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PREFACE

I got inspired to write this book when I started teaching course work to the PhD
scholars. During interaction with the participants while conducting many research
workshops I used to get the feedback on conducted sessions of ‘research experi-
ments’. Numerous requests for guidance came from research scholars on how to
conduct research experiments that used various designs with repeated measures.
Many researchers use Repeated Measures Design (RMD) in their studies due
to non-availability of sufficient subjects. As a matter of fact, the curriculum of
various master degree programs does not elaborate much on this technique. Hence,
researchers’ understanding is limited in this area. While conducting an experiment,
many scholars stumble not because they have difficulty in learning a specific research
design but instead they are not equipped to handle problem-solving approach in their
experiments.

Although a lot of content is available on the independent measures design but
very little of it deals with repeated measures design. It is the task of researchers to
understand these designs and interpret their findings from such material because they
do not provide in-depth explanation to the solutions. This book on RMD has been
written to fill this gap. The intention of writing this book is to help the empirical
researchers in any area to understand situations where such designs can be used, and
provide a handy solution to analyze them with the popular IBM® SPSS® Statistics
software (SPSS). Each design in the book has been discussed with solved illustrations
and detailed interpretation of findings.

This book emphasizes the importance of this design in any experimental research
and discusses the most widely used RMDs in empirical studies. It provides readers
with basic understanding of statistical designs and facilitates them in solving and
generating insights of repeated measures designs to address their research issues.
The content of this book can be covered in two credit courses in the curriculum
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of Master’s/M.Phil/PhD programs for most of the disciplines such as Psychology,
Management, Social Sciences, Medicine, Physical Education, Sports Sciences, Nutri-
tion, and so on. One of the important features of this book is that it follows a very
simple approach to make the concept clear with solved illustrations.

After understanding the requirements of researchers in experimental studies it took
me around five years to write this book. During the course of writing, the focus was on
how to make the readers understand all the statistical designs discussed in the text.
Even the most complex design like two-factor mixed MANOVA design has been
discussed in a simple manner so that the researchers may be tempted to use in case
of need. This book has been structured in such a manner so as to address the FAQs
of the researchers as experienced by me. Each chapter has been deliberated with the
finest details so as to satisfy the need of applied researchers and satisfy the theoretical
statisticians as well.

The main USP of this book is that it provides comprehensive solutions along with
interpretations and guidelines for using the SPSS software to the researchers. The
book contains eight chapters, which are planned in increasing order of conceptual
difficulty usually experienced by the researchers. The first three chapters are focused
on understanding the mechanism in solving experimental designs. In chapter four to
eight, various repeated measures designs have been discussed. These chapters start
with the introduction of design, advantage and disadvantage of the design, application
area and layout design. Finally, a solved example with the SPSS software has been
illustrated in each chapter to understand the procedure and interpretation of outputs
in the design.

Chapter 1 introduces fundamentals of experimental designs. It discusses various
principles of design of experiments and explains all the basic statistical designs so as
to build up the foundation of the readers in understanding various designs mentioned
in different chapters. Various terms used in solving different designs have been dis-
cussed. A thorough discussion has been made on how to develop a good empirical
study by controlling various errors in the experiment.

Chapter 2 focuses on understanding the basic mechanism in solving independent
measures and repeated measures ANOVAs. Procedure involved in pair-wise compar-
ison of means has been shown in both types of ANOVAs. An effort has been made
to make the readers understand, how splitting of the total sum of squares is differ-
ent in both the cases and how the repeated measures design enhances efficiency in
experiments.

Chapter 3 discusses assumptions required for the repeated measures design in
detail along with the methods to test them by using the SPSS software. Remedial
measures in case of violating the assumptions have been deliberated in detail.

One-way repeated measures design has been discussed in Chapter 4. Different sit-
uations have been shown where this design can be used in order to help the readers
to select this design for their studies. Besides this, layout of this design has been dis-
cussed in two different types of studies; firstly, in which the levels of within-subjects
factor are different treatments and secondly, where they are different time durations.
The steps involved in this design have been explained to provide a road map to the
researchers in solving the design. Solved illustrations will help the readers to use them
effectively in their studies.
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Chapter 5 deals with the two-way repeated measures design. It describes how to
use this design in a situation where both the factors in a factorial experiment are
within-subjects. Different applications have been discussed in the chapter, and a pro-
cedure for testing various assumptions in the design has been illustrated in order to
facilitate the researchers to use them in their studies. A thorough treatment has been
given to analyze the main and simple effects in the design by using the SPSS software.

Chapter 6 explains the two-way mixed design in which one of the factors is a
between-subject and the other is a within-subject. Detailed treatments on testing
assumptions and investigating the main and simple effects have been deliberated so
as to draw meaningful conclusions in the study.

Chapter 7 is devoted to the one-way repeated measures MANOVA. A detailed
discussion has been made about the situations where this design can be used. There is
an elaborate description as to why this design should be used in experimental studies
and how to develop hypotheses based on research questions to be investigated in the
studies.

Finally, in Chapter 8 we have discussed mixed design with two-way MANOVA in
detail. Often researchers face difficulty in using this design; hence, an intensive work
has been done to make them comfortable by creating a road map. A solved example
has been discussed in detail for clarifying the procedure involved in multivariate and
univariate testing. Minute details have been provided to analyze the simple effects
in the univariate analysis. A thorough guideline has been provided to deal with the
family-wise error rate, which inflates due to multiple univariate analysis in this design.

I hope that this book would be helpful to the researchers for their course work and
research studies.

I would like to express my sincere gratitude to my friend Prof. Jagdish Prasad who
has reviewed few chapters and edited the text which has enhanced the quality of the
book. I am thankful to my professional colleagues namely Prof. D. P. Singh, Prof. Y.
P. Gupta and Prof. V. Sekhar for helping me to edit some of the chapters in this book.
I am indebted to Dr. Indu Bora for timely help in providing her expert comments in
correcting some portion of the manuscript.

I would like to place on records my gratitude to Susanne Steitz-Filler, Senior
Editor, John Wiley & Sons and her team for providing me all the support and encour-
agement in presenting this book to the audience in its present form. I am thankful to
Sari Friedman for providing me all the support and timely guidance in the publication
of this text. She was very cooperative and supportive in dealing all my queries during
the whole process of publication. At last I would like to thank Nomita Swaminathan,
Production Editor, Kiruthika Balasubramanian, Project Manager and her team in
producing this book by typesetting and editing the entire text.

Thanks to all my research scholars and numerous researchers who had posed a
variety of questions on research designs, which helped me in identifying the contents
of this book. Above all, I want to thank my wife, Haripriya, and children Prachi and
Priyam and the rest of my family, who supported and encouraged me in spite of all
the time it took me away from them. It was a long and difficult journey for them.

At last I beg forgiveness from all those who have been with me over the years and
whose names I have failed to mention.
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For Instructors and Students Supplementary material for the book is available
on a companion website, which is accessible via “www.wiley.com” at some point.
I request the readers to send in their suggestions and queries to me via e-mail at
vermajp @bsnl.in and I shall respond to them at the earliest.

Director, Centre for Advanced Studies Pror. J. P. VERMA, PhD
Lakshmibai National Institute of Physical Education,

Gwalior

E-mail: vermajp @bsnl.in
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FOUNDATIONS OF EXPERIMENTAL
DESIGN

INTRODUCTION

Empirical research provides knowledge to the researchers through direct or indirect
observations or experiences. Empirical research may either involve correlational or
experimental approach. In correlational research one looks to establish relationship
between two variables. In such studies a premise is made that two variables may be
related in some way and then values of both the variables are obtained under different
conditions to test a hypothesis if indeed there is a relationship between the two. The
obtained correlation is tested for its significance. The drawback of the correlational
study is that it does not establish the cause and effect relationship even if the corre-
lation is found to be statistically significant. For instance, if the observed correlation
between the caffeine intake and concentration of mind is significant and positive, it
cannot be said that caffeine causes concentration. The increase in the concentration
due to the increase in the caffeine intake may be due to age, motivation, gender, other
lifestyle parameters.

On the other hand, experimental research provides cause and effect relationship
because in such experiment a treatment is deliberately administered by a researcher
on a group of individuals or objects to see its impact under a controlled environment.
In other words, if changes are made in the variable A that leads to changes in variable
B, one can conclude that A causes B. For example, to see the impact of exercise on
muscular strength a researcher may administer different intensity of exercise to differ-
ent groups of individuals to see its effect. If a particular intensity of exercise improves

Repeated Measures Design for Empirical Researchers, First Edition. J. P. Verma.
© 2016 John Wiley & Sons, Inc. Published 2016 by John Wiley & Sons, Inc.



2 FOUNDATIONS OF EXPERIMENTAL DESIGN

muscular strength more than others, one may conclude that exercise intensity causes
muscular strength. On the other hand, if there is no difference in the average mus-
cular strength among different exercise groups, it may be inferred that the exercise
intensity has nothing to do with muscular strength.

Authenticity in an experimental research is ensured only when an appropriate
experimental design is used. Experimental design is a blueprint of the procedures
which enables a researcher to test his hypothesis under a controlled environment. It
describes the procedure of allocating treatments to the individuals in a sample. There
are many ways in which an experimental design can be classified. One such classi-
fication is based on the method of allocating treatments to the subjects. On the basis
of this criterion, experimental design can be classified into three categories; indepen-
dent measures design, repeated measures design, and mixed design. In independent
measures design each subject gets one and only one treatment, whereas in repeated
measures design each subject is tested under all treatments. In mixed design each sub-
ject receives one and only treatment of first factor, but gets tested in all the treatments
of second factor. This book specifically deals with some of the important repeated
measures designs and mixed designs. To understand these designs and its applica-
tions, it is important to understand different aspects of experimental research such
as principles of experimental design, types of statistical designs, terminologies used,
and other considerations in planning an experimental research.

WHAT IS EXPERIMENTAL RESEARCH?

An experimental research is a process of studying the effect of manipulating inde-
pendent variable on some dependent variable(s) observed on subjects in a controlled
environment. For instance, in studying the effect of progressive relaxation on con-
centration, the progressive relaxation is an independent variable whereas the concen-
tration is a dependent one. While conducting an experimental research, a researcher
always tries to maintain control in an experiment so that valid conclusion can be
drawn on the basis of findings. In experimental research the experimenter is allowed
to manipulate independent variable to see its impact on the dependent variable. For
instance, in the above example the experimenter can decide the duration or the inten-
sity of the progressive relaxation program. Since the experimenter manipulates an
independent variable to see its impact on dependent variable, cause and effect rela-
tionship can be explained on the basis of findings.

On the other hand in observational study, a researcher collects and analyzes
data without manipulating independent variable. Here also the relationship is
investigated between independent and dependent variable observed on the subjects.
Since researcher is not allowed to manipulate an independent variable, causal
interpretations cannot be efficiently made. If relationship is investigated between
height and vertical jump performance of sprinters, the observed correlation may not
be the strong evidence for causal relationship between them because the independent
variable, height, has not been manipulated to see its impact on the vertical jump
performance. This is because the experimenter cannot observe the control on the
study. The subjects might have different weight, skill, motivation, and fitness level
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which do not allow interpreting the strong cause and effect relationship between
height and the vertical jump performance. The observational study is also known as
correlational study or status study.

Since validity of findings in an experiment depends upon the control observed
during the experimentation, it is important to design the experiment in such a way
so as to minimize the error involved in it. Using appropriate design in an experiment
ensures proper allocation of treatments to the subjects so that experimental error is
minimized. This ensures internal validity in the experiment. Design of experiment
along with its principles has been discussed in detail in the following section.

DESIGN OF EXPERIMENT AND ITS PRINCIPLES

Design of experiment can be defined as a roadmap for organizing an experimental
study for testing a research hypothesis in an efficient manner. Design of experiment
facilitates an experimenter to observe control in an experiment, thereby reducing the
experimental error and ensuring internal validity in findings. More specifically it pro-
vides a plan according to which treatments are allocated to the subjects in order to
reduce experimental error. While planning a study a researcher needs to design an
experiment in such a manner that the similarity is ensured among the experiential
groups. The experimental error is controlled by controlling the effect of extrane-
ous variables. To design an experiment a researcher must have the knowledge about
homogeneity of experimental material or the subjects on which the experiment is
required to be conducted. Besides, one should be able to identify those extraneous
variables which may affect findings if not controlled. Depending upon the homoge-
neous conditions of subjects, an experimental design is identified. There are ways
and means in testing the efficiency of design used in a research study. The efficiency
of two different designs in the same experiment may be compared by using the error
variance. This has been shown in Chapter 2. To have the control in an experiment
and ensuring maximum accuracy in findings, Ronald A. Fisher has suggested the
three basic principles of design of experiment, namely, Randomization, Replication,
and Blocking.

Randomization

One of the main principles of design of experiment is randomization. Randomiza-
tion refers to randomly allocating treatments to the subjects. Randomization ensures
similarity in the experimental groups. It controls bias and extraneous variables which
might affect findings of the study. Readers must note that the random selection of
subjects and random allocation of treatments are two different things. Consider a
study in which three different types of beverages, tea, coffee, and soft drink, are com-
pared for their effect on reaction time. If 30 subjects are selected in the study let us
see how randomization is done. Firstly, the initial sample of 30 subjects is selected
randomly from the population of interest. Out of these subjects three subjects are
randomly selected and the treatments are allocated randomly to them. Then another
three samples are selected randomly from the remaining lot and treatments are again
randomly allocated to them. In this all 30 subjects are assigned to three different
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treatment groups. In this study selecting 30 sample subjects randomly from the pop-
ulation of interest does not ensure that the treatment groups are similar, but helps
the researcher to generalize findings about the population from which the sample has
been drawn.

In other words, random selection of subjects ensures external validity in findings.
Complete randomization is only possible if subjects are uniform. On the other hand,
perfect random allocation of treatments to the subjects ensures that treatment groups
are homogenous and do not contain any bias. This random allocation of treatments to
the subjects ensures internal validity in findings. If external and internal validity are
ensured, one can be quite sure in the above experiment that whatever the effect of a
particular beverage on the subject’s reaction time is observed, it is due to the beverage
only and not due to any other reason. Besides this, randomization also provides the
validity of F-test. Further, assumption of independence of observations in F-test also
gets satisfied due to randomization.

Replication

Replication refers to repeating the treatment a number of times on different subjects.
It is a fact that a treatment applied on single subject does not provide sufficient evi-
dence of the effect of that treatment, so replication is needed. Single observation also
does not provide the valid estimate of the parameters in the study so replication of
treatments is essential. It is also a fact that standard error of sample mean or differ-
ence of sample means (group means) is inversely proportionate to the replication of
treatments. So if number of replication increases the error variance or standard error
decreases. If the treatment is effective the average effect of replication will reflect
its experimental worth. If it is not few subjects in the sample who may have reacted
to the treatment will be negated by the majority of subjects who were unaffected by
it. If the above mentioned experiment of beverages is administered on three subjects
only, and if the soft drink is found to improve the reaction time, the result may not be
acceptable until unless this result is observed on most of the subjects in the sample.
Thus, replication reduces variability in experimental results and provides confidence
to the researcher in drawing conclusion about the effect of treatment on dependent
variable.

Blocking

Blocking is a technique of reducing experimental error by including an extraneous
variable in the experiment. Blocking refers to dividing heterogeneous experimental
units into homogenous blocks so that the units in the blocks are homogeneous. In
other words whole experimental material is divided into homogeneous strata. Blocks
are made if experimenter has some knowledge about the experimental material or
subjects prior to conducting an experiment, through pilot study or uniformity trial
or some prior studies. Blocking technique is used if an experimenter knows that the
variability exists among the subjects. Generally, size of the block should be equal
to the number of treatments. After dividing the experimental units into blocks, the
treatments are randomly allocated in each block. Blocking enhances precision in the
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study by reducing the experimental error. In the above example of beverages if gender
is considered as blocking variable, the blocks of male and female may be made in
which treatments may be allocated randomly.

STATISTICAL DESIGNS

It is important for the researchers to know about various kinds of statistical designs so
as to choose the appropriate one for their study to obtain reliable findings. Selection of
design depends upon many parameters such as number of factors to be investigated,
variability of the experimental units, and degrees of precision required. In empirical
research, studies can be classified in two categories; single factor studies and multi-
factor studies. In single factor study the effect of only one factor on some dependent
variable is investigated, whereas, in multifactor studies effect of two or more inde-
pendent factors on some dependent variable is investigated. Multifactor studies are
also known as factorial experiment. Factorial experiment may have two or more inde-
pendent factors, each having two or more levels. All these studies can be conducted
by using any of the three basic statistical designs namely; Completely Randomized
Design, Randomized Block Design and Latin Square Design. Choice of using these
designs depends upon the knowledge about variability of the experimental materials
or subjects. We shall discuss these designs briefly later in this chapter.

In the example of the beverages discussed above the effect of only one factor is
investigated, hence the design used for analysis would be one factor design. Here the
treatment factor has three levels and therefore three treatment conditions are to be
compared for their effectiveness. But if along with the beverage, the effect of dura-
tion is also required to be investigated, the experiment is said to be the two factor(or
multifactor) study. Similarly, more than two factors can also be simultaneously inves-
tigated and the design in such situation would be known as multifactor design. If the
effect of more than two factors is investigated simultaneously, the analysis becomes
very complex and therefore researchers usually investigate the effect of either one or
two factors only. Whatever design a researcher uses, it is analyzed by using the group
of techniques known as analysis of variance (ANOVA). In any experimental design
the three basic principles of randomization, replication and blocking are used. Selec-
tion of the design of experiment depends upon the fact as to how we wish to carry
out these principles. All types of designs discussed above will be explained with the
help of examples in the following sections.

Completely Randomized Design

Completely randomized design is the simplest design used by a researcher to test the
effectiveness of one factor (with two or more levels) on some dependent variable. This
design is used when the entire experimental units (or subjects) are homogeneous in
all respect and the experimenter has full control on the experiment. Under such strict
control whatever the effect of the independent variable is observed on the dependent
variable, can be totally attributed due to the independent variable only. This kind of
experiment is also known as laboratory experiment. In completely randomized design
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Figure 1.1 Layout of the completely randomized design

sample size in different treatment groups may differ. In this design treatments are
randomly allocated to the subjects.

If the effect of three treatments, T, T,, and T, are to be compared for their effec-
tiveness on some dependent variable by administering them on a randomly drawn
sample of size n, let us see how the treatments are allocated to the subjects in a com-
pletely randomized design. In the first stage, three subjects are randomly selected
from the sample and all the three treatments are randomly allocated to these subjects.
Then again three subjects are randomly selected from the remaining subjects in stage
2 and the treatments are again randomly allocated to these three samples. This process
will go on till all the sample units are allocated in one or the other treatment groups.
The readers must note that in this design each sample unit will get one and only one
treatment. The layout of this design in which allocation of three treatments on 12
sample units has been done is shown in Figure 1.1. Randomization of treatments to
the sample units ensures internal validity in the study.

Consider an experiment in which the effect of music is to be seen on concentration.
The researcher may have three different types of music; classical, instrumental, and
orchestra. This experiment can be organized by using completely randomized design
in which the treatments can be randomly allocated to the samples as discussed above.

Randomized Block Design

Randomized block design (RBD) is used in a situation where the experimental units
(or subjects) are not homogeneous. The reason of non-homogeneity of experimental
units is known to the experimenter before applying the RBD. This reason may also
be called classification or categorical variable not the treatment. Levels of these vari-
ables are also known to the experimenter. In using this design the entire sample is
divided into blocks of homogeneous subjects and then the treatments are randomly
allocated to these subjects within each block. Here the block is known as classificatory
variable. The experimenter divides the sample into as many blocks as the levels of
categorical variable. In a randomized block design, if m treatments are to be replicated
r times then r blocks need to be created and m X r subjects need to be selected in the
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Figure 1.2 Layout of the randomized block design

study. Each of the m treatments is assigned randomly to only one subject in each
block. The random allocation of treatment in each block is done independent of other
blocks. The blocks are made on that variable which is supposed to affect dependent
variable. Consider a study in which the effect of three different types of teaching
methodology is compared to see their effect on the improvement of the subject’s
learning efficiency. It is a known fact that learning efficiency depends upon IQ level
of the subjects. Thus, if the subjects vary in their intelligence level, the blocks may
be made on IQ. For instance if this experiment is conducted on 12 subjects to com-
pare the effectiveness of three teaching methodology (T, T,, and Ty), the subjects
may be divided into four blocks of different 1Q levels, having three subjects in each.
All the three treatments will then be randomly allocated in each block. The lay-
out for 12 subjects, grouped in 4 blocks, can be shown by the Figure 1.2. Here
the blocks have been made on the basis of the IQ. The reader should note that the
blocks must be homogeneous within itself and heterogeneous among themselves in
relation to 1Q.

Another variant of the randomized block design is the one in which treatments
are replicated many times within each block. For instance, if the above experiment
is conducted by making the block on gender instead of 1Q, all the three treatments
T, T,, and T; would be replicated many times in each gender. For instance, if a
study is conducted to compare the effect of these teaching methodologies on 120
subjects, 60 male and 60 female would be taken as the subjects in the study. The
treatments T, T,, and T; will then be randomly replicated 20 times in male as
well as in female group. The reader should note that in each block the number
of subjects should be in the multiple of treatments. The randomized block design
is generally used in a situation where the performance of the subjects is known
to vary with the variation in certain variable. For instance, performance may
vary with age, height, gender, and so on. Hence, blocking can be made on such
variables. This design is mostly used by the researcher because of its flexibility
and robustness. However, it becomes less efficient as the number of treatments
increases because in that situation the block size also increases. Hence, it is
difficult to maintain the homogeneity in the blocks. This design is more efficient
than the completely randomized design because experimental error is reduced
due to blocking. A detailed comparison of these two designs has been shown in
Chapter 2.
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Matched Pairs Design Matched pairs design is a special case of the randomized
block design. In this design the subjects are matched on some characteristics which
are supposed to affect the experiment. For instance, if the effectiveness of exercise
is to be investigated, matching of subjects should be done on the basis of gender
and age because these variables affect the experiment, but if the matching is done
on the basis of IQ no benefits would be derived from this design. This design can
be used to compare only two treatments. The advantage of this design is that it can
explicitly control more than one extraneous variable, for instance the age and gender
in the above mentioned example. Here each matched pair is like a block. Consider an
experiment in which effect of exercise on strength is to be studied on 100 students.
In using this design we shall divide these 100 subjects into 50 pairs of subjects on the
basis of gender and age. For instance, pair P1 may have both the subjects as female
with 19 years of age and the pair P2 may have both the subjects as male with age
21 years. In each pair treatments are randomized. If one of the treatments is a low
intensity exercise developed by the researcher and the other is a placebo, either of the
two subjects may receive low intensity exercise and the other may receive placebo.
Similarly treatments are randomized in each pair separately. The layout of this design
can be understood by the Figure 1.3.

The matched pairs design is superior to the completely randomized design as well
as randomized block design because here group becomes more homogeneous due to
matching but the drawback is that it can compare only two treatments.

Latin Square designs

Latin square design is useful in a situation where the variability in the experimen-
tal material exist due to two extraneous variables in the experiment. The knowledge
about the variability must be known to the researcher in advance for using this design.
Since in RBD, only one extraneous variable affects the dependent variable hence we
included one blocking variable in the experiment but in this design since effect of
two extraneous variables needs to be controlled hence the experimental material is
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divided in two different blocks (rows and columns). Thus in this design two blocking
variables are taken. Consider a study in which the effect of three different types of
teaching methodology T1, T2 and T3 on learning efficiency needs to be investigated.
If it is known to the researcher that the learning efficiency in this experiment is known
to be affected by the IQ and age of the subjects then the subjects would be divided
in row(IQ) and column(Age) blocks. One of the restrictions in this design is that one
needs to have equal number of blocks on both the extraneous variables. Number of
treatments should also be equal to the number of blocks of each variable. Let us take
three IQ and three Age groups in this study. Thus, three treatments can be taken in
this study which can be replicated on three subjects. While allocating treatments to
the subjects, each treatment should occur exactly once in each row and exactly once
in each column. If T1, T2 and T3 represent traditional teaching, audio-visual teaching
and flexible teaching methods respectively then one of the layout in LSD can be as
shown in Figure 1.4. The main advantage of this design is that it requires less num-
ber of subjects to investigate different treatments. For instance, in this experiment
27(3%x3x%3) treatments can be compared by using only nine subjects.

FACTORIAL EXPERIMENT

If we consider more than one manipulated variables at different levels and their inter-
action effects are also to be judged then the factorial experiment is considered. Facto-
rial experiment is used to investigate the effect of more than one factor at two or more
levels on the dependent variable simultaneously. The factorial experiment is repre-
sented by m”, where “p” represents the number of factors and m indicates the number
of levels of each factor has. Thus, 22 factorial experiment represents that there are
two factors each having two levels, and in all, have four treatment combinations. If
a factorial experiment has p+r independent factors so that each of the p factors has
m levels and each of the r factors has n levels then the experiment is represented as
m? X n” factorial experiment. For instance, if the factorial experiment has two factors
A and B having levels 2 and 3, respectively, then it is called 2 X 3 factorial experiment.

