MCPs in one-way and two-way heteANOVA cases (Zhang 2015a; Zhang 2015b). We again gener-
alize this to the three-factor case, and use simulations to compare the performance of the PB
methods to Tukey’s test.

This paper is organized as follows. In Sec. 2, we describe the overall PB method and show
relationships between PB methods and conventional F-tests, as well as develop an overall proced-
ure for analyzing data under these models, analogous to conventional methods. In Sec. 3, we
illustrate the procedure for a three-way ANOVA model and compare performance of the PB tests
with that of the usual F-tests for each term in the model. Section 4 illustrates MCP using PB.
Section 5 includes discussion of our results, limitations and areas for further research. R code (R
Core Team 2020) is given in the Appendix for the algorithms developed.

2. General PB method for ANOVA models

The overall process for analyzing multi-factor data using PB methods is similar to the usual
ANOVA approach, such as in Christensen 2016 (Christensen 2016) and Kutner et al. 2005
(Kutner et al. 2005) and is shown in Figure 1. For the PB method, a PB test rather than an F-test
is used at each step of testing to determine the terms to be included in the final model, and PB
tests rather than traditional MCP’s are used to examine factor level means. In usual ANOVA
models where the equal variance assumption is met, for testing Hy : Par = 0, where the param-
eter of interest (Par) is a main effects term or an interaction term, our usual F-test statistic, or
general linear test (Kutner et al. 2005), takes the form

(SSE(R) — SSE(F))/(dfE(R) — dfE(F))
MSE(F)

where SSE(R) indicates the sum of square for error (SSE) from the reduced model, SSE(F) indi-
cates SSE from the full model, dfE indicates the degrees of freedom for error for the respective
models, and MSE(F) indicates the mean squared error (MSE) from the full model.

In the following sections, we develop PB algorithms for use at each level of testing that are
analogous to the F-test (general linear test for a three-way ANOVA model). Algorithm 1 will be
used for testing the three-way interaction term, Algorithm 2 for the two-way interaction terms,
and Algorithm 3 for testing main effects when no interaction terms have significant effects.
Algorithm 4 is used when only one two-way interaction term is significant and we want to test
the remaining main effect term that is not involved in the significant interaction. Algorithms 5
and 6 will pertain to MCP’s. Algorithms 1-4 are the same at each step other than the design
matrix specific to the reduced model being tested. For each of algorithms 1-4, the test statistic is
based on the standardized sum of squares for the term under investigation, that is, a function of
the numerator of the F-test shown above. As discussed in (Christensen 2018), this can be written
in matrix form as:

>
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Biggest Model: EY = A+B+C+AB+AC+BC+ABC

Test ABC term Using Alg. 1

One-Way S .
yes
ANOVA, R;{Jeft
abc Levels o
{Multiple Comparisons (Zhang 2015—1)} no
Test Two-Way Terms Using Algorithm 2
Test Main
One-Way >0 No. of 1 Effect Not
ANOVA, — Significant Involved
abc Levels Terms? w/Interaction
(Alg. 4)

[Multiple Comparisons (Zhang 2015—1)}

Drop if

Test Main Effects Using Algorithm 3 Not Signif

{Multiple Comparisons (Alg. 6)

[Multiple Comparisons (Alg. 5)]

Figure 1. Overall process: three-way ANOVA using parametric bootstrap.

S;=Y'(A—A))Z (A~ Ay)Y = SSE(R) — SSE(F)

For our application, X, = diag(a3,,, ... 02,1, 0115 - 0%.)> (i€, each O'fjk is repeated n;; times
along the diagonal). For equal variances, X, reduces to I where I is an n X n identity matrix. In
S above, A =X(X'E'X)"X'Z;! and Ag = Xo(X;Z,'X) X,X,' are the projection operators
onto the column spaces of the design matrices X and X, for the full and reduced models respect-
ively, where X’ indicates the transpose of a matrix X. If variances are known, S; ~ y*(r(X) —
r(Xp)), as shown in linear models texts such as (Christensen 2018). We discuss this idea more
specifically to each parameter of interest in the following sections. In general, variances are
unknown, so the true distribution of this test statistic is also unknown. When group variances are
equal (but unknown), the usual F-test statistic follows an F distribution since it is equivalent to:

M/[r(x) —1(Xo)] Xf(X)fr(Xg)/[r(X) —1(Xo)]

a2 _

w/p\] — r(X)] B Xlz\rf,«x)/[N - T(X)]

G—Z

[r(X)=r(Xo), N=r(X)]>

where r(X) refers to the rank of the X matrix and N is the total number of observations for all
groups. When variances are equal so that X, =¢%I, A and A, reduce to X(X'X) X' and
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Xo(X}Xo)~ X}, respectively, so in this case, Y'(A — A¢)'Z, (A —Ap)Y = W. In the above
F-statistic equation, the o2 cancel since they are equal, so unknown ¢ is not a problem.
However, as we see in our simulation results, the pooled variance estimate that we use for the
MSE will not be accurate for all groups and can lead to test statistics being too large or too small,
and thus decisions to reject or not reject hypotheses can be too liberal or too conservative, similar
to results illustrated by Weerahandi (Weerahandi 1995).

The X and X, matrices above are the design matrices corresponding to a Y vector with all
responses. The PB method here uses design matrices corresponding to the vector of group means,
e.g., for a three-way ANOVA model with a=3, b=2 and ¢=2, Y = (J,,1,7,10 V121> - V322 )
where y,, = foilyijk/nljk. It can be shown that S; = Y'(A — A¢)'S,'(A — Ay)Y = SSE(R) —
SSE(F) = Y5y —Y'5'X, (X 27'Xx,) X2y, where ¥ = diag(a?,,/n111, 631,/ N1125 -
02,./Mabc) and X, is a matrix of indicators corresponding to each group mean, discussed further
for each parameter in the upcoming sections.

For a three-factor ANOVA model, if o7’s are known, X =diag(a},;/mun, 01,/
ni12 ...Uibc /Mapc), and the null hypothesis Hy : Par = 0 is true (under the null hypothesis, the y*
non-centrality parameter is 0), then a natural test statistic for testing Hy is Sj, the standardized
sum of squares for the term being tested, which as discussed above, follows a %* distribution with
r(X) — r(Xo) degrees of freedom. In general, variances are unknown, so we replace S; with the
test  statistic S, = Y'ST'Y — Y'STIX, (X'ST'X,) XS, where S = diag(s},,/mu1,
STia/M12s -+-Sqpe/ Mabe ), and Sfjk = nljk171 nm,,kzl ijkm _yijk)z'

In this case, since the variances are unequal and unknown, the test statistic no longer follows a
known distribution. The overall idea of a PB approach to this problem is to simulate a distribu-

tion for S; under the null hypothesis.

Each of Algorithms 1-4 follows the same procedure for testing each null hypothesis Hy : Par =
0, with Par the applicable parameter. This procedure involves (1) calculate the test statistic $; above,
(2) simulate a distribution for S; under Hy, and (3) calculate a Monte Carlo estimate of a p-value:
the proportion of our simulated null distribution that is at least as extreme as our test statistic. This
p-value can be used in the typical manner to reject or not reject the null hypothesis pertaining to the
model term (parameter) we are investigating. In each algorithm 1-4, the X, matrix in S; changes to
reflect each reduced model; otherwise these algorithms are the same at each step.

For multiple comparisons of levels of a factor, Algorithms 5 and 6 are analogous to Tukey’s
test, but again, Tukey’s test is intended for cases where the equal variance assumption is met and
group sizes are equal. The Tukey-Kramer procedure does allow for different sample sizes (Kutner
et al. 2005), and the documentation for the “TukeyHSD’ procedure in R (R Core Team 2020)
states that the results are valid for mildly unbalanced data. When the equal variance assumption
is met, Tukey’s test statistic can be compared to the studentized range distribution, but if not, the
test statistic no longer follows a standard distribution for comparison, so we simulate a distribu-
tion using the PB method. Figure 1 depicts the overall procedure for a three-factor heteANOVA
problem using these PB algorithms.