Besides investigating the effect of each factor on the dependent variable, one can
simultaneously investigate the interaction effect (joint effect) of the two factors on
the dependent variable also. Thus, in factorial experiment all the levels of one factor
may be compared in each level of the other factor. The simplest factorial experiment
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is 2 X 2, in which each factor has two levels. If the factor A has two levels (A, A,) and
the factor B has three levels (B, B,, and Bs), this experiment is known as 2 X 3 fac-
torial experiment. Thus, in this experiment six treatment combinations (A B, A;B,,
ABj, A,By, AyB,, A,B;) need to be compared and therefore six groups of random
samples need to be selected. If experimenter decides to replicate each treatment con-
dition on five subjects, 30(=5 X 2 X 3) subjects need to be randomly selected from
the population of interest. This experiment may be conducted in CRD, RBD or LSD
designs as per the requirement of experiment. If the factorial experiment is conducted
in CRD then all six treatment conditions shall be randomly allocated to these 30 sub-
jects in sample so that each treatment is received by five subjects thus making five
experimental groups. On the other hand due to heterogeneity considerations, if the
factorial experiment is using RBD then these six treatment conditions shall be ran-
domly allocated in each block. In this experiment the main effect of both the factors A
and B can be investigated along with the simple effect of each factor simultaneously.
The main effect can be defined as the effect of first independent variable (Factor A)
on the dependent variable across all the levels of the second independent variable
(Factor B). The interaction is ignored for this part. Just the rows or just the columns
are used, not mixed. This is the part which is similar to one-way analysis of variance.
Each of the variances calculated to analyze the main effects (Rows and Columns) is
like between variances.

The advantage of factorial experiment is that one can test the significance of inter-
action between the two or more factors. The interaction can be defined as the joint
effect of two factors or more on the dependent variable. It can also be defined as the
effect that one factor has on the other factor.

In factorial experiment if the interaction effect is not significant, the main effect
becomes meaningful. On the other hand, if the interaction effect is significant, the
simple effects need to be investigated. The simple effect is the effect of one inde-
pendent variable on the dependent variable in each level of the other factor. It is
investigated by comparing the effect of all the levels of one factor in each level of
the other factor.

Consider an experiment in which the effect of mental exercise (A) with three dif-
ferent intensities (low, medium, and high) and environment(B) with three different
climatic conditions (hot, humid, and cold) are to be investigated to see their impact
on the task efficiency of the subjects. This study can be conducted as a 3 X 3 facto-
rial experiment organized using any of the three designs namely CRD, RBD or LSD
depending upon whether the subjects in the sample have no variability, one dimen-
sional variability or two dimensional variability respectively. Thus, in this design nine
treatment combinations need to be compared. If an experimenter decides to replicate
each treatment on five subjects using CRD then this experiment is called as 3 fac-
torial experiment conducted in CRD with five replications. The layout design of this
experiment can be shown by the Figure 1.5.

TERMINOLOGIES IN DESIGN OF EXPERIMENT

Understanding the following terminologies shall facilitate the readers to learn differ-
ent designs discussed in this book in a better way.



TERMINOLOGIES IN DESIGN OF EXPERIMENT 11

Factor B: Environment

Hot Humid Cold

o ° ° o 9 Subjects in
@ Low ¢ -4 - each cell
o o o o |
)
X
)
= o o o
= ° ° °
o i o o o
$ Medium b4 e b
s o ° °
B Cells
-
ie] o o o
S ) ° ° °
L High g g g
o ° °

Figure 1.5 Layout of the 3x3 factorial design

Subject

Subject is usually used for an individual on whom an experiment is conducted. In
investigating the effect of incentives on buying behavior, the individuals to which the
incentives are offered are known as subjects.

Experimental Unit

Experimental unit can be defined as the subject/object on which the treatment is to be
administered in an experiment. If the effect of beverages is investigated on concen-
tration, the subjects consuming beverages are known as experimental units. Similarly
if an impact of government policy is to be studied on the sports facilities in schools,
the school would be an experimental unit.

Factor and Treatment

Factor can be defined as the independent variable whose effect is to be seen on the
dependent variable whereas, different levels of factors are known as treatments. For
instance, in beverages experiment, beverage is known as factor and different types of
beverages are referred as treatments. In experimental research a researcher is allowed
to manipulate the independent variable and therefore if one decides to compare the
effect of three different types of beverages, say beer, coffee, and tea, on concentration,
the beverages is said to have three levels or three treatments. The beverages will be
known as Factor or independent variable. In other words, the level of a factor is the
number of variation in the independent variable which an experimenter wishes to
compare in relation to the response on the dependent variable.

In investigating the effect of independent variable on some dependent variable
where the independent variable has not been manipulated by the experimenter is
known as classificatory variable. For instance, to see the effect of gender on IQ among
the group of students, the gender is a classificatory variable because gender has not
been manipulated by the experimenter and the subjects have been classified on the
basis of their possessed characteristics.



12 FOUNDATIONS OF EXPERIMENTAL DESIGN

Criterion Variable Criterion variable can be defined as a variable in which the inves-
tigator is interested to see as to how it behaves due to manipulation in the independent
variable. It is usually a dependent variable in the study. The criterion variable is
also known as response variable. There can be many criterion variables in the study.
Consider an experiment in which an investigator wishes to investigate the effect of
chocolate type on its taste. Here taste is a criterion variable which is of prime impor-
tance to the researcher. The investigator manipulates chocolate by having its different
variants say white, milk, and dark whose effects may be compared on taste. Thus, in
this case taste depends upon different types of chocolate. Further, in this experiment
if the investigator is also interested to see the effect of chocolate type on crunchiness
along with the taste, there would be two criterion variables, that is, taste and crunch-
iness. Similarly depending upon the objectives of the study the researcher may have
several criterion variables in the study. Such study is a case of multivariate analysis
of variance.

Variation and Variance

Variation refers to the spread of scores around mean values, whereas the variance
can be defined as a measure of variation. Variance is simply the square of standard
deviation and is given by the following formula:

2_ 1 R
ol= Y- (1.1

This 62 is the population variance and can be estimated by the sample mean square,
2, as given by the formula (1.2).

2= 1 Z(x—)_c)z (1.2)

n—1

The estimate of variance due to independent variable(s) and variance due to
error are estimated to solve different designs. Detail procedure has been shown in
Chapter 2.

Experimental Error

Experimental error can be defined as an error which cannot be controlled in an exper-
iment. Mostly this is the result of individual variation during an experiment. One
cannot attribute the reason for such variation. By having control on the experiment
and using proper experimental design, the researcher tries to reduce it. For instance,
in comparing the effect of three different chocolates on taste, the observed effect on
the subject’s taste cannot be attributed to the chocolate type alone but it is partially
due to the subject’s characteristics such as age, gender and socioeconomic status as
well. This variation which cannot be accounted for due to the chocolate is known as
experimental error.
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External Validity

External validity refers to the extent of generalizibility of research findings to the
population from which the sample is derived. To ensure the external validity, it is
important that the sample is randomly drawn from the population of interest. Thus, in
a study if the sample is randomly drawn by using an appropriate probability sampling
technique, external validity can be ensured. On the other hand, if the sample is drawn
by using any of the nonprobability sampling method, the study lacks external validity.

Internal Validity

In an experimental research if the effect on a criterion variable can be attributed due
to manipulation in an independent variable, the research study is said to have internal
validity. Internal validity refers to the extent of which one can say that the variation
observed in the dependent variable is due to the variation in the independent vari-
able. To ensure the internal validity, the external variance should be controlled in the
experiment. The randomization of experimental units to the subjects is one of the best
ways to ensure the internal validity in the study.

CONSIDERATIONS IN DESIGNING AN EXPERIMENT

We have seen that in experimental research a researcher is interested to see the impact
of some independent variable or factor on the criterion variable. A factor which can
be manipulated by the researcher to see its impact on the criterion variable is known as
treatment variable. Examples of treatment variables are exercise program, nutrition,
pranayama, training intensity, incentives, and so on. In all such cases an experimenter
can manipulate them. A treatment variable is basically an independent variable. If the
independent variable cannot be manipulated by the researcher, it is known as clas-
sificatory variable. The classificatory variable can be defined as some preexisting
characteristics of the subjects on the basis of which they can be classified. The vari-
ables like gender, socio economic status, sports category, geographical region, and
weather conditions are all classificatory variables because these variables cannot be
manipulated by the researcher. For instance, in seeing the impact of three different
types of nutritional supplements on the muscular strength, the nutritional supplement
is a treatment variable because it can be manipulated by the experimenter by choosing
its different types. However, in investigating the effect of gender on the 1Q, gender is a
classificatory variable because the gender cannot be manipulated by the experimenter.

In two-factor design, in which the experimenter is interested to see the impact
of two factors simultaneously on some criterion variable, one of the factors can be
treatment variable whereas the other can be a classificatory variable. Consider an
experiment in which the effect of sleep deprivation (with three different durations) is
to be seen on the task performance in male and female subjects. In this case the two
independent variables are sleep deprivation and gender, whereas the criterion variable
is the task performance. Out of these two independent variables the sleep deprivation
is a treatment variable because the experimenter can manipulate its duration, whereas
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the gender is a classificatory variable because it cannot be manipulated as the subjects
are classified on the basis of their gender, a preexisting criterion among the subjects
prior to conducting the experiment.

Most of the time a researcher manipulates an independent variable in his experi-
ment because by doing this more control can be observed in the experiment resulting
more accuracy in the findings. Manipulating independent variable depends upon the
nature of the study. Sometime the objective of the study is such that the indepen-
dent variable cannot be manipulated by the researcher, in that case the independent
variable is taken as a classificatory variable. For instance, if the effect of consum-
ing tobacco on the athlete’s performance is to be investigated, the subjects can be
classified into nontobacco, occasional user, and regular user categories. In this case
independent variable cannot be manipulated by the researcher as the subjects cannot
be forced to consume tobacco to see its impact on their athletic performance. In fact
it is unethical if somebody does that.

Choosing statistical design depends upon the objective of the study and the knowl-
edge about the heterogeneity of experimental material (subjects). An experimenter is
required to manage different types of variances in such a way in the experiment so
as to get the reliable findings. The purpose of each and every design is to reduce the
error in the experiment for enhancing the reliability of findings. This is done by max-
imizing the systematic variance, controlling the extraneous variance, and minimizing
the error variance in the study (Verma, 2014). By following these guidelines reliable
findings in the experimental study can be achieved. Detailed discussions about these
aspects have been made in the following sections.

Systematic Variance

Systematic variance refers to the measure of variation resulting from manipulating the
independent variable by the researcher. The researcher must choose different levels of
the independent variable in such a manner so as to have the maximum variability in the
criterion variable. For instance, in the above mentioned sleep deprivation experiment
the researcher must choose the duration in such a way so as to achieve the maximum
variance in the task performance of the subjects in different treatment groups. Since
the researcher has a freedom to manipulate this independent variable, he might choose
to have three durations of sleep deprivation as 24 hours, 30 hours, and 36 hours. Of
course choosing these durations must be based on some scientific theory or litera-
ture. However, if an experimenter decides to have these three durations as 22 hours,
23 hours, and 24 hours, this may not produce maximum variance in the criterion vari-
able during experiment. Thus, a researcher must use this opportunity to maximize the
systematic variance by scientifically choosing the levels of the treatment variable(s).

Extraneous Variance

While investigating the effect of independent variable on some criterion variable the
researcher must ensure that whatever the variation is observed in the criterion vari-
able, most of it can be explained due to the manipulation of the independent variable.
This can be achieved by controlling the effect of extraneous variables and making
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the experimental groups as similar as possible. This can be done by using any one or
more methods discussed below.

Randomization Method Random allocation of treatments to the subjects is the most
powerful method of controlling the external variance in the experiment. It ensures
the effect of all external variables to be equally distributed in the treatment groups.
Randomization ensures similarity of all the treatment groups. This ensures internal
validity by removing the confounding effect of the extraneous variables in the findings
of a research experiment. In fact randomization is one of the main principles of the
design of experiment. Randomization also controls bias in allocating treatments to the
subjects. Another advantage of randomization is that it ensures normality of data in
different groups which is one of the main assumptions in solving the design by using
the analysis of variance. Thus, a researcher should not only draw the random sample
from the population of interest, but should also allocate the treatments randomly to
the subjects for controlling the external variance in the experiment.

Elimination Method Elimination method is another way of controlling the exter-
nal variance in the experiment. In this method the extraneous variable which affects
the criterion variable during experiment is stabilized in the study. Let us consider an
experiment in which the effect of three different exercise programs is to be compared
on weight reduction. Let us further assume that these programs are administered on
three different groups of subjects which include male and female both. In this case
weight reduction cannot be solely due to the variation in the exercise programs, but
partly affected by the gender as well. In order to done away the effect of gender, the
whole experiment can be organized either on male or female. In other words, effect
of gender can be controlled by eliminating either of the two genders from the study.
The problem with such study is that the findings cannot be generalized for the entire
population. In this case if the female subjects are eliminated, the findings can only be
applicable to the male subjects and not for the females; hence, elimination method
lacks in external validity. Thus, if a researcher has an idea about the extraneous vari-
able which affects criterion variable in an experiment, the elimination method may
control the external variance provided objective of the study demands for it.

Matching Group Method Another method of controlling external variance is by
means of matching the group on some extraneous variable. If the effect of three train-
ing programs (T, T,, and T;) is to be seen on the shooting accuracy in basket ball,
the subjects may be matched in the groups on the basis of their height because height
is supposed to affect the shooting accuracy besides training programs. Using this
method the height of all the subjects in the sample is measured first and scores so
obtained are arranged either in ascending or descending order. After arranging the
subjects according to their height, the first three subjects may be selected and the
three treatments (in this case) can be randomly allocated to them. Again the next three
subjects are selected and all the three treatments are randomly allocated to them. This
way all the subjects are allocated to some or other treatment group. The readers must
note that each subject will be classified into one of the three treatment groups. If the
random sample consists of 12 subjects, matching of these samples on the basis of
their height can be shown by the Figure 1.6.
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Figure 1.6 Allocation of treatments by matching the subjects

Adding Additional Independent Variable The above discussed three methods of
controlling extraneous variance, that is, randomization, elimination, and matching,
are known as nonstatistical methods. If the variability of an extraneous variable can-
not be controlled by any of the nonstatistical methods, one may include it in the
design. For instance, if an experimenter is interested to compare the effect of three
different conditioning programs (T, T,, and T3) on the general fitness among the
college students, in that case if the experimental groups consist of male and female
both, gender can be included as an additional independent variable in the design. The
gender is included in the design as an additional independent variable because it is
considered to affect the criterion variable, that is, general fitness during experimen-
tation. This variable is known as blocking variable. The purpose of adding gender as
an independent variable is only to reduce the error variance in the design, as some
part of the error variance can be explained by the variable gender. Besides reducing
the error variance, this independent variable does not serve any other purpose in the
experiment. The reader must note that by the inclusion of extraneous variable in the
design the error variance is reduced but at the same time degrees of freedom of error
variance also gets reduced. Thus, the design will become more efficient only when
the extraneous variable is known to affect the criterion variable significantly. If the
three treatments in the above mentioned experiment are different intensities of the
conditioning program, that is, low, medium, and high, the layout of the design can be
shown by the Figure 1.7.

Statistical Control We have seen that if nonstatistical procedures are not sufficient
to control the extraneous variance, the statistical procedure can be adopted by
including the extraneous variable in the design. Other statistical procedures through
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Factor 2: Conditioning Programme
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Figure 1.7 Layout of the design after including extraneous variable in the design

which control can be observed in the experiment are repeated measure designs and
analysis of covariance (ANCOVA) design. In using the repeated measures design
subjects serve their own control; hence, error variance is reduced to a great extent.
On the other hand, in ANCOVA design the extraneous variance is controlled by
adjusting the effect on the criterion variable due to treatments in relation to the
extraneous variable. In ANCOVA design the extraneous variable is also known as
covariate. Since this book is specifically meant for the repeated measures designs,
various repeated measures designs have been discussed in different chapters along
with their solutions by using the SPSS software. The ANCOVA design is out of scope
of this book. The readers are advised to refer to the book Verma (2011) for this topic.

Error Variance

All nonstatistical and statistical methods discussed above to control the extraneous
variance help in reducing the error variance also. Besides this by following some
more guidelines the error variance can further be minimized in the design. For
instance, the researcher must use the standard equipments so as to ensure the
instrument reliability in data collection. Similarly the researcher must follow
the proper instructions applicable in data collection of different parameters and if the
study is of survey type, a clear-cut instruction must be given to the field investigators
for reliable data collection.

Maximizing systematic variance, controlling extraneous variance, and minimiz-
ing error variance facilitates an investigator to compare systematic variance against
error variance. Minimizing error variance gives the systematic variance a chance to
show its significance. Managing all types of variances ensures that whatever the effect
observed in the criterion variable is genuinely due to the treatment variable.

EXERCISE

1.1. What happens if the principles of design of experiments are not followed in
conducting an experimental study?

1.2. Explain the concept of external and internal validity in an experimental study
by means of examples.
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1.3.

1.4.

1.5.

1.6.

1.7.

1.8.

FOUNDATIONS OF EXPERIMENTAL DESIGN

What are the benefits of randomization in a research design? Explain the differ-
ence between random selection of sample and random allocation of treatments
to the subjects.

What is factorial experiment? Explain its advantage in comparison to that of
single factor study.

Why randomized block design is considered to be the superior design in com-
parison to that of completely randomized design. Discuss the layout of these
two designs.

Explain the matched pairs design and discuss its advantage over completely
randomized design and randomized block design.

What are the different ways and means in controlling extraneous variance in
an experimental study?

In an experimental study, how different variances should be controlled? What
happens if an experimenter optimally maximizes systematic variance, controls
extraneous variance, and minimizes error variance?

ASSIGNMENT

1.1.

1.2.

1.3.

A researcher decides to organize a completely randomized design to investigate
the effect of different types of beverages on the concentration. He has taken
three different types of beverages and a sample of 15 subjects. Describe the
layout of the design in the study.

An investigator wishes to compare the effect of three different types of
exercises on flexibility. He has selected nine male and nine female subjects
in the study. Theory suggests that the experimental results would be affected
by the gender difference. Which design you would prefer. Show the layout
design in the study.

By organizing a matched pairs design an investigator wishes to see the impact
of garlic on the cholesterol level of the subjects. He feels that the age and activ-
ity levels of the subjects will affect the findings in the study; hence, took these
two criteria for matching the group. Suggest a plan of study and show the layout
design.
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ANALYSIS OF VARIANCE AND
REPEATED MEASURES DESIGN

INTRODUCTION

One of the main advantages of experimental research is that it ensures internal valid-
ity in findings. In other words, an investigator can be sure enough in concluding
that the effect observed in a criterion variable is due to the change in the treatment
variable. Itis because experimenter can manipulate a treatment variable in experimen-
tal studies to see its impact on a criterion variable under a controlled environment.
For instance, to see the impact of caffeine on memory retention, a researcher can
manipulate the level of caffeine as low, medium, and high. By allocating these three
treatments randomly to the subjects ensures more internal validity of the findings as
the experimenter is in full control of the experiment. On the other hand, status studies,
where the independent variable is a classificatory variable which is not manipulated
by the experimenter, lacks in internal validity because the subjects are classified on
the basis of their preexisting characteristics. Since in such studies an experimenter
cannot manipulate the independent variable, one has less control in the study. For
instance, in investigating the effect of locality on the frustration of subjects the inde-
pendent variable is a classificatory variable where the subjects can be randomly drawn
from the rural and urban categories. Here independent variable is not being manipu-
lated by the experimenter; hence, subjects cannot be controlled in these two groups,
resulting in reduced internal validity in the study. To enhance internal validity a large
number of subjects may be required so that the subjects in each category may be more
representative. Thus, experimental study is the best approach to test a hypothesis. In

Repeated Measures Design for Empirical Researchers, First Edition. J. P. Verma.
© 2016 John Wiley & Sons, Inc. Published 2016 by John Wiley & Sons, Inc.
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conducting an experimental study the researcher needs to design an experiment. The
main issue in designing an experiment is the procedure of allocating treatments to the
subjects. Based on this criterion all designs can be classified into one of the three cate-
gories; independent measures designs, repeated measures designs, and mixed design.
We will now discuss these designs in short.

In independent measures design each subject receives one and only one treatment.
In other words, different subjects are used in each treatment group. The allocation of
subjects in different treatment groups has been thoroughly discussed in Chapter 1.
The independent measures design is also known as between-subjects design. On the
other hand, in repeated measures design same subjects are tested in each treatment
condition. This means that the same set of subjects receives all the treatments. Since
the same subjects are tested repeatedly, these designs are known as repeated measures
design. The repeated measures design is also known as within-subjects design.

Repeated measures design is more convenient to apply in comparison to that of
independent measures design because it requires less number of subjects and less
time to conduct an experiment. The best part of the repeated measures design is that
the subjects serve their own control; hence, the reduction of error variance is more in
comparison to that of independent measures design. The repeated measures designs
do have disadvantages as well. In such design there may be an order effect. Order
effect refers to the improvement or decline in performance during testing which may
be due to learning effect, or fatigue by undergoing treatments in a specific order. The
performance of subjects in the second treatment condition may be better or worse in
comparison to the first condition depending upon whether there exists learning effect
or fatigue in the first treatment condition. Besides order effect, subjects may get bored
as they undergo all the treatment conditions due to which their optimal performance
may not be observed.

On the other hand, in independent measures design there is no order effect because
subjects are different in different treatment conditions. The disadvantage of the inde-
pendent measures design is that it requires more number of subjects; hence, their
varied background and individual variations in their performance may add to error
variance.

Since repeated measures design is solved by using the similar concept of anal-
ysis of variance (ANOVA) used in case of independent measures, the computation
of one-way ANOVA has been shown first and then detailed computation involved in
repeated measures design shall be discussed later in this chapter.

UNDERSTANDING VARIANCE AND SUM OF SQUARES

All kinds of designs in independent measures as well as repeated measures are solved
by using the concept of ANOVA. It is therefore important to know the terms used
in the computation of ANOVA. In solving any experimental design we deal with
different kinds of sum of squares and variances, hence let us understand these terms
first. The variation is the spread of scores and the variance is an index to measure
the variation. In analyzing any design different types of variances are estimated by
computing various sum of squares. The total variance in the population is estimated
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by computing the mean square variance S using sample data.

2_ 1 -2
S —n_IZ(x—x) 2.1
where 7 is the sample size
SS
§* ===
~ df
__Variation
Cdf
= MSS (2.2)

where SS represent the sum of squares and is equal to Y (x —X)?, and df de-
notes degrees of freedom for computing mean square variance S. In fact the sum of
squares indicates the variation of scores around mean value, whereas mean sum of
squares is an index to measure such variation. In ANOVA the term MSS is used to
represent the estimated variance.

Degrees of freedom can be defined as the number of independent pieces of infor-
mation that is used in the final calculation of a statistic. In ANOVA mean sum of
squares are calculated by using degrees of freedom. Larger the degrees of freedom
better is the estimate of variance.

Let us see how to compute sum of squares for the data 5, 6, 4, 8, 2 (Table 2.1).

It can be computed by solving the expression Y. (x — X)? as shown below:

SS =) (x—% = Y (2 +¥ —2x%)
=Y+ Y F-2) k¥
=Y 2+ N - (Zx:NX)
= sz - NX¥ (2.3)

Thus, 5
$S =) S (2.4)

Table 2.1 Computation of Sum of Squares and Mean Sum of Squares

X X2 X-X) (X — X)?
5 25 0 0
6 36 1 1
4 16 -1 1
8 64 3 9
2 4 -3 9

G=Yx=25 3 =145 -5 =20
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Sum of Squares(SS) = ) (x—¥)* =20

- _ G
her ==
where x = <

By using the formula (2.4) the sum of squares in the above mentioned problem
becomes

G2
SS = 2oL = 145-=-=20
PR 5
Thus, it can be seen that both the formulas (2.3) and (2.4) gives the same results
in computing the sum of squares.
Because of its simplicity the formula (2.4) shall be used hereafter to compute var-
ious sum of squares in ANOVA.

ONE WAY ANALYSIS OF VARIANCE FOR INDEPENDENT MEASURES
DESIGN

ANOVA is a group of statistical techniques used for analyzing different types of
experimental designs. This technique is used for comparing means of three or more
groups by comparing the sum of squares between groups with that of sum of squares
within groups. The F-ratio is obtained by dividing the mean sum of squares between
groups by the mean sum of squares within groups. As per the Snedecor, this F statistic
follows F-distribution with (v,v,) df, where v, is the degrees of freedom of between
groups sum of square and v, is the degrees of freedom of within group sum of square.
As per the central limit theorem, if groups are drawn from the same population,
the variance between the group means should be lower than the variance within the
groups. Thus, a higher value of F indicates that the samples have come from differ-
ent populations. If in the design different levels of one factor are to be compared, the
ANOVA is known as one-way ANOVA. In one-way ANOVA, it is essential that the
subjects or units on which these different levels of one factor is applied should be
homogeneous. Similarly if the effect of two or three factors on some criterion mea-
sure is investigated simultaneously, the ANOVA is said to be the two-way ANOVA
or three-way ANOVA, respectively.

Assumptions

Following are the assumptions for one-way ANOVA in analyzing independent mea-
sures design:

a. The samples have been drawn from the population which is normally
distributed.

b. Samples are independent to each other. In other words, subjects are different in
each group.

c. The observations obtained on the subjects are independent to each other.
d. The populations from which the samples have been drawn have equal variances.
e. All the factors are additive in nature.
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Table 2.2 Pull-ups Scores in Different
Strength Training Groups

Strength Training

Low Medium High
5 8 9
3 6 8
4 5 7
5 4 8
2 3 6

The procedure involved in one-way ANOVA for independent measures design
shall be discussed with the help of the following illustration.