3. lllustration of PB for three-factor ANOVA
Consider the three factor ANOVA full model, with all interactions and main effects:
Yijkm = G + Ai + Bj + Ci + [ABl;; + [ACly + [BClj + [ABClyj + eijems (1)

where G indicates the grand mean, A, B, and C indicate main effects, [AB], [AC], and [BC] indi-
cate two-way interaction terms, and [ABC] indicates the three-way interaction term. Also, we
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assume  ejjr,, independent ~ N(0, O'fjk), and for identifiability, we assume the constraints
Zi WiAi = 0, ZJ Vij = 0, Zk uka = 0, ooy Zi W,[ABCLJk = 0, ZJ VJ[ABC]l]k = 0,
>k Uk [ABC]ijk = 0, where the w’s, v’s, and u’s are non-negative weights, not all zero. Define the

vector of means, Y = (3,11, 7112 - V12>V 122> -+ Vape) » indicating the sample means of the obser-
vations from each factor level and combination of factor levels. Define the vector of sample var-
iances for each combination of factor levels to be sfjk = (s} S35 ...sibc)’, and the matrix

Sabcxabc = diag(sfu/”m,an/”uz, -~~5ibc/nabc)

Following the procedure in Figure 1, we test each term in the model (1), from highest order to
lowest order. Reduced models for each stage of testing are shown below. For each term in the model,
if a?jk’s are known, X = diag(c?,, /ni11, 0%, /M112, ...0%,. /apc), and the null hypothesis is true (under

the null hypothesis, the y* non-centrality parameter is 0), then a natural test statistic for testing Hy is
the standardized sum of squares for the term being tested (and higher order terms):

YEY — V2 X, (X 27X,) X2 ~ Xﬁbcfr(x*)’ where X, refers to e.g., Xupc for the
three-way interaction term, Xpc for the BC interaction term, and X for the main effects for fac-
tor C as described below.

The matrix X, consists of a column of 1’s for the grand mean and (0, 1) indicators for member-
ship in each factor level and combination of factor levels. Note that this matrix is indicating the lev-
els for the group means, not each observation, so it should not be confused with the design matrix
for the full data, which could include replications. X, can be expressed using Kronecker products.
Let J, indicate a column vector of n 1’s, and I,, indicate an n x n identity matrix. Then, for example,

XABC = ([]abcr Ia & ]bc:]a ® (Ib ® ]c)a]a &® (]b ® Ic)]: [Iub ®]c]3 [Ia & (]b & Ic)]’ Ua ® Ibc])
In general, variances are unknown, so we replace X with S to form the test statistic introduced
earlier: §; = Y'S7'Y — Y'S71X,(X/S71X,) " X/S71Y.
The test statistic SI is location invariant (Xu et al. 2013), so without loss of generality, take
E(Y)=0. The PB variable can then be developed as follows. For a given

2
G111 P 1120 -2 Vabed St11 Stz -+ Sape) )» YV Bijk ™ N(o, Stzjk/nijk)’ and S%iijk ~ (njkrk—l) X%z,»jkfl’ i=
L..a j=1,.,bk=1,..c

Let Y5 = (Vp111>Pp112 -+ Vpabe) and Sp = diag(s3,1,/minn Sg115/m12, --Sppe/ Mabe)-

Then we can construct the PB pivot variable based on the test statistic S;, replacing Y with
Y and S with Sg:

Sip= Y385V — Y85 X, (X.S5'X.) " X'S;' Y. For a given level o, there is evidence that the
main effects or interaction effects exist when P(SIB > 351) < o, where §; is an observed value of
S;. This probability can be estimated by Algorithms 1-4 depending on the term being tested.
Note that while model parameter estimates depend on the chosen weights, the tests considered
here do not. This is discussed for the two-way case in (Xu et al. 2013) and proofs are given by
Arnold (Steven F, 1981). These ideas can be extended to the three-way case. As discussed by
Arnold (Steven F, 1981), when testing the main effects and two-way interactions, we are perform-
ing not quite a test for e.g., A; = 0, but a test for A; + [AB]; + [AC]; + [ABC]; = 0, that is, the
main effect plus the higher order terms involving it, which does not involve the weights.
Additionally, we do not suggest testing a main effect term if the interaction terms involving it are
found significantly different from zero. Further, the tests presented here are based on the differ-
ences in sums of squares for error between models, not the parameter estimates themselves (see
e.g. (Searle 1971), Sec. 5.2). The specific tests of a main or two-way term plus the higher order
terms that involve it are shown in the null and alternative hypotheses for each Algorithm 1-4.
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3.1. Testing three-way interaction
For the three-way interaction term, consider model (1) and:

Hoapc : [ABCly =0fori=1,..a,j=1,...,b,k=1,..cvs

Hyapc : [ABC]ij # 0 for some i, j, k.

If afjk’s are known, as discussed previously, a natural test statistic for testing H is the standar-
dized sum of squares for the three way interaction, a function of (Y =G —A —B — C — AB —
AC — ]§E‘), where the terms G, ..., BC are the parameter estimates from fitting all terms from
model (1) other than the ABC term:

YIZ_1Y — YIZ_IXABc(X;‘BCZ_leB(j>7XA/ABCZ_1Y ~ Xibcfr(Xubc) (11)

In general, variances are unknown, so we replace (1.1) with the following test statistic:

S;=Y'S7'Y — V'S Xupe(XpeS  Xanc) XapeS Y. (1.2)

This test statistic is location invariant (Xu et al. 2013), so without loss of generality, take
E(Y) = 0. We construct the PB pivot variable based on test statistic (1.2), replacing Y with Yp
and S with Sg:

Sip = Y3S5' Vi — Y585 Xanc(X) S5 Xanc) XypcSs' Y (1.3)

For a given level o, the test rejects Hoapc wWhen P(SIB > §7) < o, where 37 is an observed value
of S; in (1.2). This probability can be estimated by Algorithm 1.

Algorithm 1:

For a given (111, M112, - Mabe)s (Vi1 V1120 -+ Vape)»  and (5311, 8715, --.55,.)» compute S; =
?,SilY — ?lsiIXABC(X:ABcsileBc)ingcsilY and call it S1.

Forl=1,..,L:

Generate yp;; ~ N(0, 55, /nj), and

2
s%
2 ijk 2 . . _
SBijk ~ (nijk — 1),(%1, i=1.aj=1.,bk=1,..
Co~mpute S‘[B = Y;SEI?B — Y%SEIXABC(XABCSEIXABC)_X/ABcsgl?B>

If Sip > 51, set Q =1,

(end loop)

%ZzL:1 Q is a Monte Carlo estimate of the p-value P(Syz > 5;).

3.2. Testing two-way interaction terms

For the two-way interaction terms, if we do not reject Hy for the ABC interaction term, we drop
this term and consider the model:

Note that if the three-way interaction term [ABC]ijk is equal to zero for all i, j, k, this model
(2) is equivalent to the full model (1). Additionally, if we do not reject Hy for the ABC interaction
term, the term would not be significantly different from zero, but weak/non-significant effects
could be present. As discussed by Xu et al (Xu et al. 2013), when the three-way interaction is pre-
sent, each two-way effect alone, for example BC, cannot reflect the effects of B and C because it
depends on the level of the ABC interaction. So rather than testing Hosc : [BC|;, =0, we are
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actually testing Hopc : [BCJy + [ABC];; = 0 as shown below. In testing the two-way interaction

term [BC], the sum of squares for the BC and ABC interaction will be a function of (Y — G —

A-B-C—AB-— @), where the terms G, ..., AC are the parameter estimates from fitting all
terms from model (2) other than the BC term, i.e., from fitting the reduced model:

Yijkm = G + A; + Bj + Ci + [AB];; + [ACly + ejim (3)
Similarly to the three-way interaction case, a natural test statistic for testing
Hogc : [BC]y + [ABCly; =0 for i=1,..,a,j=1,..,b, k=1,..c vs Hypc: [BC| + [ABCl; #
0 for some i, j, k

is the standardized sum of squares for the BC and ABC interaction term:

e o 3 e
YVEY - V2 Xpe(XpeZ ' Xae) XpeZ 'Y ~ t2e yx,0) Where

XBC = (Uabca Ia ®]b6)]a & (Ib & ]c)a]a ® (]b ® Ic)]) [Iab ®]c]> [Ia & (]b X Ic)])

For unknown X, the test statistic will be:
Si=Y'ST'Y — V'S Xpe(XpeS ' Xpe) XpeS'Y (1.4)

The test statistic (1.4) is analogous to the general linear test of the reduced model (3) above,
vs the biggest model (1). The PB pivot variable for Hypc is constructed based on test statistic
(1.4), replacing Y with Yp and S with Sg:

Sip= Y385 Vi — V385 Xpc(XpeS5 ' Xpc) XpeS5' Y (1.5)

For a given level o, the test rejects Hopc when P(SIB > 57) < o, where §; is an observed value

of S; in (1.4). This probability can be estimated by Algorithm 2. Algorithm 2 should be used
three times to test each two-way interaction term and is similar for each term. The X-matrix in
1.4 and 1.5 should be replaced to reflect the term under testing as follows:

Xac = []uhca I @ Joe, Ja ® (Ib ®]c)a]a ® Ub 02y Ic)a Ly ®Je, Ja ® Ibc]-
XAB = Uabc’ Ia ®]bo]a X (Ib & ]C))]u X (]b & Ic)» Ia X (]b & Ic))]u X Ibc]~
Algorithm 2 is identical to Algorithm 1 except that Xpc, Xac or Xap replaces X pc in the cal-
culation of S; and Syz.