ILLUSTRATION I

In an experiment it is required to compare the effect of three levels of strength training
programs with different intensities (low, medium, and high) on the pull-ups perfor-

mance obtained on college athletes. Fifteen subjects have been randomly assigned to
three treatment groups. After training, their pull-ups performance has been recorded
which are shown in Table 2.2. Let us see how to solve this one-way ANOVA for
the independent measures design to find the most effective training program. The
hypothesis shall be tested at the significance level of .05.
Solution

Here n = number of subjects in each treatment = 5

r = number of treatments=3

N = total number of subjects in the sample = nr = 15

Null hypothesis which is required to be tested is as follows:

HO * Mlow = Mmedium = Hhigh
against the alternative hypothesis that at least one of the group means differ.

To test the above mentioned null hypothesis, it is required to compute F ratio by
computing sum of squares between groups and within groups. Since in this design
there is only one source of variance (different levels of strength training), the total
variation is distributed between groups and within groups. The sum of squares within
groups is also known as sum of squares due to error. Thus, the one-way ANOVA
for independent measures design, the total sum of squares can be partitioned as
follows:

Total SS = SSg.; + SSgqor 2.5)
where
Total SS = Variation of all the scores around combined mean value.
SSget = Variation of group means around the combined mean

SSwimin = Combined variation of scores within each group taken around
respective group means
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Total SS | df = N—1 14

e

SSBet ‘ df=r—1 ] 2 [SSWithin df= N—r 12

Figure 2.1 Scheme of distributing sum of squares and degrees of freedom

Partitioning of Total Variation in the Design

The total sum of squares and the degrees of freedom for one-way ANOVA as
explained in Illustration I is distributed as per scheme shown in Figure 2.1.

Since computation of F depends upon the values of sum of squares between groups
and within groups, the following computation shall be done to find these sums of
squares.

Computation

2 2
Correction factor (CF) = % = % =459.27

Raw Sum of Squares (RSS) = Z Z Y;
i

=(5%+34+ 2+ @+6%+ . +3)+(9*+ 8+ ... 6%
=79 + 150 + 294

where ¥;; is the observation of the 7™ subject given the i" level of training, i = 1,2,3;
j=1,2,3,45.

2

_ - 2 _ G

Total Sum of Square (TSS) = RSS—CF = Z Z V-

i

= 523-459.27 = 63.73

R2 G2
SS between treatment groups (SS;) = — - =
n; N
192 26> 38
= —+—+—-459.27
5 5 5

=722+ 135.2 4 288.8-459.27 = 36.93

where R, is the i group total and n; the number of observation in the i
group, i=1, 2, 3.
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SS within groups (SS,,) = TSS - SS,
= 63.73-36.93 = 26.8

Explanation

The following explanation related to different components worked out in this illus-
tration shall help the readers to understand the procedure in a better way.

Partitioning of SS and Degrees of Freedom 1f you look into the pull-ups scores
in Table 2.2, all the scores are not alike. One of the obvious reasons for the differ-
ence may be the training program. Since these scores have resulted due to different
intensities of strength training program, the training may be one of the causes of
variation. Thus, the first cause of variation is the training group. But within each
group also all the scores are not same. This may be termed as individual variation.
The individual variation arises in each group due to varied background of the sub-
jects such as variation in their physical, physiological, and nutritional parameters.
Since these individual variations cannot be assigned due to any particular cause, the
pooled individual variations of all the groups is termed as experimental error. The
experimental error is also known as within group error because it is sum of the indi-
vidual variations in each group. Thus, the total variation in the scores is partitioned
into two components; variation due to between groups and variation due to within
groups.

Similarly total degrees of freedom, that is, N — 1(= 14) has been partitioned into
r — 1(= 2) df for treatment groups and N — r (= 12) df for within groups or due to
error.

Computation Various terms computed above in the example will now be explained
for understanding the procedure of computing F value.

Correction Factor The correction factor has been obtained by squaring the grand
total of all the scores, G and dividing it by the total number of scores N. Thus, the
correction factor has been obtained as 459.27.

Raw Sum of Squares The raw sum of squares is obtained by squaring all the scores
in the study and adding them together. In this illustration there are N (= 15) scores;
hence all the 15 scores have been squared and added to get the raw sum of squares
as 523.

Total Sum of Squares The total sum of squares indicates the variation among all the
scores (irrespective of groups) around grand mean. The formula for computing SS as
shown in (2.4) has been used in computing this total sum of squares.

ss =) 2—%2
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Table 2.3 Computation in One-Way ANOVA

Strength Training
Low Medium High

5 8 9

3 6 8

4 5 7

5 4 8

2 3 6
Group total R,=19 R,=26 R;=38 G=R,+R,+R; =83
Group mean 3.8 52 7.6

here x represents the score, N, the total number of scores, and G, the grand total
of all the 15 scores. Thus, the total SS has been obtained by solving the following
expression which is equal to 63.73.

83?

= (543527 + (84674 +37) + (9%+8%+......67) — = 63.73
_ - 15

All fifteen scores in the study

Sum of Squares between Groups The SS between groups is the variation among
group means around grand mean G/N. This term has been computed by using the
following steps:

i. Square the sum of each group, divide them by the number of scores in that
group, and add them that is:

192 26 38

5 5 5°

ii. Subtract the correction factor from the sum obtained in the step (i) to get the
value of SS between groups which has been obtained as 36.93.

and

Sum of Squares within Groups The SS within group is 26.8. It has been obtained
by subtracting the sum of squares between groups from the total sum of squares, that
is, 63.73-36.93. However, sum of squares can directly be calculated from the data in
Table 2.3. The sum of squares within groups is the pooled sum of squares within each
group. In other words, it is the sum of the variation within each of the three groups
in this illustration. Let us see how to compute it. By using the formula (2.4) the sum
of squares in each group can be computed as follows:

2
SS within Low treatment group = (5> +32+4>+5+2%) - %
= 79-722=06.8
hi : 2 2 &2, g2, a2 26
SS within Medium treatment group = (8 + 6+ 5° +4“ +3°) — 5

=150-1352=1438
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Table 2.4 ANOVA Table for the Data on Pull-ups

Source of df SS MSS F-Value Tab.F
Variation

Bet. groups r—1=2 36.93 2 =1847 828 F 5(2,12)=3.88
Within groups N—r=12 268 22 =223

Total N-1=14 6373

4Significant at 0.05 level

2
SS within High treatment group = (9> + 8% + 7% + 8% 4+ 6%) — %
=294-288.8 =5.2

Thus,
SS within group = 6.8 + 14.8 +5.2 = 26.8

This value is exactly same as what has been obtained by the subtraction method.

ANOVA Table Finally these sums of squares have been placed in the Table 2.4. This
table is known as ANOVA table. The mean sum of squares between groups has been
obtained by dividing SS between groups by the corresponding degrees of freedom
(r — 1). Similarly mean sum of squares within groups has been obtained by dividing
the value of SS within groups by the corresponding degrees of freedom (N — r).
Finally, the F value has been computed by dividing mean sum of squares between
groups by the mean sum of squares within groups.

Results

The tabulated value of F at .05 level of significance with df(2,12) obtained from the
Table A.2 in the Appendix is 3.88. Since calculated value of F (= 8.28) is greater
than the tabulated F, the null hypothesis is rejected and it may be concluded that the
F value is significant. Hence we conclude that there is a significant difference among
three levels of strength training. Since null hypothesis has been rejected, a post hoc
test needs to be done to compare the means of different groups.

Post-Hoc Analysis

In order to find as to which group’s pull-ups score is the best, a post hoc test shall be
used. Since the sample size is same the Tukey’s, HSD test shall be used for computing
critical difference. Tukey’s HSD test is also referred as Tukey’s test. This test is used
in post hoc analysis to test the significance of difference between two group means.
Tukey’s statistic compares all possible pairs of means and is based on a Studentized
range distribution (gq).

The critical difference in Tukey HSD test is given by

MSS,,
n

CD = 9o,r N-r (2.6)
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where r is the number of groups, n is the number of scores in each group, and N
is the total number of scores. The value of g at a particular significance level a and
(r, N — r) df can be obtained from the Table A.4 in the Appendix.

Here a = 0.05, r = 3, n = 5, the critical difference (CD) shall be

2.23

CD =g 053.12 =

From the Table A.4 in the Appendix the value of g o5 3 15 is 3.77
Thus,

CD =3.77 x 252 =252

After arranging group means and critical difference in Table 2.5, group means can
be compared in pairs for significant difference. The means of different groups have
been written in descending order.

Looking to the Table 2.5 it is clear that the mean difference of pull-ups scores
between high and low intensity groups is significant because it is higher than the
critical difference. However, there is no significant difference between the mean
pull-ups score in high and medium intensity groups as well as medium and low inten-
sity groups. By looking to the mean values, it may be inferred that the pull-ups perfor-
mance in the high intensity group is the highest whereas least in low intensity group.

It may therefore be inferred that the high intensity strength training program is the
best in improving the pull-ups performance of the college athletes. The above results
can be shown graphically in Table 2.6.

Table 2.5 Post-Hoc Comparison of Means Using Tukey Test

Means Pull-ups in Mean Diff. CD at 5%
Different Groups Level
High Medium Low
7.6 52 2.4 2.52
7.6 3.8 3.8° 2.52
52 3.8 1.4 2.52

4Significant at 0.05 level.

Table 2.6 Mean Pull-Ups in Different Strength Training Groups

High Medium Low
7.6 52 3.8
-
N J

173

" represents no significant difference between the means at .05 level.
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Figure 2.2 Means plot of the pull-ups performance in three strength training groups

Means Plot

The mean pull-ups score of all the three treatment groups can be plotted as shown
in the Figure 2.2 to compare the effect of three different levels of strength training
program on pull-ups performance.

The means plot shown in Figure 2.2 clearly indicates that the pull-ups performance
of the high intensity groups is the best in comparison to that of low intensity program.

REPEATED MEASURES DESIGN

Repeated measures design is an extension of paired ¢ test. In this design same subjects
are tested repeatedly under all the treatment conditions; hence the name repeated
measures. Repeated measures design is solved by using one-way ANOVA but for
related, not independent groups. A repeated measures ANOVA is also referred to
as a within-subjects ANOVA and may be written as rANOVA. In using this design
researcher’s interest is to investigate overall differences among related group means.
For instance, if the effect of intervention (active, passive, and meditative) on the
recovery is to be seen among the soccer players after the match, an experiment may
be planned by using the repeated measures design. In this design all the subjects need
to be repeatedly observed for their recovery response in all three different treatment
conditions. Here all three groups are related because the same subjects are tested
under all the three treatment conditions. The researcher’s interest is to compare
overall differences among these three related group means of recovery response.
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In this book many complex repeated measures designs have been discussed along
with their solutions using SPSS software in different chapters. To understand these
designs, the manual computations and other details of one-way repeated measures
ANOVA have been shown by means of an example.

WHEN TO USE REPEATED MEASURES ANOVA

The repeated measures designs are used in two types of studies. First type of studies
are those where performance of the subjects are investigated in three or more different
time durations. For instance the researcher might investigate the effect of an aerobic
program on muscular endurance after four weeks, six weeks, and eight weeks. These
three variations of the time duration are known as levels of Time factor. If five subjects
are used in such study, the layout of the repeated measures design can be shown by
the Figure 2.3.

Second types of studies are those where the performance of the subjects are com-
pared under three or more treatment conditions. For example a researcher may wish
to investigate the effect of sleep deprivation on EEG. He may choose three treatment
conditions such as 24 hours, 30 hours, and 36 hours before the EEG examination. All
the subjects may be tested for their EEG reading in all the three treatment conditions.
In such studies the researcher must ensure that there is no carryover or learning effect
due to the treatment conditions. To wipe off this effect, sufficient time should be given
between testing a subject under any two treatment conditions. Another issue in such
studies is that of the order effect. To done away the order effect counterbalancing
is used in the design. This is done by dividing the sample into three groups if there
are three treatment conditions. The first group will undergo the first treatment there-
after second and then the third treatment, whereas the second group may undergo into
the second treatment first and then the first and subsequently the third treatment in
sequence. Similarly in third group the order of treatment may be the third treatment
first then the second and thereafter the first. If in the sleep deprivation example sam-
ple consists of six subjects then the layout of the one-way repeated measures design
can be shown by the Figure 2.4. Here, in the first phase of testing the subjects S1 and
S2 will be deprived of sleep for 24 hours, the subjects S3 and S4 for 30 hours and the
subjects S5 and S6 for 36 hours. Similarly the testing protocol for the subjects during
second and third phase of testing has been shown in the Figure 2.4.

Assumptions

In using repeated measures design for testing the hypothesis of interest certain
assumptions are required to be fulfilled. In case the assumptions are violated the
level of significance is inflated and the power of test reduces. In other words, the
probability of wrongly rejecting the null hypothesis increases. The assumptions that
are required for the repeated measures design are as follows:

1. The independent variable needs to be categorical (nominal or ordinal) and
dependent variable to be metric (interval or ratio).
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Treatment levels

|4 weeks| |6 weeks[ I8 weeks|

S1 S1 S1

S2 S2 S2 )
Subjects

S3 S3 S3

S4 S4 S4

S5 S5 S5

Figure 2.3 Layout of the one-way repeated measures design having levels of the factor as
time point.

Treatment conditions
sleep deprivation

24 hours | | 30 hours | | 36 hours

First testing  S1 S3 S5
S2 S4 S6
°
o
L
<
S Second testing S5 S1 S3
D
c
2 S6 S2 S4
@
Third testing ~ S3 S5 S1
S4 S6 s2

Figure 2.4 Layout of the one-way repeated measures design having three treatment condi-
tions

2. There should be no outliers.

3. The difference scores in the dependent variable between the two or more related
groups should approximately be normally distributed.

4. The assumption of sphericity must be satisfied. In other words, no sphericity
should exist in the data. The sphericity assumption states that the variances of
the differences between all combinations of related groups must be equal. In
other words, correlations among the repeated measures are all equal.

SOLVING REPEATED MEASURES DESIGN WITH ONE-WAY ANOVA

The repeated measures design is also analyzed by using the ANOVA technique but
for related groups. This section will help the reader to understand the computation
used in repeated measures design by knowing the scheme of distributing total sum of
squares and degrees of freedom. After going through the following sections readers
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will understand the difference between independent measures and repeated measures
designs. The whole process of solving the one-way repeated measures design shall
be discussed by means of an illustration. In solving the one-way repeated measures
ANOVA one should use the following steps.

Hypothesis construction

Layout of the design

One-way repeated measures ANOVA model
Computation in one-way repeated measures ANOVA
Testing sphericity assumption

Testing significance of treatment effect

R -0 &0 O

Writing results

ILLUSTRATION II

A researcher wanted to investigate the effect of music (classical, western, and Instru-
mental) on the mood of the subjects during dinner. A study was planned in which five
subjects participated. In order to have control in the experiment similar menu at the
same venue was kept in the experiment. The subjects were tested for their mood after
each dinner session with different music and the scores so obtained were recorded
which are shown in the Table 2.7. The counterbalancing was done while implement-
ing the treatments so as to done away the effect of any systematic variance in the study.
Let us apply one-way repeated measures ANOVA to find as to which type of music
enhances the mood status during dinner. Higher the mood score more pleasurable
state the subject is in. We shall test the hypothesis at .05 level of significance.

To solve this repeated measures design where all the five subjects were tested
under each treatment condition, the following steps shall be performed.

Hypothesis Construction

The following null hypothesis is required to be tested

HO * Hclassical = MWestern = HMinstrumental

against alternative hypothesis that at least one of the group means differ.

In arepeated measures design the variability due to subject can be isolated from the
treatment and error terms resulting reduction in the error sum of squares. This makes
this design more efficient than the independent measures design. Here the TSS is split
into SS between groups (treatment) and SS within groups. Further, SS within groups
is divided into SS due to subjects and SS due to error. Thus, in one-way ANOVA with
repeated measures, the model becomes

Total SS = SSTreatment + SSWithin_Treatmet

= SSTreatment + SSSubject + SSError (27)
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Table 2.7 Mood Score of the Subjects After Each
Dinner Session

Dinner Session with Music

Subjects Classical Western Instrumental
S1 4 6 2
S2 5 8 3
S3 6 7 4
S4 3 8 2
S5 4 9 3

Treatment conditions
dinner with music

I Classical I I Western I Ilnstrumentall
First testing S1 S3 S5
° S2 S4
o
o
o
o Secondtesting S5 S1 S3
2 s2 S4
@
L
Third testing S3 S5 S1
S4 S2
Figure 2.5 Layout of the one-way repeated measures design having three treatment condi-
tions
where
Total SS = Variation of all the scores around combined mean value.
SSgetween =  Variation of treatment group means around the combined mean
SSqubject = Variation of within subjects scores around its mean
SSEror = Variation of within treatment groups excluding individual variations
Layout Design

Since this is a repeated measures design where all the five subjects have been tested,
it is necessary to use the counterbalancing in administering the treatments on the
subjects. The design shown in Figure 2.5 shall explain the way treatment should be
implemented on the subjects.

In this design on the first testing day the subjects S1 and S2 have been tested
for their mood after dinner with classical music, the subjects S3 and S4 with western
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Total ssl df = N—1 I14

e

[ SSget ‘ df = r—1 ] 2 [ SSwithin | df = nr—r] 12

[SSSubjects ‘ df = n—1 ] 4 [ SSkrror ldf = (,7_1)(,_1)] 8

Figure 2.6 Scheme of distributing total sum of squares and degrees of freedom in one-way
repeated measures design

music, whereas the subject S5 with instrumental music. Similarly, on second and third
testing day subjects have received different treatments as shown in the Figure 2.5. By
changing the order of implementing the treatment on the subjects the effect of any
systematic variance in the study is removed. This is also known as counterbalancing
of treatment implementation.

One-Way Repeated Measures ANOVA Model

Unlike one-way ANOVA for independent measures, in repeated measures design
subjects serve their own control and therefore part of the experimental variability is
explained by the subjects. Due to this, error variance gets reduced resulting increase
in the F value. Thus, even small effect in the criterion variable due to the change in the
independent variable can be detected. In this design splitting the total sum of squares
into different components along with their degrees of freedom can be shown by the
Figure 2.6.

From the Figure 2.6 you can see that the sum of squares within groups has been
divided further into sum of squares due to subjects and sum of squares due to exper-
imental error. In this design the actual error is given by SSg,,, instead of SSyy;i, 10
independent measures design. The experimental error has been reduced in this design
because part of the variability within groups is explained by the subjects. Reduction
of this error variance makes this design more robust in comparison to independent
measures design.

In repeated measures design the total degrees of freedom, that is, N — 1(= 14)
has been partitioned into r — 1(= 2) df due to variation in treatment groups and
N — r (= 12) df due to variation within treatment groups. Since SS within treatment
is further divided into SS due to subjects and SS due to error, the degrees of freedom
for SS within treatment nr — r (= 12) is further split into n — 1(=4) df due to subjects
and (n — 1)(r — 1)[= 8] df due to error.

Computation in Repeated Measures Design with One-Way ANOVA

Here,
Number of treatments = r

=3
Number of subjects =n =5
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Total number of scores =N =nr =15
2 2
Correction factor (CF) = % = % = 365.07

Raw Sum of Squares (RSS)

2
PIDNE
i
@ +6"+2)+ (5 +8°+3%)
+ o+ @ +92+3Y

= 438
where (i = 1, 2, 3; i represents the treatment group) (j = 1,2, ... 5;jrepresents subject)
, G?
Total Sum of Squares (TSS) = RSS-CF = Z Z Ylj “N
i

=438-365.07 = 72.93
N
SS between Treatments (SStcatments) = ; — N

222 382 142
=—+—+— —365.07
575 7S
=96.8 4 288.8 4+ 39.2-365.07 = 59.73
52 G2
SS between Subjects (SSgypjects) = ), — — ~
-

i

122 162 172 13% 162
S+ =+ — —365.07
3 T3ttt

=371.33-365.07
=6.26

SS due to Error (SSgpo) = TSS—SSpe—SSsupjects
=72.93-59.73-6.26
= 6.94

Explanation

The following explanation related to different components worked out in this repeated
measures design shall help the readers to understand the analysis in a better way.

Computation Various terms computed above in this example will now be explained
for understanding the procedure of computing F value in this illustration of repeated
measures design.
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Correction Factor The correction factor has been obtained by squaring the grand
total of all the scores G (= 74) and dividing it by the total number of scores N (= 15).
Thus, the correction factor has been obtained as 365.07.

Raw Sum of Squares The raw sum of squares is obtained by squaring all the scores
in the study and adding them together. Since in this illustration N (= 15) scores are
there, all the 15 scores have been squared and added which gives the value of raw
sum of squares as 438.

Total Sum of Squares The total sum of squares indicates the variation among all the
scores irrespective of groups around the grand mean. The formula for computing SS
as shown in (2.4) has been used in computing this total sum of squares.
2
Tss = Y2 - &
N
here x represents the scores in the study, N is the total number of scores, and G rep-
resents the grand total of all the 15 scores. Thus, the total SS has been obtained by
solving the following expression which is equal to 72.93.

2
Total SS = (4%+5%+......4%) + (6°+8%+......49) + (2%43%+.....3) - %:72,93
—

_/

All fifteen scores in the study

Sum of Squares between Treatments The SS between treatments is the variation
among treatment group means around grand mean G/N. This term has been computed
by using the following steps:

i. Square the sum of each treatment group, divide them by the number of scores
in that group, and add them, that is,
5 5 5°
ii. Subtract the correction factor from the sum obtained in the step (i) above, to get
the value of SS between treatment groups which has been obtained as 59.73.

Sum of Squares between Subjects The SS between subjects refers to the variation
among subject’s average scores (in all the treatment conditions) around grand mean
G/N. You can obtain this term by following the below mentioned steps:

i. Square the sum of each subject’s scores in all the treatment, divide them by
the number of treatments in that group, and add them, that is,
122 16> 17 132 16’
—4+—+-—+—+—,and
5 75 75 s T
ii. Subtract the correction factor from the sum obtained in the step (i) to get the
value of SS between subjects which has been obtained as 6.26.
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Table 2.8 Computation in One-Way Repeated ANOVA

Workout Sessions with Music

Subject Classical Western Instrumental Total (S,)

S1 4 6 2 12

S2 5 8 3 16

S3 6 7 4 17

S4 3 8 2 13

S5 4 9 3 16

Group total T, =22 T,=38 T,=14 G=R +R,+R, =74
Group mean 44 7.6 2.8

Sum of Squares Due to Error The sum of squares due to error is the residual error in
the experiment. This has been obtained by subtracting the SS between treatment and
SS between subjects from the total sum of squares. The sum of squares due to error
has been obtained as 6.94 by following this subtraction method.

However, this sum of squares can also be computed directly from the data in
Table 2.8. Since the error SS is the residual error which is obtained by subtracting
the SS between treatment and SS between subjects from the total SS.

Thus,

SS due to error

2
= @454 )@+ D PR P - L

- SSTreatment - SSSubjects
=72.93-59.73 -6.26 = 6.94

This value is exactly same as what has been obtained by the subtraction method.

ANOVA Table All the sums of squares so calculated have been placed in the
Table 2.9. This table is known as ANOVA table for repeated measures. In repeated
measures design we are only concerned about the F value for treatment and not for
subject. Hence F value for treatment has been computed. Since the same subjects are
tested in all the three treatment conditions, the significance of F will not be tested in
the usual manner the way it was done in case of independent measures design. Since
the subjects in all the treatments are not distinct, it is required to test the assumption
of sphericity first before drawing any conclusion about the F value.

Testing Sphericity Assumption

One of the main assumptions in using repeated measures design is the sphericity.
It is assumed that there is no sphericity present in the data generated in the study.
In case sphericity assumption is violated some correction is required to be made in
testing desired hypothesis. If sphericity assumption violates the power of the test
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decreases. In other words the level of significance inflates. More specifically, prob-
ability of wrongly rejecting the null hypothesis increases in case of violation of this
assumption. The sphericity refers to a situation where the variances of the differ-
ences between all possible pairs of groups are equal. If sphericity assumption holds
in this illustration then the variance of the difference scores obtained in each pair i.e.
classical-western, classical-instrumental, and western-instrumental should be same.
But the variance of these three difference groups are 2.56. 0.24 and 1.36 as shown
in Table 2.10. The next question is whether these variances can be considered to be
equal or there is a significant difference among them.

The null hypothesis of no difference among these three variances may be tested by
using the Mauchly’s test of sphericity. The SPSS provides this test while solving the
repeated measures design. Since Mauchly’s statistic follows chi-square distribution,
chi-square statistic is used for testing the significance of sphericity. For this data set
the value of chi-square (y?) is 8.129 as shown in Table 2.11. This value of y? is
significant as its associated p value is 0.017 which is less than 0.05. The detailed
procedure of using SPSS for one-way ANOVA for repeated measures design has been
shown in Chapter 4.

If the Mauchly’s test is significant, the sphericity assumption is violated. Thus,
if the Mauchly’s test is not significant (p > 0.05), the significance of F is tested by
assuming the sphericity and without doing any correction in the degrees of freedom
of the treatment and error terms. In this case sphericity assumption is violated and
the correction in the degrees of freedom is required to be made before testing the
significance of F value.

Table 2.9 ANOVA Table for the Repeated Measures on the Data on Mood

Source of df SS MSS F-Value Tab.F
Variation

Treatment r—1=2 59.73  59.73/2 =29.87 34.332 F5(2,8)=4.46
Subjects n—1=4 6.26 6.26/4 = 1.57

Error r—1Hn-1)=8 694 6.94/8 = 0.87

Total N-1=14 72.93

4Significant at 0.05 level.