3.3. Testing main effects w/no significant interaction terms

If we do not reject Hy for any of the interaction terms, we drop these terms and consider the
model

Yikm = G + A; + Bj + Ci + ejjkm- (4)
In testing the main effect term C, the sum of squares for C and the interactions will be a func-
tion of (Y — G — A — B), where the terms G, A and B are the parameter estimates from fitting
all terms from model (4) other than the C term, i.e., from fitting the reduced model:
Yiim = G+ A; + Bj + € (5)
A natural test statistic for testing
Hoc : Cx + [AB]; + [AC]y + [BC]; + [ABCly =0 for i=1,..,a,j=1,..,b, k = 1,...c vs Hyc:
Cr + [AB]; + [AC]y + [BC]y + [ABC] # 0 for some i, j, k
is the standardized sum of squares for C and the interaction terms: Y'T7'Y —
VEIXo(XLE 7 Xe) XLE 7Y ~ Xﬁbcfr(xc)' Again note that this is not quite a test for C, = 0

alone, but a test for Cy and the interaction terms, which does not involve the weights.



8 S. ALVER AND G. ZHANG

For unknown X, the test statistic will be:
Si=Y'S'Y - V'S Xe(XLS T Xe) XLSTY, (1.6)
where XC = Uubc’Ia ®]bc’]a & (Ib ®]c)](16) _
The PB pivot variable for Hyc is constructed based on the test statistic (1.6), replacing Y with
Y3 and S with Sg:
Sip= Y585 Vi — VS5 Xe(X0S5' Xe) ™ XS5 Vg (1.7)

For a given level o, the test rejects Hyopc when P(SIB > 57) < o, where $; is an observed value

of S; in (1.6). This probability can be estimated by Algorithm 3. Algorithm 3 should be used
three times to test each main effect term and is similar for each term. The X-matrix in 1.6 and
1.7 should be replaced to reflect the term under testing as follows:

Xa = Jabes Ja @ (I @) Ja © (Jo ® L)
X = Jabes Lo @ Joes Ja @ (Jy @ L)
Algorithm 3 is identical to Algorithm 1 except that we use X,, Xz or X¢ in place of X,pc in
the calculation of S; and Sjz.

3.4. Testing one main effect in presence of one significant Two-Way interaction

If we do not reject Hy for two of the interaction terms, but do reject for one of them, say AB, we
drop the non-significant terms and consider the model

Yijkm = G+ A + Bj + Ck + [ABL]- + Cijkm (6)

which would be equivalent to model (1) if all interaction terms other than AB are zero. Again we
are performing a test for C and the higher order interaction terms that involve it together, which
does not involve the weights, rather than C alone, after already finding the higher order terms
not significantly different from zero.

In testing the main effect term C when the AB interaction term is not significantly different

from 0, the sum of squares for C and the remaining interactions will be a function of (Y — G —

A—B-— z@), where the terms G, A, B and AB are the parameter estimates from fitting all terms
from model (6) other than the C term, i.e., from fitting the reduced model:

im = G + A; + B; + [AB];; + ejiim (7)
Similarly to the previous cases, a natural test statistic for testing
Hyc. : G+ [AC], + [BC]jk + [ABC]ijk =0 for i=1,..,a,j=1..,bk=1,...c vs Hy:
Cr + [AC]; + [BC]y + [ABC| . # 0 for some i, j, k
is the standardized sum of squares for C and the interaction terms other than AB: Y'T7'Y —
?1271XC* (X,C*271XC*)7X,C*271Y ~ Xibc—r(XC*)’ where XC* - []abca Ia ® ]bc, ]a ® (Ib ® ]c)>Iab ® ]c]
For unknown X, the test statistic will be:
S =Y'S7'Y - V'S X (XS X)X, STY (1.8)
Similarly to the previous terms, for Hyc., we can construct the PB pivot variable based on test
statistic (1.8), replacing Y with Y and S with Sp:
Sip= Y585 V5 — Y585 Xeu (XL, S5 ' Xe) XE.S;' Vs (1.9)
For a given level o, the test rejects Hyc, when P(SIB >3;) < o, where §; is an observed value
of S; in (1.8). This probability can be estimated by Algorithm 4. Algorithm 4 could be used for
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to test any main effect term that is not involved in an interaction. To do so, the X-matrix in 1.8
and 1.9 should be replaced to reflect the term being tested, as follows:

Xasx = aber Ja @ Iy @ Je)s Ja @ (Jo @ 1), Ja ® I, where the reduced model is yjjim = G + B+
Cr + [BC]jk + €ijkms;

Xpe = [Javer Ia @ Joer Ja @ (Jp @ 1), o @ (Jp ® I.)], where the reduced model is yjm = G+ A+
Ci+ [ACT + e

Algorithm 4 is identical to Algorithm 1 except that we use X4., Xp. or Xc, in place of X4pc in
the calculation of S; and Sjz.

3.5. Simulations for testing interaction and main effects terms

For each term being tested, we again consider model (1) and reduced models shown in the previ-
ous corresponding sections. For each simulation, datasets were generated under the reduced
model with e, ~ N(0, Ufjk), i=1,..,a,j=1,.,bk=1,..,c, G=0, and to meet the con-
straints YL A=0, 3 Bi=0, Y%, C=0, 3 AB;j=0, 3;_  ACy =0, and
> %1 BCk =0. The sample mean and sample variance vectors (V11,7112 - Vap)> and
(s}11> 83155 ---52,.) were calculated from each simulated dataset. The simulation was performed with:
(1) a =b = c =2 to form 8 combinations;

(2) population standard deviation ; = (0111, 01125 ---» 0222) :

6’y =(1,1,1,1,1,1,1,1), 6’ = (01, 0.1, 0.1, 0.1, 0.5, 0.5, 0.5, 0.5), 6”5 = (1,1,1,1,0.5, 0.5,
0.5, 0.5), 624 = (0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 1), 675 = (0.1, 0.3, 0.9, 0.4, 0.7, 0.5, 0.6, 1), 6% =
(0.01, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 1);

(3) significance level « = 0.05 and o = 0.1;

(4) group sizes n; = (m111, M112> .- M222) = M = (5,5,5,5,5,5,5,5), n, = (10, 10, 10, 10, 10, 10, 10,
10), n3 = (3,3,4,5,4,5,6,6), ny = (4, 6, 8,12, 14, 16, 18, 20). For a given sample size and population
variance configuration, we generated 2500 datasets, calculated the observed vectors
T P11z - Vape)> and (s3,, 831, ...5%,.) from the datasets, and used 5000 PB runs to estimate the
p-value using Algorithms 1-4 as indicated. The p-value for the F-test (general linear test discussed
in Sec. 2) for each term was also calculated for each simulated dataset using the Im’ function in
R (R Core Team 2020). The tests were considered to reject if the p-value was less than «, and the
proportions rejected out of the 2500 datasets were calculated for both the algorithm and the F-
test, and shown in Tables 1-4.

For simulations for the three-way interaction, datasets were generated under the reduced
model (2). Algorithm 1 was used to calculate the simulated p-value for the PB test, and the F-test
comparing the reduced model with model (1) was calculated as described above; results shown in
Table 1. Similarly: for the BC interaction term, model (3) was the reduced model and Algorithm
2 was used - results shown in Table 2; for the main effect C, model (5) was the reduced model
and Algorithm 3 was used - results shown in Table 3; and for simulations of testing one main
effect when one two-way term is significant, model (7) was the reduced model and Algorithm 4
was used - results shown in Table 4. We see from these tables that the F-test does not work well
for some cases, but the PB test is robust; simulation results are discussed further in Sec. 5.

4. Multiple comparisons

For our three-way ANOVA illustration, if the highest order term (i.e., the three-factor interaction
term) is found to have a significant effect, or if two or more of the two-factor interaction terms
are found to be significant, we can approach the problem as a one-way ANOVA problem with
abc levels, and then perform multiple comparisons of factor level means. Approaching this
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Table 1. Simulation results for testing ABC interaction.Numbers in the table are simulated p-values. We consider four different
sizes and six different variance vectors: n; = (5,5,5,5,5,5,5,5); n, = (10,10,10, 10, 10,10,10,10); n3 = (3,3,4,5,4,5,6,6); ng =
(4,6,8,12,14,16,18,20); &% = (1,1,1,1,1,1,1,1);6%, = (0.1,0.1,0.1,0.1,0.5,0.5,0.5,0.5); 6% = (1,1,1,1,0.5, 0.5,0.5,0.5);
624 = (0.1,0.2,0.3, 0.4,0.5,0.6,0.7,1); 6%s = (0.1,0.3,0.9,0.4,0.7,0.5,0.6, 1); 6%¢ = (0.01,0.1,0.1,0.1,0.1,0.1,0.1,1), and the
two different « levels shown.

o= 0.05 a=0.1
¢ F-test Algorithm F-test Algorithm
n 0.0576 0.0528 0.1104 0.1080
n 0.0504 0.0492 0.1096 0.1092
ns 0.0556 0.0536 0.1068 0.0988
Ny 0.0528 0.0476 0.1056 0.1020
6%, F-test Algorithm F-test Algorithm
n 0.0412 0.0348 0.1088 0.1012
n 0.0568 0.0556 0.0936 0.0944
ns3 0.0248 0.0412 0.0572 0.0848
ny 0.0088 0.0528 0.0256 0.0972
6’3 F-test Algorithm F-test Algorithm
n 0.0492 0.0468 0.1060 0.1008
n 0.0504 0.0500 0.0992 0.0984
ns 0.0688 0.0456 0.1252 0.0960
ny 0.1060 0.0544 0.1400 0.0940
62 F-test Algorithm F-test Algorithm
m 0.0556 0.0500 0.1028 0.0968
n 0.0504 0.0496 0.1044 0.1032
ns 0.0232 0.0416 0.0580 0.0928
ny 0.0100 0.0636 0.0252 0.1000
6’5 F-test Algorithm F-test Algorithm
n 0.0552 0.0504 0.0900 0.0832
n 0.0560 0.0548 0.0960 0.0940
ns 0.0340 0.0460 0.0816 0.1032
ng 0.0176 0.0484 0.0464 0.1056
% F-test Algorithm F-test Algorithm
mn 0.0696 0.0576 0.1180 0.1036
n; 0.0564 0.0500 0.1192 0.1124
ns3 0.0244 0.0452 0.0472 0.0904
ny 0.0060 0.0404 0.0160 0.1048

problem using PB methods is described in detail by Zhang (2015b), which performs all pairwise
comparisons of factor level means analogously to Tukey’s test, but uses PB methods to allow for
unequal variances. If there are no significant interaction terms but some main effects are found
to be significant, all pairwise comparisons of the factor level means of the significant main effects
may be of interest.

4.1. Multiple comparisons for main effects only

Consider simultaneous comparisons of the factor A level means when no interactions are present,
i.e.,, in model (4). An estimator of the factor A level means, similar to the estimator described in
(Zhang 2015b) is a weighted average of the corresponding cell means:

. Zj >k VikY ik

Y, = 1.10
AT (1.10)

Zi"’jk

“— with N the total number of observations.

where vy =
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Table 2. Simulation results for testing BC 4+ ABC interaction.Numbers in the table are simulated p—values. We consider four different
sizes and six different variance vectors: n; = (5,5,5,5,5,5,5,5); n, = (10,10,10, 10, 10, 10, 10, 10) =(3,3,4,5,4,5,6,6); n.
(4,6,8,12,14,16,18,20); 6% = (1,1,1,1,1,1,1,1);6%, = (0.1,0.1,0.1,0.1,0.5,0.5,0.5,0.5); 623 = (1 1,1,1,0.5,0.5, 0.5, os)
624 = (0.1,0.2,0.3, 0.4,0.5,0.6,0.7,1); 6%s = (0.1,0.3,0.9,0.4,0.7,0.5,0.6, 1); 6%¢ = (0.01,0.1,0.1,0.1,0.1,0.1,0.1,1), and the
two different « levels shown.

o= 0.05 a=0.1
¢ F-test Algorithm F-test Algorithm
n 0.0504 0.0440 0.1040 0.0864
n 0.0528 0.0496 0.1044 0.1052
ns 0.0500 0.0452 0.1040 0.0920
Ny 0.0528 0.0512 0.1008 0.0920
6%, F-test Algorithm F-test Algorithm
n 0.0784 0.0464 0.1112 0.0936
n 0.0688 0.0456 0.1152 0.0948
ns3 0.0496 0.0452 0.0864 0.0832
ny 0.0344 0.0492 0.0644 0.0900
6’3 F-test Algorithm F-test Algorithm
n 0.0568 0.0416 0.0980 0.0908
n 0.0544 0.0536 0.1020 0.0956
ns 0.0652 0.0424 0.1288 0.0932
ny 0.0812 0.0468 0.1392 0.0996
62 F-test Algorithm F-test Algorithm
m 0.0624 0.0480 0.1168 0.0960
n 0.0640 0.0424 0.0980 0.0908
ns 0.0388 0.0468 0.0720 0.0852
ny 0.0320 0.0420 0.0612 0.0948
6’5 F-test Algorithm F-test Algorithm
n 0.0536 0.0392 0.0984 0.0844
n 0.0456 0.0420 0.1048 0.1040
ns 0.0432 0.0460 0.0852 0.0972
ng 0.0280 0.0464 0.0604 0.0976
% F-test Algorithm F-test Algorithm
mn 0.0816 0.0500 0.1340 0.1008
n 0.0784 0.0496 0.1160 0.0996
ns3 0.0336 0.0448 0.0720 0.0932
ny 0.0188 0.0512 0.0360 0.0972

The variance of these estimators is found to be V(Y; ) = Z e Z VA ik ’Jk with the esti-
jk

mated variance

V(Y.) = ZZZ Vi n’: . (1.11)

]k
],k ]k ] ijk
Similarly to Tukey’s test, a test statistic for testing Hy : A; = Ay is
Vi, —Yy.]
qu - o T
\/V(Yz:..) +V(Yi.)

~il

Since we have unequal variances and possibly also unbalanced data, the studentized range distri-
bution typically used for Tukey’s test is inappropriate. Thus, we use the PB method to simulate a

distribution  for the test statistic and for the confidence interval y, —

V., *q4 \/ (V(Y;.)+ V(Ys.)), where g is the 1 — o percentile of the simulated distribution of

g. The PB pivot variable for this procedure is based on the test statistic ¢, and can be developed
as follows.
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Table 3. Simulation results for testing main effect C and interactions.Numbers in the table are simulated p-values. We con-
sider four different sizes and six different variance vectors: n; = (5,5,5,5,5,5,5,5);n, = (10,10, 10, 10,10, 10,10, 10); n3 =
(3,3,4,5,4,5,6,6); n4=(4,6,812,14,16,18,20); o2 = (1,1,1,1,1,1,1,1);6%, = (0.1,0.1,0.1,0.1,0.5,0.5,0.5,0.5); 673 =

(1,1,1,1,0.5,0.5,0.5,0.5); 6?4 = (0.1,0.2,0.3,0.4,0.5,0.6,0.7, 1); 6%s = (0.1,0.3,0.9,0.4,0.7,0.5,0.6, 1); 6% =
(0.01,0.1,0.1,0.1,0.1,0.1,0.1,1), and the two different « levels shown.
o= 0.05 a=0.1
¢’ F-test Algorithm F-test Algorithm
n 0.0484 0.0404 0.0996 0.0920
n 0.0468 0.0460 0.1056 0.1016
ns 0.0400 0.0376 0.1040 0.0900
Ny 0.0520 0.0524 0.1048 0.1084
6%, F-test Algorithm F-test Algorithm
n 0.0672 0.0420 0.1232 0.0984
n 0.0652 0.0480 0.1092 0.0872
ns3 0.0496 0.0400 0.0780 0.0876
ny 0.0264 0.0508 0.0524 0.0956
6’3 F-test Algorithm F-test Algorithm
n 0.0560 0.0424 0.1084 0.0936
n 0.0644 0.0540 0.1160 0.0972
n3 0.0836 0.0400 0.1252 0.0872
ny 0.0988 0.0460 0.1704 0.1008
62 F-test Algorithm F-test Algorithm
m 0.0660 0.0432 0.1144 0.0820
n 0.0708 0.0480 0.1312 0.1084
ns 0.0424 0.0440 0.0620 0.0792
ny 0.0260 0.0532 0.0492 0.0988
6’5 F-test Algorithm F-test Algorithm
m 0.0656 0.0388 0.1100 0.0880
n 0.0580 0.0460 0.1188 0.0964
ns 0.0440 0.0460 0.1008 0.0920
ng 0.0352 0.0460 0.0688 0.1036
% F-test Algorithm F-test Algorithm
mn 0.1152 0.0524 0.1612 0.0968
n 0.1096 0.0504 0.1540 0.0988
ns3 0.0584 0.0488 0.0984 0.0968
ny 0.0316 0.0460 0.0572 0.0896
$2
ijk 2