Table 2.10 Computation for Sphericity

Classical ~ Western  Instrumental Classical- Classical- Western-
Western Instrumental  Instrumental
4 6 2 -2 2 4
5 8 3 -3 2 5
6 7 4 -1 2 3
3 8 2 -5 1 6
4 9 3 -5 1 6

62 =256 62 =0.24 2 =136
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The next question is to know as to how much sphericity violation has been made.
The severity of sphericity violation is measured by a value known as epsilon (¢) as
computed in Table 2.11. If the value of epsilon (¢) is 1, the sphericity is not violated,
whereas lesser the value of epsilon (¢) greater is the violation of sphericity assump-
tion. If sphericity assumption violates level of significance inflates and therefore to
compensate this error correction in the degrees of freedom for the Treatment and Error
terms is made which provides the corrected p value for testing the significance of F.
The readers should note that due to change in the degrees of freedom, there won’t be
any change in the computed value of F' but only significance value (p) would change.

To modify the degrees of freedom for treatment and error terms, three different
corrections have been suggested, namely Greenhouse—Geisser, Huynh—Feldt, and
Lower bound. Different values of epsilon (¢€) are provided in these methods.

The lower bound method is considered to be the most conservative while the
Greenhouse—Geisser is considered to be the more conservative and the Huynh—Feldt
is the least conservative. The lower bound approach provides the greatest possible vio-
lation of sphericity, hence never used by the researcher. If the value of epsilon (¢) is
greater than 0.75, the Greenhouse—Geisser correction tends to underestimate epsilon
(e), whereas the Huynh—Feldt correction tends to overestimate it. It is generally rec-
ommended to use the Greenhouse—Geisser correction, in case the estimated epsilon
(e) is less than 0.75 and Huynh—Feldt correction if it is more than 0.75.

Correcting for Degrees of Freedom Let us see how the degrees of freedom for treat-
ment and errors are corrected by using these corrections. These corrections are made
by multiplying the epsilon (¢) value to the degrees of freedom of treatment and error
terms.

Correction by Using Lower Bound For lower bound the value of epsilon (¢) in
Table 2.11 is 0.5, hence the new degrees of freedom for treatment and error would be
as follows:

Corrected degrees of freedom for Treatment=e X (r—1)=05x3-1)=1

Corrected degrees of freedom for Error =€ X (r — 1)(n — 1)

=05x3-DH5-1)=4

Table 2.11 Mauchly’s Test of Sphericity

Measure: Mood

Within Subjects Mauchly’s Approx. df Sig. Epsilon*
Effect W Chi-Square
Greenhouse— Huynh— Bound
Geisser Feldt Bound
Treatment 0.067 8.129 2 0.017 0.517 0.535 0.500

4May be used to adjust the degrees of freedom for the averaged tests of significance. Corrected tests are
displayed in the tests of Within-Subjects Effects table.
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Table 2.12 Tests of Within-Subjects Effect

Measure: Mood

Source Type I df Mean F Sig. Partial Eta
SS SS Squared

Treatment Sphericity assumed 59.733 2 29.867 34.462 0.000 0.896
Greenhouse—Geisser 59.733  1.03 57.745 34.462 0.004* 0.896

Huynh—Feldt 59.733  1.07 55.843 34.462 0.003 0.896

Lower-bound 59.733  1.00 59.733 34.462 0.004 0.896
Error Sphericity assumed 6.933 8 0.867

Greenhouse—Geisser 6.933 4.14 1.676

Huynh—Feldt 6.933 428 1.620

Lower-bound 6.933 4.00 1.733

Significant at 0.05 level.

where r is number of repeated measures and 7 is the number of subjects. In this illus-
tration r is 3 and n is 5. Thus, in using the Lower bound correction, the critical value
of F needs to be seen at (1,4) df instead of F at (2,8) df as shown in the Table 2.12.
This has increased the p-value (= 0.004) to compensate the violation of sphericity.

Correction by Using Greenhouse—Geisser For Greenhouse—Geisser the value of
epsilon (¢g) in Table 2.11 is 0.517, hence the new degrees of freedom for treatment
and error would be as follows:

Corrected degrees of freedom for Treatment =€ X (r — 1)
=0517x(3-1)=1.03
Corrected degrees of freedom for Error=e X (r— D)(n—1)
=0517x3-DG-1)
=4.14

Thus, in using the Greenhouse—Geisser correction, the critical value of F needs
to be seen at (1.03, 4.14) df instead of F at (2,8) df as indicated in the Table 2.12.
This has increased the p-value (= 0.004) to compensate the violation of sphericity
assumption.

Correction by Using Huynh—Feldt For Huynh—Feldt the value of epsilon (¢) in
Table 2.11 is 0.535, hence the new degrees of freedom for treatment and error would
be as follows:

Corrected degrees of freedom for Treatment =& X (r — 1)

=0535x(3—1)=1.07
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Table 2.13 Pair-Wise Comparisons

Measure: Mood

Treatment Treatment = Mean Diff  SE Sig.® 95% CI for
(04} (@) a-J Difference?®
Lower Bound  Upper Bound
Classical Western —3.200°  0.800 0.048 —6.369 —0.031
Instrumental 1.600°  0.245 0.009 0.630 2.570
Western Classical 3.200° 0.800 0.048 0.031 6.369
Instrumental 4.800°  0.583 0.004 2.490 7.110
Instrumental  Classical —1.600°  0.245 0.009 —2.570 —0.630
Western —4.800°  0.583 0.004 -7.110 —2.490

Based on estimated marginal means
2Adjustment for multiple comparisons: Bonferroni.
YThe mean difference is significant at the 0.05 level.

Corrected degrees of freedom for Error =e X (r — 1)(n — 1)
=0535x3-D5-1)
=4.28

Thus, in using the Huynh—Feldt correction, the critical value of F needs to be seen
at (1.07, 4.28) df instead of F at (2,8) df. This has increased the p-value (= 0.003) to
compensate the sphericity violation.

Results

In this illustration Mauchly’s test shows that the sphericity has been violated, y> =
8.129, p = 0.017, therefore the degrees of freedom for treatment and error were cor-
rected by using the Greenhouse—Geisser estimates of sphericity (¢ = 0.517). This
correction was chosen because the value of epsilon (¢) was less than 0.75. The result
in Table 2.12 shows that the F’ value for the treatment is significant because p value
associated with F after applying the correction is 0.004. It may therefore be concluded
that the workout with change in the background music had a significant impact on the
moods of the subjects. In order to know as to which treatment condition is the best in
mood changing the pair-wise comparison of means shall be done.

Pair-Wise Comparison of Means

In repeated measures design there is no post hoc test for comparing group means.
Pair-wise comparison of means is done by using the r-test for related groups. Due
to multiple comparisons the level of significance (a) inflates. To compensate this
loss of power, either Bonferroni or Sidak test can be used but the Bonferroni test
is generally preferred for effective correction. The detailed procedure for pair-wise
comparison of means has been shown in Chapter 4. For the data in Illustration 2, the
pair-wise comparison of means has been shown in Table 2.13 by using the Bonferroni
correction.
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Variable: Mood score

8
74
6
5
4
3

Estimated marginal means
of mood scores

2

T T T
Classical Western Instrumental

Treatment conditions

Figure 2.7 Means plot of the mood scores during workout with different types of music

It can be seen from the Table 2.13 that all the three group means differ signifi-
cantly from each other. Thus, by looking to the mean scores on mood under all the
three treatment conditions as shown in Table 2.8, it may be inferred that mood of the
subjects is elevated maximum while doing the workout along with the western music
and is lowest when workout is done with the instrumental music. This can be shown
by the means plot in Figure 2.7.

BONFERRONI CORRECTION

The Bonferroni correction is made to adjust the p value when multiple comparisons
are made simultaneously on a single set of data. Let us understand as to why such
correction is required. In comparing two group means the ¢ test and F test yields
similar results because of the relationship between them, that is, F = 2. Therefore, it
is immaterial whether you apply one-way ANOVA or 7 test in comparing two group
means. But if the number of groups is more than three, the ANOVA procedure is
more efficient than using several 7 tests. In using multiple #-tests instead of one-way
ANOVA, the Type I error inflates in testing the hypothesis. For instance in comparing
four groups, six t tests need to be applied. If the hypothesis is tested at the significance
level 0.05, the probability of committing Type I error in a single comparison is 0.05
and therefore the probability of not committing Type I error in a single comparison
would be 1 — 0.05 =0.95.

*"P(Not committing Type I error in all the six comparisons)
= 0.95x% 0.95% 0.95x 0.95x 0.95x 0.95
= 0.95°

= P(Committing Type I error at least in any one of the six comparisons)
=1-0.95°
=1-0.7351 = 0.265
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Thus, we have seen that in applying six pair-wise comparisons, although the sig-
nificance level was taken as 0.05, the actual level of significance has inflated to 0.265.

In repeated measures design post hoc tests cannot be applied; hence in a situation
where the F value is significant one needs to know as to which treatment condition
is the best. To do so one needs to have many pair-wise comparison of means. We
have seen above that in case of making pair-wise comparisons in a situation where
four treatment conditions are to be tested, the level of significance inflates from 0.05
to 0.265. Thus, probability of committing Type I error increases from 0.05 to 0.265
if six comparisons are made. In such situations Bonferroni correction is required to
be made due to the loss of power in making multiple comparisons on the same set of
date. In applying a Bonferroni correction, the critical value  is roughly divided by the
number of comparisons required to be made. Thus, in the above example where six
comparisons are tested for its significance, the level of significance should be taken
as 0.008(0.05/6) instead of 0.05. In fact SPSS automatically apply this correction if
you choose the option of Bonferroni correction for pair-wise comparisons.

EFFECT SIZE

The effect size is a useful measure for getting an idea about the effectiveness of a par-
ticular intervention in comparison to others. It gives you an idea about the worth of
relationships between independent and dependent variables. For instance, an exercise
program may be significant in enhancing the cardio respiratory endurance but whether
this significance really encourages someone to follow that exercise regimen. This
decision can be taken by looking to the value of the effect size. Now days it is custom-
ary to quote the effect size in the experimental findings. The SPSS software provides
option to compute the effect size by means of partial eta square (%) while solving any
design. The effect size is denoted by eta square or partial eta square and is computed
by the following formula:

’72 ) — Sstreatments
partial Sstreatmentss + SScrror
[If dependent variable is different treatment conditions] (2.8)
or
2= SSime If dependent variable is different ti int
Noartial = W[ ependent variable is different time points]

time error

In the above mentioned illustration

'12 — Sstreatmcnts
Paﬂial Sslreatmentss + SSerror
_59.733
"~ 59.73 4+ 6.933

= 0.896
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The values of eta square and partial eta square are same if there is only one inde-
pendent variable. However, if the effect of more than one independent variable is
investigated, effect size is reported as partial eta square. In fact the partial eta square
is the variance explained by a given independent variable of the variance remaining
after excluding variance explained by other independent variables in the design. As
a thumb rule the value of 172 is considered as small if it is 0.2, moderate if 0.5, and
large if 0.8.

EXERCISE

2.1. What are the basic difference between independent measures design and
repeated measures design? Explain by means of an example.

2.2. What do you mean by sum of squares and how it is computed? Following are
the data on height of the students in different sports groups. Compute sum of
squares between groups and within groups.

Height of the College Students

Gymnastics Swimming Volleyball
174 180 185
170 178 184
172 176 182

2.3. Compare the strength and weekness of one-way independent measures design
and one-way repeated measures design. Support your answer by means of
distributing sums of squares and degrees of freedom.

2.4. Discuss the assumptions in independent measures design. What happens if
these assumptions are not satisfied?

2.5. Discuss the situations where the repeated measures designs can be used.
Explain by means of an example.

2.6. If effect of three environments needs to be compared on functional efficiency
of nine subjects during daylong working in an organization in a repeated mea-
sures design, draw the layout of design and partitioning of variation.

2.7. How is it different in using pair-wise comparison of means in independent
measures design and repeated measures design?

2.8. Discuss the assumptions in independent and repeated measures designs. How
will you tackle if these assumptions are not met?

2.9. What do you mean by sphericity? Explain by taking an example. What hap-
pens if sphericity exists in the repeated measures design?

2.10. Discuss the procedure in solving a repeated measures design.
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2.11. What is Bonferroni correction in repeated measures design?

2.12. What is Effect size? What is its significance in showing the results?

ASSIGNMENT
2.1. Compute sum of squares for the following set of scores:
X: 3 79 56 84 63 7

2.2. [Ifinarepeated measures design four levels of within-subjects variable are com-
pared at the significance level of 0.05, how much the level of significance would
be inflated?

2.3. Following are the scores on motivation of the employees in three different
departments of an industry. Apply one-way ANOVA to compare motivation
level of employees in these departments and discuss your findings at the sig-
nificance level 0.05. Also do the following:

a. Show the scheme of partitioning the total sum of squares into different com-
ponents along with the degrees of freedom.

b. Name the independent and dependent variables in this study?

c. If average motivation level among these three groups differs what conclu-

sion can you draw in terms of relationship between independent and depen-
dent variables?

d. Check your findings either with Excel or SPSS

Scores on Motivation

SN Production = Marketing =~ Human Resource

1 23 39 28
2 28 36 25
3 25 41 36
4 31 40 34
5 27 38 32
6 26 37 28
7 29 43 34
8 32 36 41
9 38 32 30
10 26 39 34

2.4. To see the impact of exercise equipments on sweat loss an exercise scientist
organized an experiment using repeated measures design in which six subjects
were asked to run on treadmill and perform an exercise on stepper and bicycle
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ergometer with same intensity for half an hour. The body weight of the subjects
was measured before and after each exercise to know the sweat loss. The data
so obtained are shown below. Solve this repeated measures design and discuss
your findings at the significance level 0.05. Do the following also:

a. Describe the partitioning of total sum of squares into different components
along with the degrees of freedom and explain how it is superior to inde-
pendent measures design.

. Name the independent and dependent variables in this study?
. Check sphericity assumption manually.

. Compute effect size.

. Check your findings either with Excel or SPSS.

o o o o

Sweat loss in grams

Subject Treadmill Stepper Bicycle Ergo Meter

1 150 160 200

2 148 165 190

3 160 165 155

4 145 170 210

5 135 160 190

6 145 165 195
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TESTING ASSUMPTIONS IN
REPEATED MEASURES DESIGN
USING SPSS

INTRODUCTION

Like independent measures design in repeated measures design also a researcher is
interested in investigating the relationship between an independent and some depen-
dent variable. In such studies focus is to find whether a treatment affects the perfor-
mance or not. For instance, one may like to investigate the impact of advertisement
on the sale of a product. A hypothesis may be tested that the advertisement increases
the sale of a product. In such testing an experimenter may commit two kinds of error.
Firstly, he may conclude that there is a relationship between advertisement and sales
performance, whereas actually there is not. Secondly, he may conclude that there
is no relationship between advertisement and sales performance, whereas actually
it exists. The first type of erroneous decision is known as Type I error whereas the
second is termed as Type II error. If assumptions of repeated measures designs are
not fulfilled, then the type I error increases and the findings obtained in the study
is not valid. In other words, there is an issue of conclusion validity if the assump-
tions are not met. In this chapter, the procedure of testing assumptions required for
the repeated measures design shall be shown by means of SPSS. For those readers
who are not acquainted with the SPSS, the next section shall help them to learn intro-
ductory steps. Understanding assumptions shall help readers to comprehend well the
analysis part of solving different repeated measures designs discussed in different
chapters. Further, a discussion shall be made on the determination of sample size
towards the end of the chapter.

Repeated Measures Design for Empirical Researchers, First Edition. J. P. Verma.
© 2016 John Wiley & Sons, Inc. Published 2016 by John Wiley & Sons, Inc.
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FIRST STEP IN USING SPSS

Before using SPSS, it needs to be activated on your computer. This can be done by
using the command sequence: Start — All Programs — IBM SPSS Statistics. After
following this command sequence you will get the screen as shown in Figure 3.1. The
first step in using any analysis in SPSS is to prepare a data file. Check the option ‘“Type
in data’ on the screen shown in Figure 3.1 if you are entering the data for the first time.
But if the data file has already been created then use the option ‘Open an existing data
source’ for using the already saved file. Click on OK to get the screen as shown in
Figure 3.2.

The screen shown in Figure 3.2 will facilitate you to create a new data file for the
analysis. The data file in SPSS is created in two steps. First, all the variables in the
study are defined by clicking on the Variable View option in the screen.
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Figure 3.1 Screen showing option for creating/opening file
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Figure 3.2 Screen showing option for defining variables and coding
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In first column under the heading Name define short name of the variable. The
variable name should essentially start with an alphabet and may include underscore
and numerals in between, without any gap. There should be no space between any
two characters of the variable name. If the name consists of two words, they must
be joined by using the underscore. Further, variable name should not be started with
numerals or any special character.

Under the column heading Label, full name of variable is defined. One can
take advantage of this facility to write the expanded name of variable the way one
feels like.

Under the column heading Values coding of the variable may be defined by double
clicking on the cell. If the variable is classificatory in nature, coding for each classi-
fication is defined under this heading. For example, if data contains male and female
both, then the code 1 can be defined for male and 2 for female. These numbers are
arbitrary. One can use the coding as 0 and 1 or 2 and 3 as well.

Finally, under the column heading Scale the data type of variable needs to be
defined by choosing the option; Scale, Nominal, or Ordinal. In SPSS the variable
measured on interval or ratio scale is known as Scale variable. Leave all other column
entries as default for the time being. After defining all variables the screen will look
like as shown in Figure 3.2

After defining all variables in the variable view click on the Data View to enter
the data of the Table 3.1 column wise for all the variables. The screen shall look like
as shown in Figure 3.3.

Table 3.1 Profile Data

Height Weight Gender
167 69 M
175 73 M
165 58 F
182 78 M
172 55 F

+af *Untitled1 [DataSet0] - SPSS Data Editor

File Edt View Data Transform Analyze Graphs  LUilties  Add-

EHE [ O Ek &4 fd SEEREHE

13: Sex
H | owt | sex |
1 167.00 £9.00 1.00
) 175.00 73.00 1.00
3 165.00 58.00 2.00
4 182.00 78.00 1.00
! 5 17200 55.00 2.00

Figure 3.3 Screen showing format of data feeding
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Once the data file is ready save it in any location you feel like before using it for
any analysis.

ASSUMPTIONS

In using repeated measures design below mentioned assumptions need to be satisfied
in order to ensure the validity of findings. In this section the procedure to check these
assumptions shall be discussed by using the SPSS software.

a. Data Type The independent variable must be categorical and have at least three
or more levels. The dependent variable must be measured either on interval or
ratio scale.

b. Independence of Observations The observations obtained on the subjects
should be independent from each other.

¢. Normality For each level of the independent variable the dependent variable
must follow approximately normal distribution and should not have outlier.

d. Sphericity The sphericity should not exist among the data. It states that the
variances of the differences between all combinations of related groups must be
equal. In other words, correlations among the repeated measures are all equal.

The first assumption can be checked by looking to the data and therefore no test-
ing is required for this assumption. The second assumption is known as randomness
assumption. The randomness of the sample can be tested by using the Run test devel-
oped by Abraham Wald and Jacob Wolfowitz. The readers may look into the proce-
dure discussed in the book Verma and Ghufran (2012). In fact the first and second
assumptions are design issues and the researcher should plan the study accordingly.

The third assumption is a normality assumption. This assumption shall be tested
by using the SPSS software in the next section. The fourth is a Sphericity assump-
tion. This is the most important assumption in repeated measures design. If sphericity
assumption is violated some correction is required to be made in the degrees of free-
dom. Testing of this assumption shall also be discussed by using the SPSS software
in the following sections.

Testing Normality

Normality assumption in repeated measures design can be tested by using the SPSS
software. Normality of data can be checked from many ways but the most popular
way with SPSS is to check it by means of Shapiro—Wilk and Kolmogorov—Smirnov
tests. For a normal distribution the values of skewness and kurtosis are zero. Skew-
ness measures symmetricity of data, whereas kurtosis describes the spread of scores
around mean value. Any deviation of these statistics from zero indicates nonnor-
mality of data provided they are significant. Using this criteria for testing normality
may be problematic if for any variable skewness is significant but kurtosis is not or
vice-versa. In that situation it is difficult to draw conclusion about the normality of
data. However, Shapiro—Wilk test is a better option in SPSS to test the normality of
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data because it takes into account both the values of skewness and kurtosis. The SPSS
output provides the value of Shapiro—Wilk as well as Kolmogorov—Smirnov tests.
The Shapiro—Wilk test is more suitable for the small sample (N < 50), but it can also
be used for sample sizes as large as 2000. On the other hand, Kolmogorov—Smirnov
test is more useful for large sample. One of the limitations of these tests is that in
case of large sample you are more likely to get significant results. In other words,
these tests become significant even for slight deviation from normality in case of
large sample.

The procedure of testing normality of data with SPSS shall be shown by means of
an example. Let us consider the data on memory recall as shown in Table 3.2 on which
the normality assumption shall be tested. The data in this table shows the number of
items recalled (out of 10 objects) by the college students in one minute. The subjects
have been tested for their memory recall performance in three different time settings
(morning, afternoon, and evening).

Let us see how normality can be tested and outliers can be detected by using the
SPSS software. To start with, a data file needs to be prepared in SPSS using the data
shown in Table 3.2. The procedure of making the data file has been discussed earlier
in this chapter. After preparing the data file follow the sequence of commands as
shown in Figure 3.4.

After clicking on Explore command you will get the screen as shown in Figure 3.5
to select the variables and the options for the analysis. Sift all three variables from
the left panel to the “Dependent List” section of the screen. Click on the command
Statistics and check the ‘Outliers’ option in the screen as shown in Figure 3.5. This
option will detect all the outliers in all the three treatment conditions. Let other options
remain selected as default.

After selecting the option for outliers in the screen as shown in Figure 3.5 click
on Continue. Click on the tag Plots in the same screen and then check the ‘Normal-
ity plots with test” as shown in the Figure 3.6. This option will get you the value of

Table 3.2 Scores on Memory Recall at Different Time

Time
Morning Afternoon Evening
9 4 6
4 5 7
3 6 8
4 4 7
3 5 6
4 3 5
4 1 8
5 6 5
4 4 6
3 9 7
4 5 6
5 6 7
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Figure 3.4 Screen for initiating commands for testing normality and identifying outliers
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Shapiro—Wilk test and Q—Q plot, showing the normality condition of the data graph-
ically. Let other options remain selected as default. Click on Continue to go back to
the screen shown in Figure 3.5. Click on OK to get the output.

There will be many results in the output window of the SPSS but select only three
outputs as mentioned below:

1. Tests of normality

2. Q-Q plot
3. Box-plot for identifying outliers

Test of Normality The Table 3.3 shows the Kolmogorov—Smirnov and Shapiro—
Wilk test statistics. These tests facilitate you to test normality of the data. Normality
exits if these tests are not significant. Thus, if the significance value (p-value) of these
tests is more than 0.05, the data is considered to be normal otherwise not. Looking
to the values of these tests in Table 3.3, it may be concluded that the data on mem-
ory recall obtained in morning testing is nonnormal (p < 0.05), whereas normality
exists for the data in Afternoon (p =0.491) and Evening (p =0.187) testing. This is
so because the Shapiro—Wilk test for the Morning time is significant, whereas for
Afternoon and Evening times it is nonsignificant.

Q-0 Plot for Normality Normality of the data can be shown by the graphics also.
The normal Q—Q Plot is a graphical way to check the level of normality of data.
In Q-Q plot two probability distributions are compared graphically by plotting their
quantiles against each other. If distribution of sample data is similar to that of standard
normal distribution, the points in the Q—Q plot will lie on the line. The line indicates
that the points should fall on it or close by if the data follows normal distribution.
If these points deviate much from the line, it indicates nonnormality. The normal
Q-Q Plot obtained on the data mentioned in the Table 3.3 is shown in Figure 3.7. In
Figure 3.7a the data deviates from the line indicating that the data on memory recall
in the Morning group is nonnormal, whereas in the Figure 3.7b and 3.7c the data fall
along the line indicating normality of the data in the Afternoon and Evening groups.

Box-plot for Identifying Outliers An outlier is an unusual data which at times
affects the findings severely in the study. An outlier may exist in the data set on
account of either due to wrong entry or due to extreme observation obtained in the
study. For instance in case of data on height, a score of 56 feet is an outlier as it is

Table 3.3 Tests of Normality for the Data On Memory Recall

Kolmogorov—Smirnov Shapiro—Wilk
Statistics  df Sig. Statistic  df Sig.
Morning time 0.332 12 0.001 0.681 12 0.001
Afternoon time 0.191 12 0.200 0.939 12 0491

Evening time 0.191 12 0.200 0.906 12 0.187
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unusual and is not possible at all and has figured due to recording error whereas
if the data is 6.6 ft, it may also be identified as outlier but it has resulted due to
extremely tall subject in the study. A researcher must check such outliers before data
analysis. If one feels that the data is genuine it may be kept in the study. The outliers
in SPSS is identified by using the boxplot. It describes the distribution of data and
identifies the outliers if any. Usually any data outside the Mean + 2SD or Mean + 3SD
is taken as outliers. However, SPSS identifies the outlier by using the quartiles. Any
data less than Q; —(Q3;—Q)/2 or more than Q;+(Q;—Q;)/2 is identified as outlier by
the SPSS. You can keep the outlier identified by the SPSS in your study provided you
are convinced that such score is genuine and can be obtained by the subjects easily.
The Figure 3.8a—c shows the box plot for the scores on memory recall in all the three
treatment conditions. It can be seen in Figure 3.8a that the first score in the Morning
group is an outlier. You can see that the first data in the Morning group is 9 in the
Table 2.1 which is clearly an outlier. The researcher may delete this data from his
study.