For a given (9,117,150 - Y aper Stin Stz -+ Sape)» Y ik ~ N(0, S%jk/nijk)’ and SJZBijk ™ a1 X(ng—1)°
In Algorithm 5 below, these variables are simulated. Then, Y and Yps  can be calculated from
Y gijk using (1.10), and the variances V(Yp,;..) and V(Ypy ) are as in (1.11) with 5123ijk taking the

place of s?jk. Thus, the PB pivot variable is
|Ypi. — Y|

" \/V(?Bi...) + V(?Bi’...) '

03

(1.12)

Algorithm 5

: - = - 2 2 2 .
For a given (V115 V1120 - Vape)» (5111551125 -+ Sape)s and (1111, 11125 -0 Mae) -
Forl=1,..,L

2
Sijk 72
nj—1 Anje—1

Generate Y g ~ N(0, 55, /nij) and s ~
Compute g3, using (1.12) fori=1,..,a— 1,7 =i+ 1,..a
Find ¢q; = max(qgii,)

(end loop)

g2 is the 1 — « percentile of the simulated distribution of g.
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Table 4. Simulation results for testing main effect C when AB interaction present.Numbers in the table are simulated p-values.
We consider four different sizes and six different variance vectors: n; = (5,5,5,5,5,5,5,5);n, = (10,10,10,
10,10,10,10,10); n3 = (3,3,4,5,4,5,6,6); ny = (4,6,8,12,14,16,18,20); 62, = (1,1,1,1,1,1,1,1); 6%, = (0.1,0.1,0.1,0.1,0.5,
0.5,0.5,0.5);6%3 = (1,1,1,1,0.5,0.5,0.5,0.5); 6%, = (0.1,0.2,0.3,0.4,0.5,0.6,0.7,1); 6% = (0.1,0.3,0.9,0.4,0.7,0.5,0.6, 1);
6?6 = (0.01,0.1,0.1,0.1,0.1,0.1,0.1, 1), and the two different « levels shown.

o= 0.05 a=0.1
¢’ F-test Algorithm F-test Algorithm
n 0.0480 0.0404 0.1096 0.0888
n 0.0472 0.0468 0.0952 0.0972
ns 0.0512 0.0412 0.0908 0.0812
Ny 0.0428 0.0404 0.1036 0.0940
6%, F-test Algorithm F-test Algorithm
n 0.0704 0.0396 0.1164 0.0832
n 0.0668 0.0504 0.1204 0.0956
ns3 0.0576 0.0344 0.0940 0.0756
ny 0.0384 0.0568 0.0680 0.0948
6’3 F-test Algorithm F-test Algorithm
n 0.0540 0.0472 0.1100 0.0908
n 0.0592 0.0528 0.1076 0.1032
ns 0.0824 0.0376 0.1292 0.0768
ny 0.0888 0.0472 0.1484 0.0904
62 F-test Algorithm F-test Algorithm
m 0.0600 0.0400 0.1168 0.0908
n 0.0668 0.0424 0.1160 0.0972
ns 0.0420 0.0428 0.0732 0.0840
ny 0.0284 0.0472 0.0580 0.0956
6’5 F-test Algorithm F-test Algorithm
n 0.0612 0.0408 0.1068 0.0916
n 0.0620 0.0520 0.1196 0.1080
ns 0.0504 0.0392 0.0944 0.0888
ng 0.0376 0.0436 0.0736 0.1016
% F-test Algorithm F-test Algorithm
mn 0.1108 0.0452 0.1496 0.0988
n 0.0916 0.0572 0.1524 0.1064
ns3 0.0696 0.0500 0.1052 0.0948
ny 0.0336 0.0444 0.0512 0.0984

The procedure for simultaneous comparisons of the factor B or C level means, when no inter-
actions are present, is analogous to Algorithm 5.

4.2. Multiple comparisons for two-way interaction term

Consider simultaneous comparisons of the levels of the AB interaction term in model (6). An
estimator of the AB level means is a weighted average of the corresponding cell means, similar to
the weights described in (Zhang 2015b):

Y, = Z Vi ¥ ks (1.13)
k
. Nij
where v, = #, with N the total number of observations.
2
The variance of these estimators is found to be V(Y,-j,,) => vi:—"; with the estimated variance
1!

o 2 , . . .
V(Yi.) = vi% Similarly to Tukey’s test, a test statistic for testing Hy : AB;; = ABy; is

B Y. — Y|
A e —
VV(T3) + V(T

(1.14)
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Since the variances are unequal and the data possibly unbalanced, the studentized range distribu-
tion typically used for Tukey’s test is inappropriate. Thus, we use the PB method to simulate a

distribution for the test statistic and for the confidence interval )71.].” —

)_/i,j,”iqﬁB \/ (V(Yj.) + V(Ys.)), where g% is the 1 — o percentile of the simulated distribution
of g. The PB pivot variable for this procedure is based on the test statistic q?ﬁ,, and can be devel-

oped as follows.
2
. - - 22 2 Y, 2 2 Sik_ .2
For a given (¥11:¥112 - Yaper St112 St120 -+ Sape)> Y Bijk ~ N(Olsijk/nijk)’ i‘nd SBijk ™ n,-lk}ﬂ/ﬁ(n,,rl)'
In Algorithm 6 below, these variables are simulated. Then, Yp; and Ygyy. can be calculated
from Ygj using (1.15), and the variances V(Yp;.) and V(Ypsy.) are as above with Szzaijk taking

the place of sfjk. Thus, our PB pivot variable is:
Vo — Vo
qgfj},”j/ _ | Bij.. Bi'j | ) (115)

- \/V(?Bij“) + V(Ypiy.)

Algorithm 6

; 5 = 5 22 2 .
For a given (V115 V112> -+ Vape)» (5111551125 -+ Sape)s a0d (M111, 1125 -0 Mape)
Forl=1,...,L

2
o2
njj—1 =1

7 2 2

Generate Y g ~ N(0, 533 /n) and sg ~
B

Compute g/,

Take ¢q; to be the max of the qggi,j, for the I run.

using (1.15) for all pairs (ij, i'j') where ij # ij'.

(end loop)
q4® is the 1 — o percentile of the simulated distribution of q. Reject Hy : AB; = AByj if the
test statistic (1.14) is greater than ¢'5.

4.3. MCP simulations

Datasets were generated under model (4) for simulating MCP for levels of Factor A and under
model (6) for MCP for levels of the AB interaction term, assuming EY =0 for all factor levels
(such that Hy : A; = Ay is true or Hy : ABjj = ABy; is true, respectively). For both simulations,
the sample mean and sample variance vectors (7,157,125 - Vape)» a0d (s311, 315, ...52,.) were cal-
culated from each simulated dataset. The simulations were performed with a =3, b=2,c=4 to
form 24 combinations, and the population variances and sample size scenarios as:

o7 =(L,1,..,1), 63 = (0.1,0.1,..,,0.1,0.5,0.5,...,0.5), 03 = (1,1, ...,1,0.5,0.5, ...,0.5),

o; = (0.1, 0.1, 0.1, 0.2, 0.2, 0.2, 0.3, 0.3, 0.3, 0.4, 0.4, 0.4, 0.5, 0.5, 0.5, 0.6, 0.6, 0.6,
0.7, 0.7, 0.7, 1, 1, 1), (0.1, 0.1, 0.1, 0.3, 0.3, 0.3, 0.9, 0.9, 0.9, 0.4, 0.4, 0.4, 0.7,
0.7, 0.7, 0.5, 0.5, 0.5, 0.6, 0.6, 0.6, 1, 1, 1), oz = (0.01, 0.01, 0.01, 0.1, 0.1, 0.1,

0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 1, 1, 1),

and n; = (5, 5,..., 5), n, = (10, 10,..., 10),n3= (3, 3, 3, 3, 3, 3, 4, 4, 4, 5, 5,

5 4,4, 4,5 5 5 6, 6,6 6, 6, 6,n= (4, 4, 4, 6, 6, 6, 8 8, 8, 12, 12, 12, 14,
14, 14, 16, 16, 16, 18, 18, 18, 20, 20, 20).
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Table 5. Results of simulations for testing multiple comparisons for factor A.Numbers in the table are simulated p-values. We
consider four different sizes and six different variance vectors as shown in Section 4.3, with the two different « levels shown.

o= 0.05 oa=0.1
6% Tukey Algorithm Tukey Algorithm
n 0.0564 0.0544 0.0968 0.0972
n, 0.0448 0.0432 0.0972 0.1012
ns 0.0584 0.0512 0.0892 0.0864
ny 0.0488 0.0524 0.1016 0.1040
62 Tukey Algorithm Tukey Algorithm
m 0.0564 0.0444 0.1028 0.0900
n 0.0564 0.0508 0.1008 0.0948
n3 0.0332 0.0496 0.0616 0.0936
ny 0.0240 0.0584 0.0428 0.0860
6?3 Tukey Algorithm Tukey Algorithm
n 0.0476 0.0412 0.0944 0.0880
n; 0.0544 0.0476 0.0996 0.0972
ns 0.0680 0.0484 0.1220 0.0916
ny 0.0792 0.0472 0.1512 0.1088
% Tukey Algorithm Tukey Algorithm
m 0.0580 0.0480 0.1008 0.0952
n 0.0564 0.0476 0.1008 0.0984
n3 0.0340 0.0536 0.0732 0.0976
ny 0.0224 0.0472 0.0520 0.1004
6% Tukey Algorithm Tukey Algorithm
n 0.0524 0.0496 0.1004 0.0980
n, 0.0496 0.0536 0.0980 0.0968
ns 0.0448 0.0520 0.0800 0.0940
ny 0.0292 0.0444 0.0656 0.0956
’s Tukey Algorithm Tukey Algorithm
m 0.0736 0.0544 0.1100 0.0912
n 0.0612 0.0508 0.1084 0.0956
n3 0.0276 0.0480 0.0616 0.0968
ny 0.0180 0.0508 0.0368 0.1000

Each scenario was simulated for o =0.05 and o = 0.1. For the factor A MCP simulation,
Tukey’s test was also performed on factor A for each dataset using the “TukeyHSD’ function in R,
and on factor AB for the simulation for the AB term MCP. The smallest p-value for Tukey’s test
was checked and the test was considered to reject if this p-value was less than o. For the algo-
rithms, the 1 — o percentile was taken from the simulated PB distribution, and the test was con-
sidered to reject if the test statistic for the simulated dataset was greater than this percentile. The
proportions rejected out of the 2500 datasets were calculated for both the algorithm and Tukey’s
test, and shown in Table 5 for the factor A MCP simulation and Table 6 for the AB simulation.

5. Discussion

As shown in Table 1, under equal variances and equal sample sizes, the F-test and the algorithm
perform similarly, with overall p-values near the nominal level. In particular, with equal variances
for all groups (a7), both tests are near the nominal level for all simulated sample sizes. However,
for the other simulated (unequal) variances, the F-test begins to over-reject or under-reject the
null hypothesis for those sample sizes with unbalanced data (n; and ny).

For 63, 62, 62, and o2, the F-test rejects the null hypothesis less often than would be expected
when we have unbalanced data, indicating the F-statistic is artificially small due to the pooled
variance estimate being artificially large. This is particularly true for ny, where the largest group
size has the largest variance (recall that calculating an estimate of pooled variance involves
weighting each sample variance by the sample sizes of the respective groups). On the other hand,
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Table 6. Results of simulations for testing multiple comparisons for levels of AB.Numbers in the table are simulated p-values.
We consider four different sizes and six different variance vectors as shown in Section 4.3, with the two different o lev-
els shown.

o= 0.05 oa=0.1
? Tukey Algorithm Tukey Algorithm
n 0.0476 0.0368 0.0972 0.0888
n 0.0524 0.0452 0.0940 0.0932
n3 0.0456 0.0432 0.1008 0.0784
ny 0.0452 0.0444 0.1092 0.1044
6%, Tukey Algorithm Tukey Algorithm
n 0.0768 0.0420 0.1376 0.0920
n; 0.0892 0.0500 0.1472 0.1020
n3 0.0552 0.0408 0.0988 0.0888
ny 0.0416 0.0508 0.0732 0.0944
6?3 Tukey Algorithm Tukey Algorithm
m 0.0456 0.0372 0.1012 0.0900
ny 0.0592 0.0504 0.1004 0.0920
n3 0.0696 0.0376 0.1308 0.0804
ny 0.1028 0.0420 0.1624 0.0900
e Tukey Algorithm Tukey Algorithm
n 0.0792 0.0460 0.1192 0.0936
n, 0.0724 0.0456 0.1228 0.0820
n3 0.0484 0.0388 0.0852 0.0896
ny 0.0236 0.0488 0.0540 0.0936
6’5 Tukey Algorithm Tukey Algorithm
n 0.0660 0.0468 0.1232 0.0980
ny 0.0736 0.0560 0.1052 0.0952
n3 0.0516 0.0456 0.0844 0.0796
ny 0.0368 0.0500 0.0752 0.0976
6% Tukey Algorithm Tukey Algorithm
n 0.1148 0.0400 0.1500 0.0856
n, 0.0936 0.0464 0.1680 0.0996
ns 0.0572 0.0384 0.0852 0.1012
ny 0.0368 0.0448 0.0564 0.0920

for 62, the P-test rejects the null hypothesis more often than expected when we also have (pro-
nounced) unbalanced data. In this case, the F-statistic is artificially large due to the pooled vari-
ance estimate being artificially small. Again, this is true for ny, where the largest group size has a
smaller variance. This is not as pronounced for n3; although this group has unequal sample sizes
they are closer together than for ny. These trends appear to be true both for o = 0.05 and o =
0.1. In these cases where the F-test is either too conservative or too liberal, the algorithm still
appears to give satisfactory results, rejecting the null hypothesis with a proportion close to the
nominal level o.

The simulation results for testing the BC (and ABC) interaction were similar to those for test-
ing the ABC interaction. Again, under equal variances and equal sample sizes, the F-test and the
algorithm perform similarly, with overall p-values near the nominal level. However, for the other
simulated (unequal) variances, the F-test begins to over-reject or under-reject the null hypothesis
for those sample sizes with unbalanced data (n; and n4). For 63, 62, 62, and 62, the F-test
rejects the null hypothesis less often than would be expected when we have unbalanced data.
Also similar to the results for testing the three-way interaction, for 3, the F-test rejects the null
hypothesis more often than expected when we also have (pronounced) unbalanced data, both for
o =0.05 and o = 0.1. Again, in all simulated cases, the proportion rejected using the algorithm
was fairly close to the nominal level. The results shown in Tables 3 and 4, with the F-test reject-
ing more or less often than the nominal level in cases with both unequal variances and unbal-
anced data, while the algorithm performs satisfactorily in each case, are similar to results of the
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simulations shown in Tables 1 and 2. While we illustrated this method with a three-way ANOVA
model, the test statistic S; for each term in the model takes on the same form. Thus, we expect
higher-way models to follow the same pattern, though interpretation becomes more complicated
with additional factors.

Table 5 shows the results for comparing our MCP PB method (Algorithm 5 - pairwise
comparisons of the levels of factor A) to Tukey’s test. As with the other simulations, the simu-
lated p-values are near the specified o level for both methods when we have homoscedasticity
and balanced data (Jf and n; or n,). However, in cases with both unequal variances and unbal-
anced data, the simulated p-values for the algorithm are generally near the specified o level,
whereas those for Tukey’s test tend to be too conservative. An exception to this is with o3 and
n4, where Tukey’s test rejected Hy more often than the nominal level. Similarly to our compari-
sons between Algorithms 1-4 and the F-test, for o3 and n,, smaller variances correspond to larger
sample sizes, so the pooled variance estimate used for Tukey’s test becomes artificially small, and
thus the test statistic artificially large. Table 6 shows the results for comparing our MCP PB
method (Algorithm 6 - pairwise comparisons of the levels of the AB interaction term) to the
analogous version of Tukey’s test. These results are very similar to the results shown in Table 5,
the multiple comparisons of the levels of A.