Testing Sphericity

The sphericity assumption is one of the main assumptions in repeated measures
design. Only under the assumption of sphericity the treatment and error variances
can be compared by computing the F' value. If sphericity assumption is violated then
a correction in the degrees of freedom is made while testing the significance of F
value. Therefore, it is must that this assumption is tested in the analysis of repeated

9
o 10 A 8.0
8 .
8 75
7 4
7.01
6 4
6 6.51
4 .
51 6.0
2 4
4 55
3 0 5.0
T T T
Morning group Afternoon group Evening group

(a) (b) (©)
Figure 3.8 Box plot for all three groups of data
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measures design. The SPSS software, while solving the repeated measures design,
provides the output for testing the sphericity of data. The SPSS uses Mauchly’s test
in testing the sphericity of data. This test computes a y? statistic which is tested for
its significance. Significance of y? indicates that the sphericity exists in the data set.
In case the sphericity is significant a statistic epsilon (¢) is computed to indicate its
severity. The value of epsilon (¢) ranges from 0 to 1. Lower the value of epsilon (¢)
more is the sphericity. The value 1 of epsilon (¢) indicates no sphericity. Depending
upon the value of epsilon (g) a correction is made in the degrees of freedom by using
either Greenhouse—Geisser or Huynh—Feldt corrections. If the value of € is less
than 0.75, the Greenhouse—Geisser correction is used for the degrees of freedom,
whereas if its value is more than 0.75 the Huynh—Feldt correction is used. Third
correction, lower bound reported in the SPSS output is never used by the researchers
as it estimates the maximum sphericity in the data set. In case the Mauchly’s test is
not significant you need not to worry because in that case the sphericity assumption
is not violated and the significance of F is tested without making any correction in
the degrees of freedom. To show the procedure in SPSS for testing sphericity the
data set of Table 3.2 shall be used. Let us see how the sphericity can be tested by
using the SPSS software.

After preparing data file follow the below mentioned sequence of commands as
shown in Figure 3.9.

After clicking on the Repeated Measures command you will get the screen as
shown in Figure 3.10 to define the independent and dependent variables. By default
the “Within-Subject Factor Name” is written as factor 1. Change this with the name
of independent variable. In this case it is Time. Type the number of levels as 3 because
there are three treatment conditions. Click on Add. Now type the name of dependent
variable in the “Measure Name” area as Memory_recall. Click on Add. The name of
independent and dependent variables should start from any alphabet and if the name
consists of two or more words, they must be joined with the underscore. You will get
the screens as shown in Figures 3.10 and 3.11 before and after clicking on the Add
command, respectively.

Analyze — General linear model —» Repeated measures

&4 *Untitled1 [DataSet0] - SPSS Data Editor
Ele Edt Yiew Data Irenstorm | Anelyze Grephs  Lties  Addgns  Window  Help
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7 ] 4.00 Lopglinear L3
8 | 500 Neural Networks L3
9 | 4.00 Classify s
10 I 300 Data Reduction »
n_ | 4.00 =ous >
12 | 500 Monparametric Tests L3

Figure 3.9 Screen for initiating commands for testing sphericity
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< Repeated Measures Define Factor(s) rzl

Within-Subject Factor MName:
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Number of Levels: |3 |

[ ada |

Measure MName:
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Detine [ Reset ” Cancel ][ Help ]

Figure 3.10 Screen showing options for defining variables

Clicking on the command Define in the screen shown in Figure 3.11 shall take you
to the screen shown in Figure 3.12 for selecting variables and option for the analysis.
Select all three variables from the left panel and bring them to the “Within-Subjects
Variables” section of the screen. Click on OK to get the output.

From the output window of SPSS select only the result of Mauchly’s test of
Sphericity as shown in the Table 3.4.

Table 3.4 shows that the Mauchly’s test is not significant because the p value
associated with the )(2 is 0.495 which is greater than 0.05. Thus, in this case the
significance of F value will be tested by assuming sphericity and without doing
any correction in the degrees of freedom of treatment and error terms. However, if
sphericity assumption is violated the correction is made by using either Greenhouse—

v:i Repeated Measures Define Factor(s) _I

Within-Subject Factor Mame:

I

Number of Levels: | _
[ s cled | [Timec3)

Measure Mame:

[ il J yv_recall
|

[ petine J[ meset || cancet |[ rew |

Figure 3.11 Screen showing options for adding independent and dependent variables for
analysis
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Figure 3.12 Screen showing option for selecting variables for testing sphericity

Table 3.4 Mauchly’s Test of Sphericity

Measure: Memory_recall

Within Mauchly’s W Approx. df Sig. Epsilon

Subjects Effect Chi-Square Greenhouse— Huynh— Lower-
Geisser Feldt  bound

Time 0.869 1.407 2 0.495 0.884 1.000  0.500

Geisser or Huynh—Feldt corrections. The detailed discussion has already been made
in Chapter 2 while discussing the repeated measures design.

REMEDIAL MEASURES WHEN ASSUMPTION FAILS

In case if the dependent variable cannot be measured in an interval or ratio scale,
repeated measures design cannot be used. However, in that situation one may think
of using the Friedman Test which is a nonparametric test used in a situation when the
dependent variable is measured on ordinal scale. For detailed discussion the readers
may refer Verma and Ghufran (2012).

Transforming Nonnormal Data into Normal

If normality assumption fails, one must think of transforming the variable by using
an appropriate transformation so that the transformed variable follows normal
distribution. If the transformed variable becomes normal it may be used in the
analysis. Usually the transformation like 1/log(x), 1/x, 1/4/log(x), 1/4/log(x),
1/x2, and 1/(log(x))2 are used to convert nonnormal distribution into normal
distribution. However, if the variable can not by transformed to normal even after
using different transformations one must think of doing non-parametric analysis.
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It can be seen from the Table 3.3 that the distribution of the memory recall scores
during morning testing is not normal. Let us see how the distribution of this data set
can be transformed into normal distribution using some transformation. All the six
suggested transformations have been used to transform the variable x as shown in
Table 3.5. These transformations can be applied by using the Excel or SPSS func-
tionality. After applying the transformation six new transformed variables namely B,
C, D, E, F, and G have been obtained in the Table 3.5.

By using the procedure discussed above for testing normality in SPSS the nor-
mality for all these six transformed variables was tested by using the Shapiro—Wilk
test. The results so obtained are shown in the Table 3.6. You can see from this table
that the original variable A is not normal because its Shapiro test is significant; how-
ever, the variable B (transformed by using the transformation 1/ log(x)) is normally
distributed because the Shapiro test is not significant (p = .057) for this variable.

Choice of Design and Sphericity

Inrepeated measures design if sphericity assumption fails, two of the corrections have
been suggested by the Greenhouse—Geisser and Huynh—Feldt to correct the degrees
of freedom of treatment and error components. After the correction the F' value is
tested for its significance. This has been discussed in detail above. However, if the
value of epsilon (¢) is very low and the number of subjects are quite large, the multi-
variate analysis of variance (MANOVA) should be used. In fact the repeated measure
design is more efficient than MANOVA design, but under these circumstances the
MANOVA is a better option.

Table 3.5 Different Transformation for the Data on Memory Recall in the Morning
Group

1 1 1 1 1 1
T @ iew Jogw . (ogw)
A B C D E F G
3.00 2.10 0.33 1.45 1.28 0.11 4.39
3.00 2.10 0.33 1.45 1.28 0.11 4.39
3.00 2.10 0.33 1.45 1.28 0.11 4.39
4.00 1.66 0.25 1.29 1.18 0.06 2.76
4.00 1.66 0.25 1.29 1.18 0.06 2.76
4.00 1.66 0.25 1.29 1.18 0.06 2.76
4.00 1.66 0.25 1.29 1.18 0.06 2.76
4.00 1.66 0.25 1.29 1.18 0.06 2.76
4.00 1.66 0.25 1.29 1.18 0.06 2.76
5.00 1.43 0.20 1.20 1.13 0.04 2.05
5.00 1.43 0.20 1.20 1.13 0.04 2.05
9.00 1.05 0.11 1.02 1.02 0.01 1.10
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Table 3.6 Tests of Normality for the Transformed Variable of Shooting
Scores in Free Angle Group

Kolmogorov—Smirnov Shapiro—Wilk

Statistics df Sig. (p-value) Statistic df Sig. (p-value)

A 0.332 12 0.001 0.681 12 0.001
B 0.277 12 0.012 0.865 12 0.057
C 0.250 12 0.037 0.861 12 0.050
D 0.258 12 0.026 0.858 12 0.046
E 0.268 12 0.017 0.855 12 0.043
F 0.314 12 0.002 0.849 12 0.036
G 0.309 12 0.002 0.854 12 0.041

Bold face indicates that except this variable Shapiro test for all other variables is significant.

SAMPLE SIZE DETERMINATION

In any empirical study sample is used to draw inference about the population charac-
teristics. One of the important issues in such study is to determine the sample size. In
general large sample provides more reliable estimate of population characteristics in
comparison to small sample, but beyond a certain point it adversely affects the finding.

Size of the sample is usually governed by the cost and accuracy considerations.
In other words, it is desired to have maximum statistical power in the experiment
with minimum sample. Size of the sample is decided on the basis of any or more
of the three factors; firstly, availability of cost; secondly, required target variance;
and thirdly, required power in the test. Before we discuss the method of determining
sample size, it is important to discuss certain terms used in it.

Important Terms

We shall discuss the following terms first in order to determine the sample size in an
empirical study.

Confidence Interval Population mean can be estimated on the basis of sample by
two ways. This can either be done by point or interval estimation. In point estimation
a single estimate of the population mean is obtained on the basis of the sample obser-
vations, whereas in interval estimation a range of values is obtained in which some
confidence is placed that it includes the population mean.

Larger the range more confident we are that it includes the population mean. While
testing any hypothesis confidence interval is always computed in the output. Usually
95% or 99% confidence interval is obtained by a researcher. Let us see as to what it
means. In estimating mean IQ of students in a college a sample of random students
may be obtained. If 95% confidence interval obtained on the basis of sample obser-
vations is 80 to 90, let us see what it indicates. It simply means that probability that
the confidence interval 80 to 90 includes population mean is 0.95. This fact could be
explained like this, if 100 samples are drawn and confidence intervals are constructed
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for each sample, at least 95 intervals will contain population mean and only 5 or less
intervals may not contain it. This fact can be shown by the Figure 3.13 in which if
100 confidence intervals are developed then at least 95 will include the population
mean and at the most five intervals may not.

Confidence interval for any parameter is affected by the sample size, population
variability and confidence level. The sample size is inversely proportional to the confi-
dence interval. Thus, larger the sample smaller is the confidence interval. If the sample
size is equal to the population size, sample mean would be equal to the population
mean and the width of the confidence interval would become zero.

Another factor which affects the confidence interval is variability of the popula-
tion. The confidence interval is directly proportional to the variability of the data in
population. Thus, if the population is more homogeneous, the width of the confidence
interval would decrease.

Lastly, confidence interval is directly affected by the confidence level you wish to
have in estimating a population parameter. Higher the confidence level you require
in estimation, larger the confidence interval you will have.

Confidence Level The confidence level indicates as to how much we are sure that the
confidence interval would contain the population parameter we are estimating. It is
expressed in terms of percentage and usually taken as 95% or 99% by the researchers.
Confidence level is indicated for any confidence interval we develop for estimating
the population parameter on the basis of a sample.

Let us see how to interpret the confidence level. Consider that a population consists
of 1Q scores of students in a college with mean and standard deviation as 80 and 35,
respectively, as shown in the Figure 3.14. If IQ scores follow normal distribution, we
may conclude that 95% student’s IQ would be in the range of 70 to 90 (two sigma
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Figure 3.13 Confidence intervals for mean p
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Population: 1Q of students

Mean = 80
SD=5

O Sample IQ

Figure 3.14 Showing IQ scores in a population

limits). This can also be interpreted as, if a sample student is randomly selected from
the population and if his IQ is in the range of 70—90, we shall be 95% confident that
he belongs to the population.

Power of the Test Power of a statistical test refers to its ability in accepting
the claim if it is correct in a hypothesis testing experiment. In other words, if
a research hypothesis is correct, the null hypothesis should be rejected while
testing.

To understand power it is essential to understand the errors committed on the
part of a researcher in testing a hypothesis. In any hypothesis testing, claim of a
new proposition is tested by negating the null hypothesis. For instance, consider
a situation in which a drug manufacturer launches a new drug claiming to cure
tuberculosis patients in a reduced time period in comparison to the existing drug.
An experiment may be conducted to test the claim. Here the whole focus of the
researcher is to test whether the null hypothesis can be rejected at a desired level
of significance. While testing a null hypothesis a researcher may commit two
kinds of errors known as Type I and Type II. Type I error refers to rejecting a null
hypothesis when it is true. On the other hand, Type II error is said to occur if null
hypothesis is not rejected when alternative hypothesis is true. Probability of Type
I and Type II errors are known as « and f, respectively. Type I error is known
as consumer’s risk, whereas Type II is known as producer’s risk. Type I error is
considered to be more serious than Type II error. It is because of the fact that wrongly
rejecting a null hypothesis leads to wrongly accepting an alternative hypothesis
(claim).

The power of a test is computed by 1 — f. This indicates the probability of rejecting
a null hypothesis if the alternative hypothesis is correct. A researcher needs to decide
in advance as to how much power he needs to have in his experiment as this affects
the size of the sample in empirical studies.
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Sample Size Determination on the Basis of Cost

In a study sample size can be decided on the basis of the cost. In that case one must
have the knowledge about the population, cost of the equipments, and other resources
used in the study. In selecting the size of a sample in any empirical study, the trade
off is between the cost of the project and power of the test. In most of the research
studies limited finance is available; hence, researcher may use cost consideration for
deciding the sample size and see how much power can be achieved with the sample
size selected in the study. The below mentioned model for sample size determination
can be used by a researcher if cost is the main consideration.

If C is the total cost available for the study, the required sample size can be deter-
mined by the following formula:

C=a+nc (3.1

10

Where, “a” is the overhead cost, “c;” is the cost of evaluating an experimental
unit, and “n” is the sample size. The overhead cost refers to one time expenditure
like the cost of equipments, stationary, printing, computing, and so on. The value
of ¢ is the cost of per unit evaluation. This includes the cost of monitoring the data
collection, cost of field investigator, and cost of motivating respondents. Here the cost
component C/10 refers to the contingency cost.

Consider that in a study, cost of per case evaluation for the field investigator is $
30, the cost of motivating per respondent is $ 5, and the cost of the project coordinator
per case is $ 5, then the cost of evaluating per unit (¢;) would become $ 40. Further,
if the over head cost (a) is $ 5000 and the total cost of the project (C) is $ 10,000,
then by using the equation (3.1) the sample size (n) would be 100, that is,

C
C= —
a+ncy + 10

10,000
10

= 10,000 = 5000 + n x 40 +

=>n =100

Sample Size Determination on the Basis of Accuracy Factor

By accuracy in an empirical study we mean as to how much power we wish to have in
hypothesis testing study, at what level of significance we desire to test a hypothesis,
and how much variation we wish to estimate with the true value of the population
characteristics. We will show the concept involved in sample size determination in
estimating a population mean.

Sample Size in Estimating Mean As per the central limit theorem if a random sam-
ple is drawn from a population having mean and standard deviation as u and o,
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respectively, the distribution of the sample mean (x) follows a normal distribution
with mean y and standard deviation o/ \/Z provided the sample is sufficiently large
(n>30). Thus, by using the normal distribution property the 95% confidence interval
as given below would estimate the population mean within it.

If we wish to estimate population mean within “d” units of the true mean at 95%
confidence level we would solve

<z+2ﬁ)—(z—2%> =2d

=42 =24
N7
_462

=>I’l—7

If a researcher wishes to have a 95% confidence interval for the mean IQ of the
students and desires that the estimate should be within 2 scores of the true value,
where standard deviation of the IQ is 8, then the sample size required for the study
would be 64 as shown below.

407 _4x8 _ o,
d? 22
Sample Size in Hypothesis Testing In hypothesis testing experiment determina-
tion of sample size depends upon the power of the test a researcher wishes to have,
effect size, and the significance level at which a hypothesis is desired to be tested.
For determining the sample size in repeated measures design, readers may use the
program GLIMMPSE (URL: http://glimmpse.samplesizeshop.org/). This is a free
internet-based program.

For determining the power of test and determining the sample size, readers may
also use the resources available on the below mentioned websites as well:

http://ps-power-and-sample-size-calculation.software.informer.com
http://www.ncss.com/software/pass/
http://www.epibiostat.ucsf.edu/biostat/sampsize.html#ttest
http://www.studysize.com

http://www.poweranalysis.com

EXERCISE

3.1. What action a researcher should take if the normality and sphericity assump-
tions do not hold in the repeated measures design?
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3.2. Discuss the procedure of making data file in SPSS.
3.3. Whatis outliers and how it affects findings in a study? What strategy is adopted
in detecting outlier and why?
3.4. What are the various methods of testing normality of data? What will you do
if the data is nonnormal in solving analysis of variance?
3.5. Listdown the assumptions that are required to be satisfied in repeated measures
design.
3.6. What is sphericity and how it is computed? Discuss various corrections that
are applied if sphericity assumption is violated in repeated measures design.
ASSIGNMENT
3.1. Following are the marks of students in different subjects. Test normality of
these data and identify the outliers if any. Check the significance of skewness
and kurtosis of these data and interpret your findings. Apply different trans-
formations to check whether nonnormal data can be converted into normal
data.
SN Marks of the Students
Maths English Science
1 55 45 19
2 58 52 47
3 56 49 59
4 48 52 22
5 92 72 67
6 65 45 56
7 62 49 52
8 66 48 51
9 53 47 50
10 48 45 61
3.2. Following are the scores on accuracy test obtained on the subjects under three

different environmental conditions. Do the following:
a. Check normality of three sets of repeated measures.
b. Try converting nonnormal data into normal by using the transformation.

c. Test the significance of skewness and kurtosis of these data at 5% level and
interpret your findings.

d. Identify the outliers if any in the data set by obtaining the boxplot.
e. Test sphericity of the data.
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Data on Accuracy Test
Under Different Environment

SN Environment
Hot Cold Humid
1 26 39 34
2 32 36 22
3 32 35 20
4 20 38 21
5 29 20 19
6 31 34 34
7 32 32 32
8 25 30 35
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ONE-WAY REPEATED MEASURES
DESIGN

INTRODUCTION TO DESIGN

In one-way repeated measures design effect of one independent factor on some
criterion variable is investigated by repeatedly testing all subjects in each treat-
ment. These levels of factor are referred as treatments. Consider an experiment
in which it is required to investigate the effect of different caffeine concentra-
tion on blood lactate. One may take three levels of caffeine concentration in
the experiment. Here, caffeine is an independent factor and its different con-
centrations are treatments. Since in this design subjects are tested under each
treatment to avoid individual variation, each subject needs to be tested for
their blood lactate level after consuming caffeine with different concentration.
Sometimes, the researcher may also like to see the impact of training on the
performance over a period of time. For instance, one might be interested to know
the effect of endurance training program on lungs capacity in different durations.
The researcher may test the subjects before starting the experiment and after 2
weeks, 4 weeks, and 6 weeks of endurance training. The purpose of such experiment
is to investigate the behavioral trend of subjects in relation to the criterion variable
over a period of time. Sometimes, this design is also known as time series design and
is similar to the repeated measures design. Since each subject is repeatedly tested
under different treatment conditions, this design is also known as within-group
design or within-subjects design.

Repeated Measures Design for Empirical Researchers, First Edition. J. P. Verma.
© 2016 John Wiley & Sons, Inc. Published 2016 by John Wiley & Sons, Inc.
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ADVANTAGE OF ONE-WAY REPEATED MEASURES DESIGN

This design has the following benefits:

1. Less number of subjects is required for the study due to which an experimenter
can have more control in the experiment.

2. Since same subjects are tested in all treatments, subjects serve their own control
due to which experimental error is reduced.

3. The repeated measures design is more efficient in comparison to that of the
independent measures design because a part of the treatment group’s variability
is explained by the subjects thereby experimental error is reduced.

4. This design is very sensitive in nature due to which a slight change in the cri-
terion variable due to the manipulation of treatment conditions can be easily
detected.

5. This design allows the experimenter to study the behavior of subjects due to
intervention of treatment over the period of time.

WEAKNESS OF REPEATED MEASURES DESIGN

Due to carryover effect performance of the subjects may be affected in different
treatment conditions. In other words, participation in one treatment may affect the
performance of subjects in other treatment groups resulting creation of a confound-
ing extraneous variable that varies with the independent variable. The carryover effect
may be because of the fatigue experienced or due to learning in earlier treatment con-
ditions. Another weakness of this design is that if a subject is tested in all treatments in
a specific sequence an order effect may be generated which affects the performance
of the subjects. Further, if the number of treatments are large, subjects may loose
interest in the experiment as they might feel bore which in turn affects the outcomes
in the study.

APPLICATION

There may be numerous application of this design in different disciplines. Initially, the
design of experiment was developed for agricultural research in which basic experi-
mental units were plots having fixed variability. In such experiment, behavior of each
plot does not differ over experimental period. But this is not the case with studies
where experimental units are human beings or animals because performance of sub-
jects not only is affected by manipulating treatments but is also affected by the mood,
temperament, and motivation of the subjects. Thus, it is important to control the effect
of different subjects used in different treatment groups in an independent measures
design. In repeated measures design, this individual variation can be controlled by
testing each subject in all treatments. Thus, in all those studies where experimen-
tal units are human beings or animals, this design is more efficient. Following are
some of the specific situations where this design can be used to test desired research
questions.
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1. In a clinical experiment for investigating body’s reaction to drug, the drug
efficacy can be tested by taking hourly blood samples for 12 hours after its
administration. Thus, a series of data is obtained on an individual for measuring
blood concentration levels.

2. A coach may like to compare recovery pattern of soccer players under light
exercise, autogenic relaxation, and underwater exercise to find as to which
intervention is the best. The recovery pattern of same group of subjects is stud-
ied under each intervention after three soccer match of similar level.

3. A physiologist may study an intervention of pranayama in the relief of asthma
by measuring the subject’s forced expiratory volume (FEV) at weekly intervals
to assess the efficacy of intervention.

4. In order to study the taste of three different pizza (pan, cheese, and chicken) on
the youngsters a market research analysts may offer a group of subjects to eat
these pizza free of costs one by one. After consuming each pizza, subjects may
be asked to rate their tastes on a 10-point scale.

LAYOUT DESIGN

The layout of the design depends upon whether the levels of the independent variable
are the different treatments or the time period. Accordingly two different kinds of
layout are as follows:

Case I: When the Levels of Within-Subjects Variable are Different Treatments

In this layout design, each subject is tested under different treatments. In such studies
where this design is used, the researcher must ensure that there is no learning effect
due to the treatments. To done away the learning effect, sufficient time gap should be
given in between implementing any two treatments. Another issue in such studies is
that of order effect. Due to implementing treatment conditions in a specific sequence
the subject’s performance may be affected. The performance of the subjects in the
second treatment condition may be affected due to the learning effect or the exhaus-
tion effect experienced by the subjects during the first treatment condition. Since the
same subjects are being tested in different treatment conditions, this may affect the
subject’s performance adversely if they do not find it interesting or gets fatigue during
treatment implementation.

To done away the order effect, counterbalancing is used in the design. It is done
by dividing the sample into number of groups; say three, if there are three treatments.
The first group undergoes the first treatment thereafter second and then the third one,
whereas the second group may undergo into the second treatment first and then the
first and thereafter the third one. Similarly, the order of the third group may be the
third treatment first then the second and thereafter the first one.

In the pizza example discussed above if six subjects are taken in the sample, then
the layout of the one-way repeated measures design can be shown by the Figure 4.1.
In this layout, on the first day of testing the subjects S1 and S2 consume pan pizza, the
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Testing protocol

Factor 1: Pizza

I Pan I I Cheese II Chicken

First phase St S3 S5

testi

esing s2 s4 S6

Second phase S5 S1 S3 .
testing 6 50 s4 Subjects
Third phase S3 S5 S1

testing S4 S6 )

Figure 4.1 Layout of the one-way repeated measures design having levels as different
treatments

subjects S3 and S4 eat cheese pizza, and the subjects S5 and S6 get chicken pizza.
Similarly, the testing protocol for the subjects during second and third testing has
been shown.

Case II: When the Levels of Within-Subjects Variable are Different Time
Durations

In this layout design, all subjects are repeatedly tested at different time points dur-
ing treatment. Here, performance of subjects at a particular time point is the result
of cumulative learning during experiment. In such studies, researcher is interested to
know the behavior of subjects due to the treatment over the period of time. If in the
drug efficacy example discussed earlier if five subjects are tested for blood concen-
tration before administration of drug and after 2 hours, 4 hours, and 6 hours during
treatment then the layout of this repeated measures design can be as shown by the
Figure 4.2.

Testing protocol

Factor 1: Time

[ Before | | 2hours | | 4 hours || 6hours |

St St St St

S2 S2 S2 sz\

S3 S3 S3 S3  Subjects
sS4 sS4 sS4 sS4 /‘

S5 S5 S5 S5

Figure 4.2 Layout of the one-way repeated measures design having levels as time durations
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STEPS IN SOLVING ONE-WAY REPEATED MEASURES DESIGN

One should follow the below-mentioned steps for solving one-way repeated measures
design with the SPSS software:

. Test the assumption of normality as discussed in Chapter 3.
. Describe the layout design.

. Write research questions which need to be investigated.

. Write null hypothesis to be tested.

N A W N =

. Decide familywise error rates («) at which the hypothesis is required to be
tested.

6. Use SPSS procedure to generate the following outputs:
a. Descriptive statistics including mean and standard deviation
b. Mauchly’s test of sphericity including estimated value of epsilon
c. Table of F value for testing within-subjects effect
d. Pairwise comparison of means
e. Means plot
7. Test sphericity assumption.

8. If sphericity is significant apply correction (Greenhouse—Geisser or
Huynh-Feldt) in the degrees of freedom of SS between treatments and
within treatments and test the significance of F value at the corrected degrees
of freedom otherwise test the significance of F' by assuming sphericity.

9. If F ratio is significant apply paired ¢ tests for pairwise comparisons among
group means by applying the Bonferroni correction.

10. Report the findings.

The detail procedure in solving repeated measures design shall be explained by
means of the below-mentioned illustration.

ILLUSTRATION

A researcher used an intervention of meditation program on 10 randomly
selected male subjects to see its impact on the performance of reasoning ability
in different durations. The subjects were asked to solve similar level of ques-
tions to test their reasoning ability. Performance of the subjects was obtained
on zeroth day, 2nd week, 4th week, and 6th week. The scores so obtained
are shown in Table 4.1. We shall discuss the procedure involved in solving
the one-way repeated measures design with the help of this illustration by using the
level of significance as 0.05

Testing Assumptions

In this repeated measures design following assumptions need to be satisfied:
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Table 4.1 Data on Reasoning Ability Measured at Different Time
Points During Intervention Program With Meditation

Subjects Zeroth day 2nd Week 4th Week 6th Week

S1 31 36 35 37
S2 31 34 34 35
S3 32 31 37 35
S4 30 32 36 35
S5 34 33 37 37
S6 35 34 36 38
S7 36 31 31 38
S8 36 35 30 40
S9 32 31 35 36
S10 33 32 34 36

a. Data Type The independent variable must be categorical and should have at
least three levels and the dependent variable must be measured either on interval
or ratio scale.

b. Independence of Observations The subjects must be randomly selected and
tested independently to each other.

c. Normality For each level of the independent variable, the dependent variable
must follow approximately normal distribution and should not have outlier.

d. Sphericity The sphericity should not exist among the data. This means that the
variances of the differences between all combinations of related groups must be
equal. In other words, correlations among the repeated measures are all equal.

Let us see whether all these assumptions have been met in this illustration. Here,
the independent variable is time (with four levels) and the dependent variable is rea-
soning ability which is measured on interval scale; hence, the first assumption is
satisfied. Since the sample has been randomly selected and the observations have
been independently obtained on the subjects, the second assumption is also fulfilled.

The data given in Table 4.1 follows normal distribution because the Shapiro—Wilk
test is not significant for any of the four groups of the data as shown in Table 4.2.
Further, there is no outlier in the data (i.e., no data is outside the range of x + 2s). The
readers are advised to test this assumption by using the procedure shown in Chapter
3. Thus, the assumption of normality is also satisfied.

Finally, the assumption of sphericity will be tested by using the SPSS while gen-
erating the output in solving this design. It can be seen from the Table 4.4 that the
sphericity has been violated; hence, the correction shall be applied for testing the sig-
nificance of F' value. This aspect shall be discussed later while discussing the findings.

Layout Design

In this study, effect of meditation duration is to be investigated on the reasoning ability
and the design is a repeated measure where all the subjects are tested at different time
points; hence, the layout of the design in the study would be as shown in Figure 4.3.
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Table 4.2 Tests of Normality for the Data on Reasoning Ability

Kolmogorov—Smirnov Shapiro—Wilk
Statistics df Sig. Statistics df Sig.
Zeroth day 0.178 10 0.200 0.924 10 0.393
2nd week 0.192 10 0.200* 0.905 10 0.246
4th week 0.216 10 0.200* 0.879 10 0.128
6th week 0.166 10 0.200%* 0.902 10 0.228

* Significant at 5% level

Testing protocol

Factor 1: Time

| zeroday || 2@ week || 4" week || 6" week |

S1 S1 S1 S1
S2 S2 S2 S2
. . . . Subjects
S9 S9 S9 S9
S10 S10 S10 S0 -

Figure 4.3 Layout of the design for the study shown in the illustration

In the repeated measures design, subjects serve their own control and part of the
experimental variability is explained by the subjects resulting reduction in error vari-
ance. This enhances the efficiency of repeated measures design in comparison to that
of the independent measures design.

Distribution of Variation and Degrees of Freedom

Let us see how the total variation in this design is distributed among different com-
ponents. If you look into the data of Table 4.1, the total variability (SS) is because of
variation due to the data in four groups (SS+;,,.) and variation due to within each of the
four groups (SSy;in)- Since part of the within group variability has been explained
by the subjects, this SSy;;, has been further broken into SSgpjecs and SSg,. Thus,
in repeated measure design the error (SSyy;;,) has been further reduced to SSg,,,-
This reduction of error variance improves the efficiency of repeated measures design.
Reduction of error variance causes increase in the value of F and therefore repeated
measures design is more sensitive in detecting even the little difference observed in
the dependent variable due to the change in the levels of the independent variable.
In this illustrated repeated measure design, the total degrees of freedom, that is,
N —1(=39) has been partitioned into r— 1(=3) df due to variation between groups
(Time) and N — r(=36) df due to variation within groups. Since SS within groups is
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TotaISS| df=N-1 l 39

e

| SS1ime . df:r—1| 3

[ SSSubjecis ‘ df=n-1 ] 9 [ SSg,or  |df=(n—1)(r— 1)] 27

Figure 4.4 Scheme of distributing total sum of squares and degrees of freedom

further divided into SS due to subjects and SS due to error, the degrees of freedom for
SS within groups (nr — r=36) is further split into n — 1(=9) df due to subjects and
(n—1)(r—1)[=27]df due to error.

The distribution of Total SS into different components along with their degrees of
freedom has been shown in Figure 4.4.

Hypothesis Construction

While planning a study, a researcher must mention the research question to be
investigated. In this illustration, the research question is to test whether the duration
of meditation training affects the reasoning ability. To investigate this question, a
null hypothesis needs to be stated. The null hypothesis is a via media of testing the
research hypothesis. Since research hypothesis is always tested by contradicting
the null hypothesis, the researcher is always interested to test whether the null
hypothesis can be rejected or not on the basis of the given sampled data. In statistics,
the research hypothesis is also known as alternative hypothesis; hence, in this study
the following null hypothesis shall be tested:

Hy : HZero_day = Mondweek = Hathweek = Hethweek

against the alternative hypothesis that at least one of the group mean differs.

Level of Significance

Level of significance in testing the significance of F ratio for comparing
within-subjects levels is normally taken as either 0.05 or 0.01. In repeated
measures design, there is no provision of post hoc test and therefore if the F ratio
for within-subjects effect is significant then the paired #-test is used for pairwise
comparison of means by using the Bonferroni correction. This correction suggests
that the significance of paired t-test should be tested at a/k level of significance,
where a is the family wise error rate at which the hypothesis is tested and k is
the number paired comparisons required to be made in the study. By using the
Bonferroni correction in SPSS, this correction is automatically taken care of by
increasing p value.



ILLUSTRATION 81
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Figure 4.5 Screen for initiating commands for single factor repeated measures design

Solving One-Way Repeated Measures Design Using SPSS

SPSS software can be used for solving this design. To analyze this design, a data file
needs to be prepared in SPSS. Procedure for preparing the data file has been explained
in Chapter 3. Those who are using the SPSS for the first time are advised to go through
this chapter first before following the procedure discussed here. Once the data file is
created, follow the sequence of commands mentioned below as shown in the screen
in Figure 4.5.

Analyze — General linear model —» Repeated measures

After clicking on Repeated Measures command you will get the screen as
shown in Figure 4.6 to define the independent and dependent variables. By default
the “Within-Subject Factor Name” is written as factor 1. Replace this by Time
because Time is the independent variable in this illustration. Type the number of
levels as 4 because there are four time periods in which the data has been obtained.
Click on Add. Type the name of dependent variable in the “Measure Name™ area as
Reasoning_ability. Click on Add. Name of the independent and dependent variables

-t *chaptard, sy [DalaSsiZ] - SP55 Data Liiter
DR Lot Yiew Omin  Transfom  Anavas  Graghe  WSSes  Addgrs  fndaw  Hel
eEHOD e LEr A G FOE T

5

| Zaro_dny | Weuk_two | Wask_four | WWeak_sic
; ::E :$ ;$ :Z$ sted Measures Define Factor(s) =]
3 32,00 3100 w700 |
4 30.00 32.00 36.00 3500
5 34.00 3300 3700 37.00
[ 35.00 34 00 3600 38 00
7 .00 n.om .00 .00
a 36 00 3500 30.00 4000
) 3200 3.m 35.00 ®00
10 33.00 3200 34.00 3600

[ meset || cancet || rew |

Figure 4.6 Screen showing options for defining dependent and independent variables
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% Repeated Measures Define Factor(s) =]

Within-Subject Factor Name:

Mumber of Levels: |:J
L | [rimecas

. cich | Reasoning_sbillty

[(oetee J ([ meest ][ concel ][ rew ]

Figure 4.7 Screen showing options for adding independent and dependent variables for
analysis

should always start from alphabet and if it consists of two or more words then
they should be joined with the underscore. You will get the screens as shown in
Figures 4.6 and 4.7 before and after clicking on Add command respectively.

Clicking on the command Define in the screen shown in Figure 4.7 shall take
you to the screen shown in Figure 4.8 for selecting the within-subjects variables.
Select all the four variables from the left panel and bring them to the “Within-Subjects
Variables” section of the screen. Click on the command Plots and transfer the variable
Time from the “Factor” section into the “Horizontal Axis” area. Click on Add to get
the means plot in the output.

+:: Repeated Measures

act Horizontal Axis:
o s
IE Frﬂ Lines:

B3 |
Plots: [_ada ][ crange ][ gemove

:

Figure 4.8 Screen showing option for selecting within-subjects variables and obtaining
means plot
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Figure 4.9 Screen showing option for computing descriptive statistics and pairwise compar-
ison of means using the Bonferroni correction

Click on Continue for selecting further option in the design as shown in Figure 4.9.
In this screen transfer, the variable Time from the “Factor(s) and Factor Interactions”
section to the “Display Means for” section. Check the option ‘Compare Mean effects’
and ‘Estimates of the effect size’. Select the ‘Bonferroni’ correction by clicking on
the sign v mentioned on the “LSD(none)” tag. Check the option ‘Descriptive statis-
tics’ for computing mean and standard deviation in each group. Ensure that the level
of significance is selected as 0.05. In fact, it is selected by default. Let all other
options remain selected as it is. Click on Continue to get back the screen as shown
in Figure 4.8. Click on OK to get the outputs.

SPSS Output and Interpretation

Lots of results are generated in the output window of SPSS, but only the below men-
tioned outputs shall be selected for interpretation. Right click the mouse over the
output which is required to be selected, copy it and paste it in your word document.

Descriptive statistics

Mauchly’s test of sphericity

F table for testing within-subjects effects
e Table for pairwise comparison of means
e Marginal means plot

Descriptive Statistics The first output refers to the descriptive statistics as shown in
Table 4.3. These results can be shown in the project in order to have an idea about the
central location and measure of spread in the data of different groups. These values
of mean may be used to compare the marginal means graphically.
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Table 4.3 Descriptive Statistics

Mean SD N
Zero_day 33.0000 2.16025 10
Week_two 32.9000 1.79196 10
Week_four 34.5000 2.36878 10
Week_six 36.7000 1.63639 10

Table 4.4 Mauchly’s Test of Sphericity®

Measure: Reasoning_ability

Epsilon®
Within Subjects Mauchly’s W Approx. df Sig. Greenhouse— Huynh— Lower-
Effect Chi-Square Geisser Feldt bound
Time 0.062 21.441 5 0.001 0.546 0.650 0333

2Design: Intercept. Within-subjects Design: Time
Bold number indicates that the effect is significant at 5% level.

Testing Sphericity Table 4.4 is the output for testing the sphericity and shows the
estimates of Epsilon required for correcting the degrees of freedom in testing the
significance of F value. Mauchly’s statistic follows approximately chi-square distri-
bution; hence, the significance of the chi-square is tested for testing the sphericity.
It can be seen from this table that Mauchly’s test is significant because the p value
associated with the chi-square statistic is 0.001 which is less than 0.05. Since
Mauchly’s test is significant, sphericity assumption violates in this illustration. This
requires some corrections to be made in the degrees of freedom of the treatment and
the error components before testing the significance of F value.

Correction for Sphericity The estimated value of epsilon (¢) indicates the severity
of sphericity violation. The value of € can be in between 0 to 1. Lesser the value of
€ greater is the violation in sphericity. If the value of epsilon (¢) is less than 0.75,
use Greenhouse—Geisser correction otherwise use Huynh—Feldt correction. In this
illustration, the value of € estimated by the Greenhouse—Geisser is 0.546 as shown
in Table 4.4, which is less than 0.75; hence, the Greenhouse—Geisser estimate shall
be used for correcting the values of degrees of freedom. If there were no sphericity
the degrees of freedom for the treatment (Time) and Error would have been 3 and 27
as shown in Table 4.5. Since the sphericity exists, these degrees of freedom shall not
be used to find the table value of F or its associated p value. Instead, the table value
of F will have to be seen at the degrees of freedom (1.637, 14.730) instead of (3, 27).
In SPSS, the significance of F value is tested by means of p value and therefore
you can notice that the p value differs in a situation where the Greenhouse—Geisser
correction is used (p =0.009) and where sphericity is assumed (p =0.001). Thus,
the Greenhouse—Geisser correction simply changes the value of p and nothing
more.
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Table 4.5 F Table for Testing Significance of Within-subjects Effects

Measure: Reasoning_ability

Source Type IISS  df  Mean F  Sig. Partial eta
square squared
Time Sphericity assumed 94.475 3 31.492 7.281 0.001  0.447
Greenhouse—Geisser  94.475 1.637 57.725 7.281 0.009  0.447
Huynh-Feldt 94.475 1.951 48423 7.281 0.005  0.447
Lower-bound 94.475 1.000 94.475 7.281 0.024  0.447

Error (Time) Sphericity assumed 116.775 27 4.325
Greenhouse—Geisser  116.775  14.730 7.928
Huynh-Feldt 116.775 17.559 6.650
Lower-bound 116.775 9.000 12.975

Bold number indicates that the effect is significant at 5% level.

Let us see how the degrees of freedom are corrected by using the estimates of
epsilon suggested by different statisticians in a situation where the sphericity assump-
tion fails. It is very simple, the modified degrees of freedom is obtained by multiplying
the value of ¢ to the degrees of freedom of the treatment (Time) and error (Time)
terms in a situation where sphericity is assumed. Thus, the degrees of freedom in the
Greenhouse—Geisser correction for the treatment (Time) would be 1.637(=0.546 X 3)
and that of error would be 14.730(=0.546 x 27). Similarly, degrees of freedom can
be altered by using the Huynh—Feldt correction. It can be seen in Table 4.5 that the
F value does not change by applying any of the three corrections. It is so because
F value is calculated by dividing MSS+;,,.. by MSSg,,- If the degrees of freedom is
altered for the two components, it affects their mean sum of squares as well in a sim-
ilar fashion, resulting the ratio remains same irrespective of whether the degrees of
freedoms are altered or not. This fact can be made clear by understanding the below
mentioned formulas:

If sphericity is assumed,

SSTime
(r=1)
SSError
(r=1)(n—1)

F = 4.1)

where r(=4) is the number of treatment levels and n(=10) is the number of subjects.
The (r—1) is the degrees of freedom for the treatment (Time) and (r— 1)(n—1) is
the degrees of freedom for error. For details refer to the Chapter 2.

If sphericity exists, the modified degrees of freedom is obtained by multiplying
them with the value of €

SSTime SSTime

ex(r—1) _ (r—1)

SSError SSError
ex(r=1)(n—1) (r—=1)(n—1)

F=

4.2)
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The value of F calculated in equation (4.1) as well as equation (4.2) is same; hence,
the value of F remains same irrespective of the fact that whether the sphericity exists
or not.

To conclude, if the assumption of sphericity is not violated, that is, Mauchly’s
test is not significant then no correction is required and the significance value (p)
associated with the F for the Sphericity Assumed case is reported in the findings.
On the other hand, if the sphericity violates then the p value associated with the F for
the Greenhouse—Geisser case is used for reporting provided the value of estimate
of e given by the Greenhouse—Geisser is less than 0.75. However, if this value of € is
more than 0.75 report the p value associated with the F for the Huynh-Feldt case.
Since the effect of violating the sphericity increases the p value due to which the
results may be entirely different at times if this assumption is not tested in repeated
measures design.

Since in the illustration the value of € is less than 0.75, the Greenhouse—Geisser
correction has been used and the p value of 0.009 shall be reported in the findings.

Testing Significance of Within-Subjects Effect After applying the Greenhouse—
Geisser correction, the F value is significant because associated p value of F is 0.009
which is less than 0.05 as shown by the bold face in Table 4.5. In fact, the F value is
significant in all the situations and no difference of findings occur due to violation of
the sphericity assumption. Since the partial Eta Square is 0.447 which is considered
to be moderate, the effect of time is meaningful to enhance the reasoning ability in
the meditation intervention program.

Pairwise Comparison of Marginal Means Inrepeated measures design, post hoc test
cannot be used and therefore there is no option available for such test in SPSS. If
value is found to be significant, the paired ¢ tests are applied to compare each pair of
the group means. Due to multiple comparisons of means, the familywise error rate
0.05 in this illustration shall be inflated. To compensate this error, the Bonferroni
correction has been used. It automatically adjusts p value for testing the significance
of F statistic.

Significance of difference between group means shall be tested as usual at the
0.05 level because the Bonferroni correction enhances the p value accordingly. It can
be seen from Table 4.6 that the difference between the group means of zeroth day
and 6th week as well as between 2nd week and 6th week are significance because the
significance value associated with these two ¢ values are 0.000 and 0.001, respectively,
which are less than that of 0.05. However, no difference is found between the means
of zeroth day and 2nd week, between zeroth day and 4th week and that of between
2nd week and 4th week.

Marginal Means Plot The marginal means of reasoning ability measured in
different time periods can be shown graphically in Figure 4.10. This output is
generated by the SPSS. Additional information regarding the significance level
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Table 4.6 Pairwise Comparison of Marginal Means

Measure: Reasoning_ability

Mean Diff. 95% CI for Difference®

(I) Time (/) Time )] Std. error  Sig.®  Lower bound  Upper bound
Zero_day Week_two 0.100 0.875 1.000 —-1.879 2.079
Week_four ~ —1.500 1.267 1.000 —4.366 1.366
Week_six —3.700* 0.367 0.000 —4.529 -2.871
Week_two  Zero_day —0.100 0.875 1.000 -2.079 1.879
Week_four  —1.600 1.013 0.893 —-3.892 0.692
Week_six —3.800* 0.573 0.001 —-5.097 —2.503
Week_four  Zero_day 1.500 1.267 1.000 —-1.366 4.366
Week_two 1.600 1.013 0.893 —-0.692 3.892
Week_six —2.200 1.153 0.532 —4.808 0.408
Week_six Zero_day 3.700%* 0.367 0.000 2.871 4.529
Week_two 3.800* 0.573 0.001 2.503 5.097
Week_four 2.200 1.153 0.532 —-0.408 4.808

Based on estimated marginal means

2 Adjustment for multiple comparisons: Bonferroni

*The mean difference is significant at the 0.05 level.

Bold number indicates that the effect is significant at 5% level.

Variable: Reasoning ability

37

36

35-

34

33+

32-

Estimated marginal means of reasoning ability

Zero_day Week_two Week_four Week_six
Time

Figure 4.10 Marginal means plot



88 ONE-WAY REPEATED MEASURES DESIGN

(as shown in Table 4.6) between the two group means may be added in this figure.
It can be seen from Figure 4.10 that the reasoning ability increases in general with
the passes of time during meditation intervention program. However, there was no
significant increase in reasoning ability till 4th week of the intervention because the
p value between zeroth day and 4th week is greater than 0.05 but significant increase
was observed in the 6th week because the p value between zeroth day and 6th week
15 0.000. Similarly, the p value between the 2nd week and 6th week is also significant
because the p value for this difference is 0.001. Thus, based on the sampled data
it may be concluded from this figure that the significant increase in the reasoning
ability is observed only in 6th week and therefore the meditation program should
be implemented at least for 6 weeks to get the significant increase in the reasoning
ability.

How to Report the Findings

In reporting the findings in single factor repeated measures design Tables 4.3—4.6
and Figure 4.10 should normally be mentioned. In this illustration the reporting may
be made as follows:

Since Mauchly’s test was significant (Table 4.4), the sphericity assumption was
violated. Since the Greenhouse—Geisser estimate of epsilon (g) was 0.546 which is
less than 0.75, this estimate was used to correct the degrees of freedom. After the
correction, the degrees of freedom for finding the significance value of F' became
(1.637, 14.730) instead of (3, 27). From Table 4.5, it can be seen that after applying
the Greenhouse—Geisser correction the F value is significant (p = 0.009).

In repeated measures design, no post hoc comparison exists due to which group
means were compared using the paired ¢ test. Due to multiple comparisons the fam-
ilywise error rate inflates. To compensate this error, the Bonferroni correction was
applied. The results of the group means comparison indicated that the significant
increase in the reasoning ability was observed only in the 6th week of the medita-
tion intervention program. However, there was no significant difference observed in
reasoning ability measured on zero_day, week_two, and week_four.

Inference

On the basis of the sampled data, it may be concluded that the meditation interven-
tion program significantly affects the reasoning ability of the subjects. However,
the significant effect was observed only after the 6 weeks of the intervention
program.

EXERCISE

4.1. Explain situations in which one-way repeated measures design should be
used.

4.2. Highlight the benefits of using single factor repeated measures design.
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4.3.

44.

4.5.

4.6.

4.7.

Discuss design layout of one-way repeated measures design and describe
splitting sum of squares into various components along with degrees of
freedom.

Discuss briefly the procedure of solving one-way repeated measures design.

In a repeated measures design, nine subjects undergo three different treatments
T,, T,, and T;. Show the layout design.

What is the difference between hypothesis construction in case of independent
measures design and repeated measures design?

What is the Bonferroni correction? In comparing five group means if the fami-
lywise error rate is taken as 0.05 for testing the significance of F, at what level
of significance pair means will be compared and why?

ASSIGNMENT

4.1.

4.2.

A marketing research manager wanted to study the comparative effect of three
different types of incentives offered to his dealers on the sale of pizza. He had
organized a repeated measures design in which three different types of incen-
tives were offered to six dealers in a random fashion. Each dealer was given all
three different types of incentives to see its impact on sale. Following are the
sales figure. Apply one-way repeated measures design to investigate the best
incentive for improving the sales. Test your hypothesis at the significance level
0.05. Do the following also:

a. Describe splitting total sum of squares into various components along with
their degrees of freedom.

b. Test normality and sphericity of the data.

Sales Data on Pizza

Incentives

Dealer Low Medium High

22 52 50
27 65 54
21 62 65
29 56 45
32 68 19
35 61 38

AN AW N =

An athletic coach was interested to see the performance trend in improving
muscular strength of his athletes during a circuit training program. He orga-
nized an experiment in which six athletes participated in the study. They were
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tested repeatedly for their muscular strength before starting the training and
after 2, 4, and 6 weeks of circuit training program. The data so obtained are as

follows:
Data on Muscular Strength
Time
Subject Zero week 2 Week 4 Week 6 Week
1 60 64 72 74
2 65 63 69 75
3 72 73 85 87
4 63 67 74 76
5 58 62 71 73
6 55 57 75 78
Apply repeated measures design to investigate as to which duration is optimum
in improving the muscular strength. Test your hypothesis at the significance
level 0.05. Also, test the assumptions of normality and sphericity.
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TWO-WAY REPEATED MEASURES
DESIGN

INTRODUCTION

Repeated measures design with two-way ANOVA is used in a situation where the
effect of two factors on a dependent variable needs to be investigated simultane-
ously and both the factors are within subjects. In this design, all subjects are tested in
each level of both the factors. This design is also known as within—within design,
or, two-way repeated measures design, or, two-way ANOVA with repeated mea-
sures. In this design, mean differences between groups that have been split on two
within-subject factors are compared.

If in a two-way repeated measures design the factor A has two levels and the fac-
tor B has three then there would be six treatment conditions namely A;B;, A;B,,
A;Bj, A,B,, A;B,, and A,B;. A randomly drawn sample is then tested in all the
six treatment conditions. This design is generally used in a situation where individ-
ual variations of the subjects cannot be controlled and recruiting large sample for the
study is difficult. By using this design a researcher is mainly interested in investigating
the following three research questions:

a. Whether factor A affects dependent variable?
b. Whether factor B affects dependent variable?
c. Whether interaction between factors A and B is significant?

The first two research questions are investigated by testing the significance of
main effects of A and B. Whereas, the third research question is investigated by

Repeated Measures Design for Empirical Researchers, First Edition. J. P. Verma.
© 2016 John Wiley & Sons, Inc. Published 2016 by John Wiley & Sons, Inc.
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investigating the simple effects of A and B. Testing main effects are meaningful only
when the interaction effect is not significant. But if the interaction effect is significant
then the main effects become meaningless and in that case simple effects of A and
B are investigated. The simple effect of factor A refers to comparing the effect of
different levels of the factor A on the dependent variable in each level of the factor
B. Similarly, the simple effect of the factor B refers to comparing the effect of differ-
ent levels of the factor B on the dependent variable in each level of the factor A. In
two-way repeated measures design, the primary focus of the researcher is to investi-
gate whether an interaction effect between the two factors on the dependent variable
exists or not.