In this research, we looked at the three-factor heteANOVA problem with unbalanced data,
including MCP’s analogous to Tukey’s test from a parametric bootstrap view and proposed
applicable PB tests. Simulation results show that traditional tests and the PB tests give acceptable
results under the equal variance assumption. Additionally, when data are balanced, the classical
F-tests and MCP’s perform satisfactorily in most heteroscedastic cases. However, for heteANOVA
problems when the equal variance assumption is violated and data are unbalanced, the traditional
tests no longer provide reasonable nominal levels, while the proposed PB methods works well
and is easy to implement.

Some limitations of the proposed PB methods are that they still require the normality assump-
tion, so if a particular dataset violates both the normality and homoscedasticity assumptions, a
transformation may still be needed. Additionally, as discussed in the introduction and in
(Christensen 2016), we may need to exercise caution when making practical decisions based on
differences in means between groups with unequal variances, carefully considering implications
for the practical issue being studied. In this study, we only examined two levels for each factor in
our simulations for Algorithms 1-4, for simplicity, so further simulations with additional levels
may be warranted. Despite these limitations, the proposed PB tests provide viable methods for
dealing with multi-factor heteANOVA problems and MCP. Further areas for research may
include extending the procedures to more complicated models, such as additional factors/levels or
more complex designed experiments.

Disclosure statement

No potential conflict of interest was reported by the authors.

Appendix-R code for Algorithms 1-6

#Algorithm 1
alg.ABC <- function(ns, ybars, s2, a, b, ¢, L) {
S <- diag(s2/ns) ##make S matrix

##make terms for X matrix
J.abc <- rep(1l, axbxc)
I.a<-diag(a)
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I.b<-diag(b)

I.c <-diag(c)

J.bc <- rep(1l, bxc)
J.a<-rep(l, a)
J.b<-rep(l,b)
J.c<-rep(l,c)

I.ab <- diag(axb)
I.bc <- diag(bxc)

X <- as.matrix (cbind/(

J.abc, kronecker(I.a, J.bc), kronecker (J.a, kronecker (I.b, J.c)), kronecker (J.
a, kronecker(J.b, I.c)),

kronecker (I.ab, J.c), kronecker(I.a, kronecker(J.b, I.c)), kronecker(J.a, I.
bc)))

#test statistic

library (MASS)

SI <- t (ybars) %*«%solve (S) %x%ybars -

t (ybars) %«%solve (S) %x%X%+x%ginv (t (X) %x%solve (S) %x%X) %x%t (X) %x%solve
(S) %x%ybars

##Q, counts how many times test stat is less than PB pivot variable

Q <- NULL

for(j in1:L) {

ybar.B <- NULL

S2B <-NULL

for (i in 1:length(ybars)) {

ybar.B[i] <-rnorm(1l, mean=0, sd=sqgrt(s2/ns) [1]) ##create bootstrap mean vector
S2B[i] <- rchisqg(l, df=(ns[i]l-1)) % s2[i]l/(ns[i]-1) ##create bootstrap var-
iances vector

}

SB <- diag(S2B/ns)

##PB variable:

SIB <- t (ybar.B) %x«%solve (SB) %x%ybar.B -

t (yvbar.B) %x%solve (SB) %+x%X%«%ginv (t (X) %x%solve (SB) %x%X) %x%t (X) %x%solve
(SB) %x%ybar.B

Q[j] <- ifelse(SIB>SI, 1, 0)

}

return (sum(Q) /length(Q)) ##p-value

}

ik
#Algorithm 2

alg.BC <- function(ns, ybars, s2, a, b, ¢, L) {
S <- diag(s2/ns) ##make Smatrix

##make terms for X matrix
J.abc <- rep (1, axbxc)

.a <-diag(a)

.b <- diag(b)

.c <-diag(c)

.bc <- rep (1, bxc)
.a<-rep(l, a)
.b<-rep(l,b)

GG L HHH
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J.c<-rep(l,c)
I.ab <- diag(ax*b)
I.bc <- diag(bxc)

X <- as.matrix (cbind(

J.abc, kronecker (I.a, J.bc), kronecker (J.a, kronecker (I.b, J.c)), kronecker (J.
a, kronecker (J.b, I.c)),

kronecker (I.ab, J.c), kronecker(I.a, kronecker (J.b, I.c))))

#test statistic

library (MASS)

SI <- t (ybars) %*%solve (S) %*x%ybars -

t (ybars) %«%solve (S) %x%X%+%ginv (t (X) %x%solve (S) %x%X) %x%t (X) %x%solve
(8) %x%ybars

##Q, counts how many times test stat is less than PB pivot variable

Q <- NULL

for(jin 1:L) {

ybar.B <- NULL

S2B <-NULL

for (i in 1:length(ybars)) {

ybar.B[i] <-rnorm(1l, mean=0, sd=sqgrt(s2/ns) [1]) ##create bootstrap mean vector
S2B[i] <- rchisg(l, df=(ns[il-1)) % s2[i]l/(ns[i]1-1) ##create bootstrap var-
iances vector

}

SB <- diag (S2B/ns)

##PB variable:

SIB <- t(ybar.B)%+«%solve (SB) %x%ybar.B -

t (yvbar.B) %«%solve (SB) %x%xX%«%ginv (t (X) %x%solve (SB) %x%X) %x%t (X) %x%solve
(SB) %x%ybar.B

Q[j] <- ifelse(SIB>SI, 1, 0)

}

return (sum(Q) /length(Q)) ##p-value

}

i i i
#Algorithm 3

alg.C <- function(ns, ybars, s2, a, b, ¢, L) {
S <- diag(s2/ns) ##make Smatrix

##make terms for X matrix
J.abc <- rep (1, axbxc)
.a <-diag(a)

.b <-diag(b)

.c <-diag(c)

.bc <- rep (1, bxc)
.a<-rep(l, a)
.b<-rep(l,b)
.c<-rep(l,c)

.ab <- diag(axb)

.bc <- diag (bx*c)

HHGQ QOO HHH
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X <- as.matrix(cbind (J.abc, kronecker(I.a, J.bc), kronecker (J.a, kronecker (I.
b, J.c))))

#test statistic

library (MASS)

SI <- t (ybars) %*%solve (S) %x%ybars -

t (ybars) %«%solve (8) %x%X%+x%ginv (t (X) %x%solve (S) %x%X) %x%t (X) %x%solve
(S) %x%ybars

##Q, counts how many times test stat is less than PB pivot variable

Q <- NULL

for(jin 1:L) {

ybar.B <- NULL

S2B <-NULL

for (i in 1:length(ybars)) {

ybar.B[i] <-rnorm(1l, mean=0, sd=sqgrt(s2/ns) [1]) ##createbootstrapmeanvector
S2B[i] <- rchisg(l, df=(ns[il-1)) * s2[i]l/(ns[i]-1) ##create bootstrap var-
iances vector

}

SB <- diag (S2B/ns)

##PB variable:

SIB <- t (ybar.B) %x%solve (SB) %x%ybar.B -

t (yvbar.B) %«%solve (SB) %x%Xx%«%ginv (t (X) %x%solve (SB) %x%X) %x%t (X) %x%solve
(SB) %x%ybar.B

Q[j] <- ifelse(SIB>SI, 1, 0)

}

return (sum(Q) /length(Q)) ##p-value
}

B i i
#Algorithm 4

alg.C.AB <- function(ns, ybars, s2, a, b, ¢, L){
S <- diag(s2/ns) ##make S matrix

##make terms for X matrix
J.abc <- rep (1, axbxc)
.a <- diag(a)

.b <- diag(b)

.c <-diag(c)

.bc <-rep (1, bxc)
.a<-rep(l, a)
.b<-rep(l,b)
.c<-rep(l,c)

.ab <- diag (ax*b)

.bc <- diag (bx*c)

HHGQ QO HHH

X <- as.matrix(cbind (J.abc, kronecker(I.a, J.bc), kronecker (J.a, kronecker (I.
b, J.c)), kronecker (I.ab, J.c)) )

#test statistic
library (MASS)
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ST <- t(ybars) %x%solve (S) %x%ybars -
t (ybars) %«%solve (S) %x%X%+x%ginv (t (X) %x%solve (S) %x%xX) %x%t (X) %x%solve
(8) %x%ybars

##Q, counts how many times test stat is less than PB pivot variable

Q <- NULL

for(jin 1:L) {

ybar.B <- NULL

S2B <-NULL

for (i in 1:length(ybars)) {

ybar.B[i] <-rnorm (1, mean=0, sd=sqgrt(s2/ns) [1]) ##createbootstrapmeanvector
S2B[i] <- rchisg(l, df=(ns[il-1)) % s2[i]l/(ns[i]1-1) ##create bootstrap var-
iances vector