It is interesting to note that out of the two independent factors one can be the time
duration. For instance, if the researcher’s interest is to see the effect of cardio exercise
(normal breathing and yogic breathing) as well as time (zero, two, and four weeks)
duration on the lungs capacity then the same subjects are tested after performing
each exercise at three different time points. Here, cardio exercise and time are the
two independent factors.

ADVANTAGES OF USING TWO-WAY REPEATED MEASURES DESIGN

One of the main advantages of the two-way repeated measures design is that the
researcher requires limited number of subjects in the experiment. This design allows
researchers to complete their experiment more quickly, as fewer subjects are required
to complete an entire experiment. Since subjects serve their own control the error
variance is reduced resulting increased efficiency in the design. This design can be
used for the longitudinal studies where the effect of time needs to be investigated.

ASSUMPTIONS

In using two-way repeated measures design certain assumptions are required to be
met. Violation of these assumptions results in inaccurate findings. One of the main
assumptions in using the repeated measures design is that the subjects in the study
should be randomly selected from the population of interest. Besides this following
assumption must holds true for using the design:

a. Data type Both the independent factors should be categorical, whereas the
dependent variable should be measured on metric scale.

b. Independence of observations The measurement obtained on each subject must
be independent to each other.

c. Normality The observations on dependent variable obtained on the subjects in
each treatment combination must be normally distributed. This assumption can
be tested by using the Shapiro—Wilk test in SPSS.

d. Sphericity Sphericity assumption states that the difference scores computed
between any two levels of a within-subjects factor must have the same variance.
The sphericity assumption is tested only in a situation where the independent
factor has more than two levels. In SPSS, the sphericity assumption is tested by
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means of Mauchly’s W test. If this assumption is violated, a correction is made
in the degrees of freedom of different sums of squares by means of either the
Greenhouse—Geisser or Huynh—Feldt correction.

Testing of the above-mentioned assumptions in using two-way repeated measures
design has been discussed in detail while solving the design with SPSS in the illus-
tration later in this chapter.

LAYOUT DESIGN

In two-way repeated measures design both the factors are within-subjects. The lay-
out of this design depends upon whether the levels of the within-subjects factor are
different treatment conditions or time period. The layout of the two-way repeated
measures design in these two situations has been discussed in the following sections.

Case I: When Levels of Within-Subjects Variable are Different Treatments

In this design all subjects are tested under all treatments. Sufficient time gap is kept
between testing of subjects in different levels of each factor in order to ensure that
there is no learning or fatigue effect due to testing in the earlier treatment(s). In this
design there is an issue of order effect. This effect includes practice, boredom, and
fatigue. Generally, performance of subjects either improves or deteriorates. Repeated
measures designs are almost always affected by the order effect. However, the only
exception for this effect is seen in longitudinal studies, that is, when one of the inde-
pendent factors is a time.

Counterbalancing is used to counteract order effect. This is done by dividing sam-
ple into k groups and randomizing treatments in each group of samples independently
where k is the number of levels of within-subjects variable. Let us suppose that
within-subjects factor has three levels then the first group will undergo the first treat-
ment condition thereafter second and then the third one, whereas, the second group
may undergo into the second treatment condition first and then the second and later
the third in the sequence. Similarly, order of the third group may be the third treatment
conditions first then the second and thereafter the first.

Let us consider an experiment where two-way repeated measures design is used
to investigate the effect of caffeine (coffee and placebo) and time of testing on the
mathematical ability of subjects. Here, caffeine and time are the two within-subjects
factors. If the sample consists of six randomly selected subjects then the layout of the
two-way repeated measures design can be shown by Figure 5.1. As per the testing
protocol, on the first day the subjects SI and S2 are tested for their mathematical
ability test in the morning, the subjects S3 and S4 are tested in the afternoon, and the
subjects S5 and S6 get tested in the evening. Similarly, the testing protocol for the
subjects in placebo group can be done by randomizing treatments to the subjects. All
subjects are tested after consuming coffee. The only care which the researcher must
take is to ensure that all the subjects should be tested in each treatment condition.
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Testing protocol
Factor 2: Environmental

| Morning | | Afternoon | | Evening |

[ First phase St S3 S5

testing S2 S4 S6

Coffee Second phase S5 S1 S3

8 testing S6 sS2 S4
ko)

5 Third phase S3 S5 S1

O L testing S4 S6 S2

— Subjects

§ [ First phase S3 St S5

131 testing S4 S2 S6
&

Second phase S1 S5 S3

Placebo testing s2 S6 sS4

Third phase S5 S3 S1

L  testing S6 S4 S2

Figure 5.1 Layout of the two-way repeated measures design.

Case I1: When the Levels of the Within-Subjects Variable are Different Time
Durations

In this case, all subjects in each level of the first factor are repeatedly tested at differ-
ent time points during treatment. Here performance of the subjects, while testing in
a particular point is affected due to the cumulative effect of treatment in the earlier
durations, the issue of counter balancing and order effect is irrelevant because the
purpose of the study is to see the effectiveness of treatment in different time duration.
Let us consider that the above-mentioned experiment is organized to see the effect of
caffeine on mathematical ability in four different time duration, that is, before exper-
iment, after three, six, and nine weeks. If sample consists of six randomly selected
subjects then the layout of this two-way repeated measures design can be shown by
Figure 5.2.

APPLICATION

Two-way repeated measures design has many applications in the area of psychology,
management, social sciences, education, medicine and sports. Some of the applica-
tions of this design is listed below:

1. A psychologist may wish to investigate the effect of caffeine on memory reten-
tion over a period of time. To do so an experiment may be planned in which the
subjects may be tested for their memory power before experiment, after one and
two weeks of caffeine consumption. Further, after some time the same subjects
may be tested at these time points when they are under placebo treatment.

2. Aresearcher may be interested to see the impact of fat consumption and time of
the day on the performance in a comprehension test. A random sample drawn
from the population of interest may be tested for their performance in the com-
prehension test during morning, afternoon, and evening while being fed with
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Testing protocol
Factor 2: Time

| Initial | | 3 weeks | | 6 weeks | | 9 weeks |
St St St S1
S2 s2 S2 s2
S3 S3 S3 S3
Coffee sS4 sS4 sS4 S4
o S5 S5 S5 S5
< S6 S6 S6 S6
®
© Subjects
o St St St S1
S S2 s2 s2 s2
. s3 s3 S3 s3
Placebo o, sS4 sS4 sS4
S5 S5 S5 S5
S6 S6 S6 S6

Figure 5.2 Layout of the two-way repeated measures design when one of the factors is time.

no fat, medium fat, and high-fat diet. Thus, all the subjects in the sample are
tested for their performance in all the nine treatment conditions. The main inter-
est of the researcher in using two-way repeated measures design is to test the
interaction effect between fat and time of testing.

A market researcher may like to investigate the effect of time and season on
sale in grocery outlets of a company. Here, similar level of grocery outlets may
be randomly selected by the researcher and their sales figure may be recorded
in both the shifts (first half and second half of the day) in five different months
equally spread during the year. The shifts and the time are the two independent
variables whose effects may be investigated on the sales figure.

STEPS IN SOLVING TWO-WAY REPEATED MEASURES DESIGN

In two-way repeated measures design, a researcher’s interest is to study the effect of
two within-subjects factors simultaneously on some dependent variable. The main
focus of the investigator is to see whether interaction effect between two factors is
significant or not.

Following steps are used in solving the two-way repeated measures design:

1.

ok wn

Check normality assumption for the data in all treatment conditions by applying
the Shapiro—Wilk test in SPSS (for details refer to Chapter 3)

Describe layout of the design
Write research questions which need to be answered
Formulate hypotheses to be tested

Decide familywise level of significance () at which the hypothesis is required
to be tested
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6.

10.

11.

TWO-WAY REPEATED MEASURES DESIGN

Use SPSS commands to generate the following outputs
a. Mauchly’s test of sphericity
b. Descriptive statistics
c. F-table for testing within-subjects effects
d. Estimates of marginal means of independent variables if F' value for the inde-
pendent variables are significant
e. Pairwise comparison of marginal means of variables if F' value for the inde-
pendent variables are significant
f. Marginal mean plots of independent variables if F' values for the variables
are significant
g. Marginal mean plots for interaction if F value for the interaction is significant
If interaction is significant perform the following repeated measures ANOVAs
by using the same data file in SPSS to test the simple effects.
a. Repeated measures ANOVAs for testing the simple effect of the first factor
(within-subjects) and generate the following outputs:
i. Mauchly’s test of sphericity in different levels of the second factor
(within-subjects).
ii. F-table for testing significance of the first factor effect in each level of the
second factor.
iii. Pairwise comparisons of means in each level of the second factor.
b. Repeated measures ANOVAs for testing the simple effect of the second factor
(within-subjects) and generate the following outputs:
i. Mauchly’s test of sphericity in different levels of the first factor
(within-subjects).
ii. F-table for testing significance of the second factor effects in each level
of the first factor.
iii. Pairwise comparisons of means in each level of the first factor.
Test sphericity assumption for each factor and the interaction by means of
Mauchly’s test. If Mauchly’s test is significant (p < 0.05) for any effect, the
sphericity assumption is said to be violated and in that case apply correction in
the degrees of freedom for testing the significance of F value.
In case sphericity is violated for an effect, look for the value of epsilon
(e). If its value is less than 0.75, apply the Greenhouse—Geisser correction
otherwise apply the Huynh—Feldt correction and test the significance of F
value by looking to the p value attached with the F.
If F ratio is significant do the pairwise comparison among group means by
applying the Bonferroni correction.
Report the findings.

The procedure involved in solving this design shall be explained by means of the
below-mentioned illustration.
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ILLUSTRATION

An experiment was conducted to investigate the effect of environment and music on
the employee’s performance in a cottage industry of packaging. Six subjects were
randomly selected amongst those who were engaged in packaging job of matchbox.
The investigator created three environments (hot, humid, and cold) in a laboratory and
selected three types of music settings (Instrumental, Jazz, and No music) for the study.
Thus, there were nine treatment conditions (environment X music). All six subject’s
performance was tested under each of the nine treatment conditions and the number
of matchbox prepared in a day was recorded which is shown in the Table 5.1. Let us
see how two-way repeated measures ANOVA can be used to draw the inferences by
using the SPSS software.

Layout Design

In this illustration, the effect of environment and music is to be seen on the packaging
task. Since all six subjects were tested in all the nine treatment conditions (environ-
ment X music) both the independent variables, that is, environment and music are
within-subject factors. Thus, design in this illustration is a within—within design,
layout of which can be shown by Figure 5.3.

Table 5.1 Number of Match Box Prepared Per Hour in a Day

Environment
Hot Humid Cold
Music No music
20 16 27
18 17 24
22 16 26
16 19 17
18 20 26
20 22 23
Jazz
22 21 23
20 25 21
24 27 22
19 21 20
22 27 25
20 26 25
Instrumental
24 26 21
26 22 20
25 22 18
26 21 24
24 19 18

25 22 21
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Testing protocol

Factor 2: Environment

| Hot ][ Humid || Cold |

[ First testing S1 S5 S3

S2 S6 S4

No Music Second testing S3 S1 S5

S4 S2 Sé

L Third testing S5 S3 S1

S6 S4 S2

©

(%) [ First testing S5 S3 S1

2 S6 s4 s2
- Jazz Second testing S1 S5 S3 iect
. e S6 a4 Subjects

] L Third testing s3 St S5

w sS4 s2 S6

[ First testing S3 S1 S5

S4 S2 S6

Instrumental Second testing S5 S3 S1

S6 S4 S2

L Third testing S1 S5 S3

S2 S6 S4

Figure 5.3 Layout of the repeated measures design with two factors

In this design, all the subjects undergo each of the nine treatment conditions
but not in a particular sequence. It can be seen from the testing protocol shown in
Figure 5.3 that on the first day of testing two subjects, S1 and S2 are exposed to the
no music X hot, S3 and S4 to no music X cold and S5 and S6 to no music X humid
treatment conditions. This order has been randomized on the second and third day of
testing under different environment conditions when there is no background music.
Similarly, subjects have been randomized with background music of Jazz and Instru-
mental as well. The readers can randomize the allocation of treatment conditions
to the subjects in a different manner also. The only care one should take is that in
each of the nine treatment conditions all subjects should be exposed. The purpose of
randomizing the sequence is to done away the order effect in the performance of the
subjects due to specific order of testing. This method of randomizing the allocation
of treatments to the subjects is known as counterbalancing.

Distribution of Variation and Degrees of Freedom

To understand two-way repeated measure design, it is necessary to understand as to
how the total variability is distributed. Figure 5.4 shows the breakup of total vari-
ability into different components along with their associated degrees of freedom in a
within—within design. Here, r and c are the levels of the first and second independent
factors (within-subjects) and n is the number of subjects in the experiment. Since data
in Table 5.1 has been obtained in the experiment by using the within—within design
where all the n(= 6) subject’s performance was tested under all the rc(3 X3 =9)
treatment conditions, the total sum of squares (TSS) has been first partitioned into
two components: sum of squares between subjects (SSgpjecis) and sum of squares
within subjects (SSyinin_subjects)- It this design, the between subjects sum of squares
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Total ss| df=nre—1 || 53

I
v v

SSyyinin_subjects | N(re—r) | 48

(SSusic [ =1 ]2 ([ SSewormse | (=1)n=1)] 10 = cﬁ [(c-1)(n-1)] 10

o e

[ SSyusio-Envir |(r—1)(c—1 )] 4 [ SSerror wusio<Envir

SSgetween_subjects | 11 5

(—1)(c-1)(n-1) ] 20

Figure 5.4 Scheme of distributing total sum of squares and degrees of freedom in the
two-way repeated measures design

is separated from the total variation to eliminate the variation due to individual dif-
ferences thus resulting into lesser experimental error. The between sum of squares is
not partitioned further.

The within subjects sum of squares is further partitioned into six components:
Music sum of squares (SSyyuqic)» Within music sum of squares (SSg;ror Music)» EnVi-
ronment sum of squares (SSg,;.), Within environment sum of squares (SSg;or Envir)s
Music x Environment sum of squares (SSyjusicxtnyir) @d Within music X environment
sum of squares (SSg;;or MusicxEnvir)- L€ Music sum of squares is the variation among
the means of the » music groups averaged over all the levels of the Environment. The
sum of squares within music is the variation due to the joint effect of the Music and
subjects within group and is used as an error term to test the F ratio of Music. The
Environment sum of squares is the variation among the means of the ¢ environment
groups averaged over all the levels of the Music. The sum of squares within environ-
ment is the variation due to the joint effect of the Environment and subjects within
group and is used as an error term to test the F ratio of Environment. The sum of
squares due to Music X Environment is the variation due to the joint effect of music
and environment. The sum of squares within Music X Environment is the variation
due to the joint effect of music, environment, and subjects within groups and is used
as an error term to test the F ratio of Music X Environment interaction. Thus, the total
sum of squares in the two-way repeated measures design can be broken in different
components as shown in Figure 5.4.

Total SS = SSSubjects + SSWithin_Subjects

= SSSubjects + (SSMusic + SSError,Music) + (SSEnvir + SSError,Envir)

+ (SSMusichnvir + SSError_Musichnvir)

In this illustration of two-way repeated measures design, the total degrees
of freedom, that is, 53(= nrc — 1) has been partitioned into 5(= n — 1)df due to
variation between subjects and 48(= n(rc — 1))df due to variation within subjects.
Further, 48(= n(rc — 1))df of within-subjects variation has been partitioned into six
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components namely, 2(= r — 1)df for Music, 10[= (r — 1)(n — 1)]df for Error_Music,
2(= ¢ — 1)df for Envir, 10[= (¢ — 1)(n — 1)]df for Error_Envir, 4[= (r — 1)(= ¢ —
D]df for Music X Envir and 20[= (r — 1)(c — 1)(n — 1)]df for Error_Music X Envir.

Research Questions

The following three research questions need to be investigated in this illustration:

a. Whether background music affects worker’s performance..

b. Whether performance of workers is affected by the environment.

c. Whether interaction between background music and type of environment affects
worker’s performance. In other words, whether pattern of packaging perfor-
mance under three environmental conditions differs in each of the three back-
ground music. And similarly whether performance pattern of workers under
different background music differs in each environment condition.

Hypotheses Construction

To investigate the above-mentioned research questions following hypotheses shall be
tested:

a. Main effect of Music

Ho :/"No,Music = Mjazz = Minstrumental

against H,: At least one group mean differs
b. Main effect of Environment

H\* fyot = HHumia = Mcold

against H,: At least any one group mean differs

c. Interaction effect (Music X Environment)
H,: There is no interaction between Music and Environment
against
H,: The interaction between Music and Environment is significant

Testing the first two hypotheses shall answer the first two research questions (main
effects) mentioned above, whereas the third research question can be investigated by
testing the significance of the interaction effect. One should understand that testing
main effects becomes meaningful only when the interaction is not significant. If the F
ratio for the main effect is significant then it should be further investigated by using
the pairwise comparison of means only in a situation where the interaction effect
is not significant. If the interaction effect is significant, then the whole focus of the
experiment is to test the simple effects only. Simple effect refers to comparing pack-
aging performance of three music categories in each level of the environment and
comparing subject’s performance under three different types of environments in each
music category.
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Level of Significance

In this illustration, familywise error rate (a) shall be taken as 0.05. This is a
within—within design where both the factors are repeated measures. Since post hoc
test for the repeated measures design does not exist hence if the F value of any of the
factors, that is, Music or Environment is significant then the Bonferroni correction
shall be applied for correcting the level of significance. In repeated measures design,
no single error sum of squares is computed unlike independent measures design;
hence, simple effects need to be evaluated separately by applying three one-way
repeated measures ANOVA for each within-subjects variable. This will inflate the
familywise error rate (a). To compensate this, appropriate correction in the level of
significance would be made while testing the significance of F in testing the simple
effect.

Solving Repeated Measures Design with Two-Way ANOVA Using SPSS

The procedure involved in solving the two-way repeated measures design shall be
discussed by using the SPSS software. The first thing is to prepare a data file in SPSS.
In Variable View define all the following nine treatment combinations as variables.

NOM_Hot
NOM_Humid
NOM_Cold
Jz_Hot
Jz_Humid
JZ_Cold
Inst_Hot
Inst_ Humid
Inst_Cold

The data needs to be entered column-wise as shown in Figure 5.5. After preparing
the data file, follow the sequence of commands mentioned below to get the screen
shown in Figure 5.6 for defining independent and dependent variables.

Analyze — General Linear Model — Repeated Measures

Factor 1 is written in “Within-Subject Factor Name” section by default. Replace
this by the first independent variable Music and write the number of levels as 3 as
there are three levels (no music, jazz, and instrumental). Click on Add to enter this
information into the box. Write the name of second independent variable Environment
in the “Within-Subject Factor” section and write the number of levels as 3 because
Environment has also three levels (hot, humid, and cold). Click on Add to enter this
information into the box. In the “Measure Name” section type Packaging as a depen-
dent variable. Click on Add to enter this information into the box. Readers’ should
note that the first letter of the any variable should always be alphabet followed by any
letter or number. If name consists of two or more words, then they should be joined
by the underscore.
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vd Chapé.sav [DataSet1] - 5P°55 Data Editar

Ele Edt  Yew Data Jranaform  Analyze Graphs  Uiities  Addgna  Yndow  Help
CEHL E o0 LEEF A il EaE o

1 NOM_Hot 20
NOM_Hot | NOM_Humid| NOM_Cold | Jz_Hot Jz_Humid | JZ_Cold Inst_Hot | Inst_Humid | Inst_Cold |
16.00 27.00 2200 21.00 23.00 24,00 26,00 21.00
2 | 18.00 17.00 24.00 20,00 25,00 21.00 26.00 2200 20,00
3_ | 2200 16.00 26.00 2400 27.00 2200 2500 2200 18.00
AT 16.00 19.00 17.00 19.00 2100 20,00 2600 2100 2400
5 | 18.00 2000 26.00 2200 27.00 25,00 24.00 19.00 18.00
E_ 20.00 2200 23.00 2000 26.00 2500 2500 2200 21,00

Figure 5.5 Data format in the repeated measures design with two factors

v+ Repeated Measures Define Factor(s) @

Within-Subject Factor Mame:

I

Mumber of evels: E
o | [musiec

| Environment(3)

|Packaging|

m[ BEeset H Cancel ” HQE‘I

Figure 5.6 Screen showing options for defining independent and dependent variables

Clicking on the command Define in the screen shown in Figure 5.6 shall take you
to the screen as shown in Figure 5.7 for selecting levels of the Within-subjects factors.
Select all nine variables from the left panel and bring them into the “Within-Subjects
Variables” section of the screen in the right panel.

After selecting variables, option needs to be defined for generating various means
plot in the outputs of this design. Click on the Plots command to get the screen as
shown in Figure 5.8. Do the following:

a. Select the variable Environment from the “Factors” section and bring it to
the “Horizontal Axis” area for generating means plot of the main effect of
Environment on packaging. This plot is used to compare the main effect of
within-subjects factor (Environment) on packaging. Click on Add.

b. Select the variable Music from the “Factors” section and bring it to the “Hor-
izontal Axis” area for generating means plot of the main effect of Music on
packaging. This plot is used to compare the main effect of the within-subjects
factor (Music) on packaging. Click on Add.
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Figure 5.7 Screen showing option for selecting variables defining all treatment combinations

.2 Repeated Measures: Profile Plots

[_cotrue || concet || hen |

Figure 5.8 Screen showing option for means plot

c. For generating the means plot of interaction, bring the variables Environment
and Music from the “Factors” section to the “Separate Lines” and “Horizontal
Axis” sections, respectively. This plot is helpful in comparing simple effect of
music in each level of the environment. Click on Add to get the means plot in
the output.

d. Similarly for comparing the simple effects of environment in each level of the
music, bring the variables Music and Environment from the “Factors” section
to the “Separate Lines” and “Horizontal Axis” sections, respectively. Click on
Add and Continue.

This will take you back to the screen as shown in Figure 5.7. Click on Options
command to get the screen as shown in Figure 5.9 for selecting options to generate
all required outputs in the analysis.

Transfer the variables Environment, Music and Environment*Music from the “Fac-
tor(s) and Factor Interactions” section into the “Display Means for” section. This will
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Figure 5.9 Screen showing option for computing various outputs in the repeated measures
design with two factors

generate marginal means of Environment, Music, and means within each combination
of Environment X Music.

Check the option ‘Compare main effects’. Select ‘Bonferroni’ correction by click-
ing on the sign v mentioned on the “LSD(none)” tag. This will generate the output
for testing the main effects of within-subjects factors Environment and Music. Since
there is no post hoc test available for within-subjects factor, Bonferroni correction
is used to compensate the inflated type I error due to multiple comparison of group
means. Readers are advised to refer to Chapter 3 for detail discussion.

Check the option ‘Descriptive statistics’ for computing mean and standard devi-
ation of the data in each treatment condition. Ensure that the level of significance is
selected as 0.05. In fact, it is selected by default. Let all other options remain selected
as it is. Check the option ‘Estimates of effect size’. Click on Continue to get back
the screen shown in Figure 5.7. Click on OK to get the output.

SPSS Output and Interpretation

For analyzing this design, SPSS generates lots of output in the output window, but
only relevant outputs as mentioned below need to be selected for interpretation.

Mauchly’s test of sphericity (Table 5.2)

Descriptive statistics (Table 5.3)

F-table for testing within-subjects effects (Table 5.4)
Estimates of marginal means of Music (Table 5.5)

Pairwise comparison of marginal means of Music (Table 5.6)
Means plot of Music (Figure 5.10)

Means plot of Music X Environment (Figure 5.15)

e I ol

Means plot of Environment X Music (Figure 5.16)

The output in Table 5.4 is used to test the significance of main effects of
within-subjects factors: Environment, Music, and Interaction between Environment
XMusic. In case of significant interaction, investigating main effects becomes
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meaningless and in that case simple effects are investigated by using the same data
file in SPSS. The procedure has been discussed in the later part of this chapter.
Thus, in a situation where interaction is significant, following additional outputs are
generated to discuss simple effects of both within-subjects factors:

1. Repeated measures ANOVAs for testing the simple effect of Environment
(within-subjects)
a. Mauchly’s test of sphericity in different music categories (Table 5.7)

b. F-table for testing significance of Environment (within-subjects) effects in
each music category (Table 5.8)
c. Pairwise comparisons of means in each music category (Table 5.9)
2. Repeated measures ANOVAs for testing the simple effect of Music
(within-subjects)
a. Mauchly’s test of sphericity in different environment categories (Table 5.10)

b. F-table for testing significance of Music (within-subjects) effects in each
environment category (Table 5.11)

c. Pairwise comparisons of means in each environment category (Table 5.12)

Testing Assumptions

For using within—within design, certain assumptions need to be satisfied. Let us check
these assumptions for the data shown in the illustration first.

Table 5.2 Mauchly’s Test of Sphericity

Measure: Packaging

Epsilon

Within- Mauchly’s W Approx. df Sig. Greenhouse— Huynh— Lower-
Subjects Effect Chi- Square  (p value) Geisser Feldt bound
Music 0.196 6.527 2 0.038° 0.554 0.597  0.500
Environment 0.950 0.205 2 0.903 0.953 1.000  0.500
Music*Environment 0.069 9.157 9 0477 0.456 0.705  0.250
*Significant at 0.05 level.