}

SB <- diag (S2B/ns)

##PB variable:

SIB <- t(ybar.B)%+x%solve (SB) %x%ybar.B -

t (yvbar.B) %«%solve (SB) %x%X%«%ginv (t (X) %x%solve (SB) %x%X) %x%t (X) %x%solve
(SB) %x%ybar.B

Q[j] <- ifelse(SIB>SI, 1, 0)

}

return (sum(Q) /length(Q)) ##p-value
}

Bk i i

#Algorithm 5

Q.test.dist <- function(L=5000, ns, means, s2, alpha=0.05, a, b, ¢){
##Calculate weights for actual test stat and the PB pivot variable
library (plyr)

ns.ind <- arrange (expand.grid(A=1:a, B=1:b, C=1:c), A,B)

n.grp <- array (0, c(a,b,c))

for(iinl:a){

for(j in 1:b){

for(kinl:c)

n.grpli,j,k] =ns[which(ns.ind$A==1i & ns.ind$B==j & ns.ind$C==k) ]
}

}

v.weight <- matrix (0, b, ¢)

for(j in 1:b) {

for(kinl:c){

v.weight[j, k] <- sum(n.grpl,Jj, k)

}

}

vik <- as.vector (t(v.weight/sum(ns))) ##the weights in order of the j, k index

#calculate factor level estimated means (using the weights) for the test
statistic

ybari <- rep(0,a)

ni <- rep(0,a)

var.YA <- rep (0, a)

ni[l] <- sum(ns[1: (bxc)])

vbari[l] <- sum(vjksmeans[1: (bxc)])
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var.YA[1l] <- sum(vjk"2 % (s2/ns) [1: (bxc)])
for(iin2:a){
yvbari[i] <- sum(vjksmeans|[ (bxcx(i-1)1) : (ixbxc)])

nif[i] <- sum(ns[ (bxcx(i-1)1) : (ixbx*c)])
var.YA[1] <- sum(vjk”"2 % (s2/ns) [ (bxcx (i-1)1) : (ixbxc)])
}

Qtest.mat <- matrix(0,a,a)

#we just f£ill in upper triangular part

for (rinl: (a-1))

for (sin (r 1):(a)){

Qtest.mat[r,s]<- abs(ybari[r] - ybari[s])/sqgrt(var.YA[r] + var.YA[s])
}

Q.test <- max(Qtest.mat)

#+#calculate the parts of the PB pivot variable
Q <-rep(0, L)
for (i in 1:L) {##calculate the bootstrap means and sample variances

v.B <-rep(0, length (means))
s2.B<-rep(0, length(s2))

for (j in 1:length (means)) {

v.B[jl<- rnorm(1l, 0, sqgrt(s2[jl/ns[j]))

s2.B[j] <- rchisqg(l, df=(ns[j1-1))*s2[j1/(ns[j]1-1)
}#end the j loop

#now Q will be the PB analogy of the Q.test above. we use the same ni’s
yB.bari <- rep(0,a)

var.YBA <- rep (0, a)

yB.bari[l] <- sum(vjkxy.B[1l: (bxc)])

var.YBA[1l] <- sum(vjk"2 x (s2.B/ns) [1: (bxc) 1)

for(min2:a){

yB.bari[m] <- sum(vjkxy.B[ (bxc*x(m-1)+1) : (mxbxc) 1)

var.YBA[m] <- sum(vjk"2 * (s2.B/ns) [ (bxc* (m-1)+1) : (mxb*c) 1)

} #end m loop

Qmat <- matrix(0,a,a)

#we just £ill in upper triangular part

for (rinl: (a-1))

for (s in (r+1):a){

Qmat[r,s]<- abs(yB.bari[r] - yB.bari[s])/sqgrt(var.YBA[r] + var.YBA[s])
}

Q[i] <- max (Qmat)
} #end 1 loop that has L reps
Q.crit <-quantile(Q, l-alpha)
list(Q.crit=Q.crit, Q.test=Q.test)
}

HHHBAH R A H B AR H AR
#Algorithm 6
Q.ABmc <- function(L=5000, ns, means, s2, alpha=0.05, a, b, c¢){



COMMUNICATIONS IN STATISTICS - SIMULATION AND COMPUTATION® . 23

#4#get the ns, means and s2 in an array so we can identify the indices

library (plyr)

ns.ind <- arrange (expand.grid(A=1:a, B=1:b, C=1:c), A,B)

n.grp <- array (0, c(a,b,c))

s2.grp <- array (0, c(a,b,c))

means.grp <- array (0, c(a,b,c))

for(iinl:a){

for(j inl:b){
for(kinl:c){

n.grpli,j,k] =ns[which(ns.ind$A==1 & ns.ind$B==j & ns.ind$C==k) ]
s2.grpli,j,k] = s2[which(ns.ind$A==1 & ns.ind$B==3j & ns.ind$C==k) ]
means.grpli, j, k] =means[which (ns.ind$A==1i &ns.ind$B==j &ns.ind$C==k) ]

#+#Calculate weights vk for actual test stat and the PB pivot variable
vk <- rep(0, c)
for(kinl:c){
vk[k] <- sum(n.grpl, , k])
}
v.wt.k <- vk/sum(ns) ##the weights in order of the k index
#calculate estimated means (using the weights) for each level of AB for the test
statistic
ybarij <- matrix (0, a, b)
var.YAB <- matrix (0, a, b)
for(iinl:a){
for(j in 1:b) {
vbarij[i,j] <- sum(v.wt.ksxmeans.grpl(i,j, 1)
var.YAB[i,J] <- sum(v.wt.k"2 x s2.grpli,Jj,]1/n.grpli,J, 1)

yvbarijVect <- as.vector (ybarij)
var .YABvect <- as.vector (var.YAB)

Qtest.mat <- matrix (0, axb, axb)

#we just fill in upper triangular part

for (rinl: ((axb) -1))

for (s in (r+1): (axb)) {

Qtest.mat[r,s]<- abs(ybarijVect[r] - ybarijVect[s])/sqgrt(var.YABvect[r] +
var.YABvect[s])

}

Q.test <- max(Qtest.mat)

#+#calculate the parts of the PB pivot variable

Q <-rep(0, L)

for(l in 1:L) {#+#calculate the bootstrap means and sample variances
v.B<-rep(0, length(means))
s2.B<-rep(0, length(s2))

for (j in 1:1length (means)) {
yv.B[jl<- rnorm(1l, 0, sgqrt(s2[jl/nsl[jl))
s2.B[J] <- rchisqg(l, df=(ns[j]-1))*s2[j]/(ns[J]-1)
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}#end the j loop

#put the bootstrap means and s2’s in indexed arrays

s2B.grp <- array (0, c(a,b,c))

meansB.grp <- array (0, c(a,b,c))

for(iinl:a){

for(j in 1:b){
for(kinl:c){

s2B.grpli,j,k] =s2.B[which(ns.ind$A==1 &ns.ind$B==j &ns.ind$C==k) ]
meansB.grpli, j,k] =y.B[which(ns.ind$A==1 &ns.ind$B==j &ns.ind$C==k) ]
n.grpli,j,k] =ns[which(ns.ind$A==1i & ns.ind$B==j & ns.inds$C==k) ]

}
#now Q will be the PB analogy of the Q.test above, use same weights

yvB.barij <- matrix (0, a, b)
varB.YAB <- matrix (0, a, b)

for(iinl:a){
for(j in 1l:b) {
vB.barij[i,Jj] <- sum(v.wt.ksmeansB.grpl[i,j, 1)
varB.YAB[i,j] <- sum(v.wt.k”2 x s2B.grpli,j,1/n.grpli,J,])

vB.barijVect <- as.vector (yB.barij)
varB.YABvect <- as.vector (varB.YAB)

QOmat <- matrix (0, axb, axb)

#we just £ill in upper triangular part

for (rinil: ((axb) -1))

for (s in (r+1): (axb)) {

Qmat|[r,s]l<- abs(yB.barijVect[r] - yB.barijVectl[s])/sqgrt(varB.YABvect[r] +
varB.YABvect[s])

}
Q[1l] <- max(Qmat)
} #end 1 loop that has L reps
Q.crit <-quantile(Q, l-alpha)
list(Q.crit=Q.crit, Q.test=Q.test)
}
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