Table 5.3 Descriptive Statistics

Mean SD N

NOM_Hot 19.0000 2.09762 6

NOM_Humid 18.3333 242212 6

NOM_Cold 23.8333 3.65605 6

Jz_Hot 21.1667 1.83485 6

Jz_Humid 24.5000 2.81069 6

JZ_Cold 22.6667 2.06559 6

Inst_Hot 25.0000 0.89443 6

Inst_Humid 22.0000 2.28035 6

Inst_Cold 20.3333 2.25093 6
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Data Type Since both the independent variables, that is, music and environment, are
categorical and dependent variable packaging performance is a metric variable, the
assumption about the data type holds true.

Independence of Measurement Since performance of each subject has been tested
independently and does not depend upon the performance of the other subjects, the
data can be considered to be independent to each other.

Normality To test normality of all nine data sets in different treatment conditions
the Shapiro—Wilk statistic has been shown in Table 5.13. This test has been com-
puted by using the SPSS. For details the readers are advised to refer to the Chapter 3.
Since none of the value of the Shapiro—Wilk statistic is significant (p > 0.05), the
assumption of normality holds true for all the nine data sets in different treatment
conditions.

Sphericity In within—within design sphericity assumption is required to be tested
in each within-subjects factor as well as interaction. This assumption refers to the
equal variances of the differences between all combinations of within-subjects
groups. Alternatively, correlations among the repeated measures are not supposed
to differ significantly. The sphericity assumption is tested by using the Mauchly’s
W test generated in the SPSS outputs. The sphericity assumption is not violated
if Mauchly’s statistic is nonsignificant. It can be seen from Table 5.2 that the
Mauchly’s W test is significant only in Music (p < 0.05), whereas it is nonsignificant
in Environment (p > 0.05) and Interaction both (p > 0.05). Thus, the assumption of
sphericity is violated only in Music factor but not in Environment and Interaction.

Correction for Sphericity Since in this illustration sphericity assumption has been
violated in Music factor, correction is required in its related degrees of freedom
whereas no correction is required for the factor Environment and Interaction. Since
Epsilon (g) value for Music is less than 0.75, the Greenhouse—Geisser correction shall
be used for testing the significance of F’ for Music. For detail discussion on sphericity
readers may refer to Chapters 2 and 3.

Descriptive Statistics

Table 5.3 indicates mean and standard deviation of each of the nine treatment groups.
This content can be used to compare the mean and standard deviation in each cell.
These means are used to prepare means plots for comparing main and simple effects.

Testing Main Effect of Music (Within-Subjects)

In this repeated measures design, there are two independent factors Environment and
Music whose effect needs to be investigated. Both these factors are repeated measures
or within-subjects. In this illustration, interaction effect is significant; hence, analyz-
ing the main effects is not required and the meaningful conclusions can be obtained
by analyzing the simple effects only. However, the main effect of Music has been
discussed in detail to show the procedure involved in it.
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Since sphericity assumption has been violated for Music factor, its F value will be
tested for its significance by applying the Greenhouse—Geisser correction. Table 5.4
shows that the F for Music is not significant (p = 0.102) because its associated p value
is more than 0.05. Thus, the null hypothesis that the average packaging performance
scores is same in all the three music groups irrespective of environment categories is
not rejected at 5% level. Since the main effect of Music is nonsignificant, no further
analysis is required. However, pairwise comparison among different music groups
irrespective of the environment has been shown in Table 5.6 in order to make the
procedure clear to the readers.

Pairwise Comparison of Marginal Means of Music Groups Since post hoc test
cannot be applied for the repeated measures design, no option for this test is shown
in SPSS for comparing the marginal group means of music. In case of repeated factor,
SPSS uses paired #-test for comparing each pair of the marginal group means. Due to
multiple comparisons the level of significance inflates and to compensate this error
option for Bonferroni correction (for detail see Chapter 2) has been used in SPSS
(Figure 5.9) while comparing. Table 5.6 generated in the SPSS output provides the
pairwise comparison of marginal means of different music groups.

Since F value for the Music is not significant, no conclusion should be drawn about
the difference of performance in three different environment groups.

Means Plot of Music Figure 5.10 shows the means plot of the marginal means of
music groups. This means plot has been generated by using the marginal means of
the environment group shown in Table 5.5. It can be noted from this figure that the
subjects performance was higher in Jazz group in comparison to that of No music
and Instrumental group irrespective of the environment. However, significance of the
difference in their performance cannot be established as the F ratio is not significant.

Testing Main Effect of Environment (Within-Subjects)

Table 5.4 shows that the F' value for Environment is not significant (p = 0.392); hence,
it may be concluded that the main effect of environment is not significant and the null
hypothesis may not be rejected at 5% level. Thus, it may be inferred that the packaging
performance of the subjects do not differ in three environment groups irrespective of
the music backgrounds. Since F for Environment is not significant, no further analysis
is required.

Testing Significance of Interaction (Environment X Music)

Table 5.4 reveals that the F value for the interaction (Environment X Music) is signif-
icant because the p value associated with the F' (Sphericity Assumed) is 0.000 which
is less than 0.05. Further, partial Eta Square for the interaction is 0.637 which is con-
sidered to be very high; hence, analyzing interaction will be meaningful in the study.
In other words, the null hypothesis of no interaction between environment and music
is rejected at 5% level. Since the sphericity assumption has not been violated for the
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Table 5.5 Estimates of Marginal Means of Music

Measure: Packaging

95% Confidence Interval

Environment Mean Std. Error Lower Bound Upper Bound
No Music 20.389 0.674 18.655 22.123
Jazz 22.778 0.724 20918 24.638
Instrumental 22.444 0.521 21.105 23.784

Table 5.6 Pairwise Comparison of Marginal Means of Music

109

Measure: Packaging

(I) Music (J) Music ~ Mean Difference Std. Error Sig*
(I-J) 95% CI for Difference®
Lower Bound Upper Bound
No Music  Jazz —2.389° 338 0.003 —3.583 —1.195
Instrumental —2.056 1.049 0.322 —5.761 1.650
Jazz No Music 2.389° 0.338  0.003 1.195 3.583
Instrumental 0.333 1.196  1.000 -3.892 4.559
Instrumental No Music 2.056 1.049  0.322 —1.650 5.761
Jazz —0.333 1.196  1.000 —4.559 3.892
Based on estimated marginal means
2Adjustment for multiple comparisons: Bonferroni.
YThe mean difference is significant at the 0.05 level.
Variable: Packaging Performance
o
g 23.0
g
8 225 A
k)
@ 22.0 -
I
9]
£ 215
<
=
S
S 21.0
1S
E 20.5 A
IS
S
% 20.0
L T T T
No Music Jazz Instrumental
Music

Figure 5.10 Marginal means plot of Music
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interaction(Environment * Music), no correction shall be made to the degrees of free-
dom and the p value against “Sphericity Assumed” row shall be considered for testing
the significance of F. Since interaction is significant, it is important to investigate the
simple effects of Environment as well as Music to have clearer picture.

Type I Error for Simple Effect In finding simple effect, three repeated measures
ANOVA tests shall be applied for each within-subjects variable (Environment and
Music). Thus, the level of significance (a) for testing the significance of F' for Envi-
ronment in each Music condition shall be 0.017(=0.05/3). Similarly in testing the
significance of Music in each Environment condition also the level of significance
(a) will be 0.017.

Simple Effect of Environment (Within-Subjects) Simple effect of Environment
can be investigated by comparing the packaging scores of all the three environment
groups in each music category separately. In other words, the null hypothesis of no
difference between the packaging scores in all the three environment groups needs
to be tested separately in each music category. To do so three separate one-way
repeated measures ANOVA needs to be applied.

Using the same data file as shown in Figure 5.5, follow the sequence of commands
mentioned below to get the screen shown in Figure 5.11 for defining independent and
dependent variables.

Analyze — General Linear Model — Repeated Measures

Factor 1 is written in “Within-Subject Factor Name” section by default. Replace this
by the first independent variable Environment_NoMusic and enter the number of lev-
els as 3 as there are three levels (hot, humid, and cold). This option will facilitate the
comparison of the packaging performance of the three environment groups when no
background music is provided to all the subjects. Click on Add to enter this infor-
mation into the box. In the “Measure Name” section, type Packaging as a dependent
variable. Click on Add to enter this information into the box. Clicking on the com-
mand Define will take you to the screen shown in Figure 5.12 for selecting levels of
the within-subjects factor environment.

Select the following three variables from the left panel and bring them to the
“Within-Subjects Variables” section of the screen in the right panel.

NOM_Hot
NOM_Humid
NOM_Cold

After selecting these variables, option needs to be defined for generating means
plot of environment in no music group. Click on the Plots command to get the screen
as shown in Figure 5.13. Select the factor Environment_NoMusic from the “Factors”
section and bring it to the “Horizontal Axis” area for generating means plot. This plot
is used to compare the simple effect of Environment on packaging in no music group.
Click on Add and Continue.
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This will take you back to the screen as shown in Figure 5.12. Click on Options
command to get the screen as shown in Figure 5.14 for selecting options to generate
all required outputs in one-way repeated measures ANOVA.

Bring the factor Environment_NoMusic from the “Factor(s) and Factor Interac-
tions” section into the “Display Means for” section. This will generate means of
different levels of Environment in no music group.

Check the option ‘Compare mean effects’. Select the Bonferroni correction by
clicking on the sign v mentioned on the “LSD(none)” tag. This will generate the
output for testing the simple effect of Environment (within-subjects) in no music
group.

Check the option ‘Descriptive statistics’ for computing mean and standard devi-
ation of the data in each treatment condition. Ensure that the level of significance is
selected as 0.05. In fact, it is selected by default. Let all other options remain as it
is. Check the option ‘Estimates of effect size” Click on Continue to get back to the
screen shown in Figure 5.12. Click on OK to get the outputs shown in Tables 5.7—5.9.

Remark The outputs in investigating the simple effect of Environment sepa-
rately in Jazz and Instrumental music groups can be obtained by following the
above-mentioned procedure.

1. For comparing the effect of environment in Jazz group define the factor name
as Environment Jazz in Figure 5.11 and select the following three variables in
the screen shown in Figure 5.12.

Jz_Hot
Jz_Humid
Jz_Cold

2. Similarly for comparing the effect of environment in Instrumental group define
the factor name as Environment_Inst in the screen shown in Figure 5.11 and
select the following three variables in the screen shown in Figure 5.12
Inst_Hot
Inst_Humid
Inst_Cold

By combining outputs for all three repeated measures ANOVA for investigating
the simple effects of Environment in each of three music group, Tables 5.7-5.9 can
be obtained.

Testing Sphericity Assumption Table 5.7 shows that the sphericity is not significant
for the data in any of the three music group; hence, the sphericity assumption is not
violated in any of the three music groups. Since the assumption is not violated, the
significance of F for comparing the packaging performance of three environment
groups in each music category shall be tested by using the p values mentioned in
front of the “Sphericity Assumed” row in Table 5.8.

Testing Significance of F Values In this factorial design due to repeated measures
single error variance could not be calculated for testing each simple effect; hence,
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Table 5.7 Mauchly’s Test of Sphericity in Different Music Categories

Measure: Packaging

Epsilon
Music Within-  Mauchly’s Approx. df Sig. Greenhouse— Huynh— Lower-
Subjects w Chi-Square  (p value)  Geisser Feldt bound
Effect
No Music  Environment  0.483 2914 2 0.233 0.659 0.802 0.500
Jazz Environment  0.988 0.049 2 00976 0.988 1.000 0.500
Instrumental Environment  0.850 0.650 2 0.723 0.870 1.000 0.500
222 Repeated Measures Define Factor(s) El
Within-Subject Factor Name’
Mumber of Levels: | g ] ]
| il | Envlro‘nmm;vl_l\.lc;l.v.!usic:(.g).
T
| |
Measure Mame: B
[ ]
| scicl | [Packaging
| chenge |
| Rem |
I Drefine _I l BEeseat ] | Cancel J | Helg ]

Figure 5.11 Screen showing options for defining independent and dependent variables

three separate one-way repeated measures ANOVA have been applied. Due to multi-
ple ANOVA the familywise error rate 0.05 will be inflated approximately three times
hence for testing the significance of F' value for each repeated measures ANOVA the
level of significance would be taken as 0.017(=0.05/3). A simple rule is to divide
the familywise error rate («) by the number of one-way repeated measures ANOVA
applied.

Table 5.8 shows that the F values for the Environment in No music group
(»p=0.013) and Instrumental group (p =0.003) are significant because both these p
values are less than 0.017. However, the F value for Jazz group (p =0.025) is not
significance because its p value is more than 0.017. Readers kindly note that the
significance of these F values have been tested by comparing its associated p value
with that of 0.017 but will be reported as significant at 5% level only.

Pairwise Comparisons of Means of Environment Groups in Each Music Group Since
F value is significant for the No music and Instrumental groups, the pairwise compar-
isons shall be investigated for these two groups only. From Table 5.9, it can be seen
that there is a significant difference in the packaging performance of the subjects
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Figure 5.12 Screen showing option for selecting three levels of environment in no music
group
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Figure 5.13 Screen showing option for means plot of Environment in no music group
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Figure 5.14 Screen showing option for computing various outputs in one-way repeated mea-
sures ANOVA
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Figure 5.15 Marginal means plot of Music X Environment
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Figure 5.16 Marginal means plot of Environment X Music

while working in the hot and cold environments (p <0.017) when there is no
background music. Similarly with the instrumental music in the background also
there is significant difference between the performance of the subjects in the
hot and cold environment (p <0.017). On the other hand, when Jazz music is in
the background the performance of the subjects does not differ in all the three
environments.

Marginal Means Plots (Music X Environment) Results of Table 5.9 and the marginal
means shown in Table 5.3 can be used to show the means plots of different envi-
ronment groups in each music category as shown in Figure 5.15. This means plot
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provides clear picture of the analysis. This plot indicates that the packaging perfor-
mance of the subjects is significantly higher in the cold environment in comparison
to that of hot and humid environments when there is no background music. However,
this trend is reversed, when the back ground music is instrumental, the performance
is better in hot climate in comparison to that of the cold climate.

Simple Effect of Music (Within-Subjects) By using the procedure discussed above
in generating the outputs for the simple effect of Environment the outputs for the three
one-way repeated measures ANOVA for investigating the simple effects of Music can
be obtained in SPSS. By combining the outputs for all the three repeated measures
ANOVA, Tables 5.10-5.12 have been obtained.

Remark

1. For comparing the effect of Music in Hot environment, define factor name as
Music_Hot in Figure 5.11 and select the following three variables in the screen
shown in Figure 5.12.

Hot_NoMusic
Hot_Jz
Hot_Inst

2. Similarly for comparing the effect of Music in Humid environment, define factor
name as Music_Humid in Figure 5.11 and select the following three variables
in the screen shown in Figure 5.12.

Humid_NoMusic
Humid_Jz
Humid_Inst

3. Similarly for comparing the effect of Music in Cold environment, define factor
name as Music_Cold in Figure 5.11 and select the following three variables in
the screen shown in Figure 5.12.

Cold_NoMusic
Cold_Jz
Cold_Inst

Testing Sphericity Assumption Table 5.10 shows that the sphericity is not signifi-
cant for the data of music groups in any of the three environment group; hence, the
sphericity assumption is not violated in any environment group. The significance of F
for comparing the packaging performance among the music groups in each environ-
ment group shall be tested by using the p value mentioned in front of the “Sphericity
Assumed” row in Table 5.11.

Testing Significance of F Values Table 5.11 shows that the F values for the Music
in hot environment (p = 0.000) and in humid environment (p =0.011) are significant
because their associated p values are less than 0.017. The F value for the Music is
not significant in cold climate.
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Table 5.9 Pairwise Comparisons of Means in Each Music Category

Measure: Packaging

95% CI for Difference®
@D ) Mean Std. Sig* Lower Upper
Environment Environment Difference Error Bound Bound
a-I
No Music
Hot Humid 0.667 1.498 1.000 —4.628 5.961
Cold —4.833° 1.078 0.019 —8.642 —1.025
Humid Hot -0.667 1.498 1.000 -5.961 4.628
Cold -5.500 2.078 0.137 —12.843 1.843
Cold Hot 4.833° 1.078 0.019 1.025 8.642
Humid 5.500 2.078 0.137 —1.843 12.843
Jazz
Hot Humid —3.333 1.054 0.075 —7.059 0.392
Cold —1.500 0.957 0.534 —4.884 1.884
Humid Hot 3.333 1.054 0.075 —0.392 7.059
Cold 1.833 1.014 0.391 —1.750 5.416
Cold Hot 1.500 0.957 0.534 —1.884 4.884
Humid —1.833 1.014 0.391 —5.416 1.750
Instrumental
Hot Humid 3.000 1.065 0.112 —0.762 6.762
Cold 4.667° 0.803 0.006 1.830 7.504
Humid Hot —3.000 1.065 0.112 —6.762 0.762
Cold 1.667 1.145 0.616 —2.380 5.713
Cold Hot —4.667° .803 0.006 —7.504 -1.830
Humid —1.667 1.145 0.616 -5.713 2.380
Based on estimated marginal means
4 Adjustment for multiple comparisons: Bonferroni.
>The mean difference is significant at the 0.017 level.
Table 5.10 Mauchly’s Test of Sphericity® in Different Music
Measure: Packaging
Epsilon®
Environment Within Mauchly’s W Approx. df Sig. Greenhouse— Huynh— Lower-
Subjects Chi-Square  (p value)  Geisser Feldt bound
Effect
Hot Music 0.585 2.148 2 0.342 0.706 0.903  0.500
Humid Music 0.858 0.614 2 0.736 0.875 1.000  0.500

Cold Music 0.439 3296 2 0.192 0.640 0.764  0.500
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Table 5.12 Pairwise Comparisons of Means in Each Environment

Measure: Packaging

95% ClI for Difference®
(I) Music (J) Music Mean Difference Std. Error Sig® Lower Bound Upper Bound

(I-))

Hot

No music Jazz -2.167 0.543 0.031 —4.084 -0.249
Instrumental —6.000° 1.065 0.007 -9.762 -2.238

Jazz No music 2.167 0.543  0.031 0.249 4.084
Instrumental -3.833 1.014 0.039 -7.416 -0.250

Instrumental No music 6.000° 1.065  0.007 2.238 9.762
Jazz 3.833 1.014  0.039 0.250 7.416

Humid

No music Jazz —6.167 1.302  0.015 -10.767 —1.566
Instrumental -3.667 1.687 0.245 -9.627 2.294

Jazz No music 6.167 1.302  0.015 1.566 10.767
Instrumental 2.500 1.839 0.697 —4.001 9.001

Instrumental No music 3.667 1.687 0.245 -2.294 9.627
Jazz -2.500 1.839  0.697 —9.001 4.001

Based on estimated marginal means
2Adjustment for multiple comparisons: Bonferroni.
YThe mean difference is significant at the 0.017 level.

Table 5.13 Test of Normality

Treatment groups Shapiro—Wilk df Sig.
statistic

NOM_Hot 0.960 6 0.820
NOM_Humid 0.907 6 0.415
NOM_Cold 0.830 6 0.108
Jz_Hot 0.928 6 0.566
Jz_Humid 0.803 6 0.062
JZ_Cold 0.918 6 0.493
Inst_Hot 0.853 6 0.167
Inst_ Humid 0.879 6 0.266
Inst_Cold 0.905 6 0.404

Pairwise Comparison of Means of Music Groups in Each Environment Group Since
F value for Music is significant in hot as well as in humid environments, the pair-
wise comparisons of means shall be investigated in these two groups only. Table 5.12
reveals that there is a significant difference in the packaging performance of the sub-
jects in the no music and instrumental music groups (p < 0.017) while working in the
hot climate. Similarly packaging performance differs significantly in the no music
and Jazz groups (p < 0.017) while working in humid climate.
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Marginal Means Plots (Environment X Music) By combining the results of the post
hoc test shown in Table 5.12 and the marginal means shown in Table 5.3 the marginal
means plots of different music groups in each environment category can be obtained
as shown in Figure 5.16. However, this output is generated by the SPSS during main
analysis. This means plot gives clear picture of the analysis.

This plot indicates that the packaging performance of the subjects is significantly
higher with the instrumental music in the background in comparison to that of when
there is no music while working in the hot environment. However, this trend is not
observed when the subjects work in humid and cold environment. While working
in the humid environment subject’s packaging performance is significantly higher
with the Jazz music in the background in comparison to that when there is no music.
However, no significant difference in the performance has been observed in all the
three music groups when the subjects work in the cold environment.

How to Report the Findings

In this illustration, two-way repeated measures design was used to investigate the
main effects of Music, Environment, and the interaction between them. The hypothe-
ses were tested at the significance level of 0.05.

Assumptions In order to test the suitability of the design its required assumptions
were tested which are reported as follows:

e Since both the independent variables (music and environment) were categori-
cal and dependent variable (packaging performance) was a metric variable, the
assumption about the data type was not violated.

e Since subject’s performance was tested independently with each other, the
assumptions of independence also was not violated.

e Since the Shapiro—Wilk statistic was not significant in each of the nine group
of scores, the assumption of normality was not violated (Table 5.13).

e Mauchly’s W test was significant in Music and the estimated value of Epsilon (g)
was less than 0.75; hence, the Greenhouse—Geisser correction was applied to
the degrees of freedom while testing the significance of F for music. However,
Mauchly’s W test was nonsignificant for Environment and Interaction; hence,
no correction was applied for testing the significance of these effects (Table 5.4).

Testing Main Effects

e Since F value for Music (Greenhouse—Geisser) and Environment (Sphericity
Assumed) was nonsignificant, the null hypothesis that the average packaging
performance is same in all the three music groups irrespective of environment
categories was not rejected at 5% level. Similarly, the performance of the sub-
jects did not differ in all the three environment groups irrespective of the music
background (Table 5.4).
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Testing Simple Effects

e Since F value for the interaction (Environment X Music) was significant, the
simple effects of music as well as environment were further investigated.

e Since sphericity assumption was not violated for the data in each of the three
music group for comparing performance among different environment groups,
no correction was applied (Table 5.7). The F value for Environment in No music
(p=0.013) as well as in Instrumental (p = 0.003) groups was significant; hence,
the null hypothesis of no difference in mean packaging scores among the three
environment groups in No music group as well as in instrumental group was
rejected at 5% level (Table 5.8). The pairwise comparisons of means suggested
the following:

e The subject’s performance improved in cold environment in comparison to that
of the hot and humid environments when there was no music in the background.

e When instrumental music was there in the background, the subject’s perfor-
mance increased in hot environment significantly in comparison to that of the
cold environment.

e When Jazz music was used in the background, no difference was observed in
the performance of subjects in different environmental groups.

e Since sphericity assumption was not violated for the data in each of the three
environment groups for comparing performance among different music groups,
no correction was applied (Table 5.10). The value of F' for Music was signifi-
cant in Hot climate(p = 0.000) as well as in Humid climate(p =0.011); hence,
the null hypothesis of no difference in mean packaging scores among the three
music groups was rejected at 5% level in hot as well as in humid environment
category (Table 5.11). The pairwise comparison of means suggested the follow-
ing:

e In hot environment, the performance of the workers increased if instrumental
music was provided in the background in comparison to when there was no
music or Jazz music.

e In humid environment, performance of the workers was significantly higher
when Jazz music was there in the background instead of no music.

e In cold environment, no difference was observed in all the three different types
of music intervention.

Inference

On the basis of the sample observations, it may be concluded that if no background
music was provided to the workers their performance increased in the cold environ-
ment in comparison to hot and humid environments. But this trend was reversed if the
background music was instrumental where hot climate was more productive. Further,
while working in hot environment, instrumental music enhanced the performance of
the workers in comparison to that when no music was allowed. However, while work-
ing in the humid environment performance of the workers was enhanced with the Jazz
music in the background.
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EXERCISE

5.1. Explain all assumptions used in two-way repeated measures design. What hap-
pens if these assumptions are violated? As a researcher what would you do if
normality assumption is violated and there is no way to rectify it in your study?

5.2. A two-way repeated measures design was organized to investigate the effect of
coffee drinking on the power of concentration over a period of time. Five sub-
jects were tested for their concentration power before the experiment, after one
and two weeks of the coffee consumption. After considerable period of time
the same subjects were tested at these time points while being under placebo
treatment. Describe layout design in the study.

5.3. While solving two-way repeated measures design with SPSS what steps are
followed? What are the outputs that need to be generated?

5.4. In atwo-way repeated measures design if factors A and B have three and four
levels, respectively, whereas six subjects in the sample have been tested under
all A x B treatment conditions, how the total sum of squares shall be dis-
tributed into different components along with degrees of freedom. Show it by
a schematic diagram.

5.5. What do you mean by main and simple effects? Explain by means of an
example. Which effect is more important to investigate and why in a factorial
experiment.

ASSIGNMENT

5.1. A nutritionist wanted to investigate the effect of green tea and time duration
on the weight loss of housewives. He organized a two-way repeated measures
design in which 5 housewives participated. The three treatments T1(green tea
with 1800 calorie diet), T2(green tea with 2000 calorie diet), and T3(placebo)
were given to these subjects in a randomized fashion. Each subject received
all three treatments for 4 weeks and was tested for their weight before starting
treatment and after two and four weeks during treatment. Sufficient time gap
was given between any two treatments so as to done away the effect of previous
treatment and bring back nearly the same weight of the participants. The data
so obtained are shown in the Table 5.14. Apply two-way repeated measures
design and do the following:

a. Show different components of the total sum of squares along with their
respective degrees of freedom in this repeated measures design.

b. Construct various hypotheses which need to be tested.
c. Discuss your findings by taking family wise error rate as 0.05.

5.2. A study was organized by a psychologist to see the effect of beverages and
time of testing on reaction time. Five male subjects were randomly selected
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Table 5.14 Data on Weight (in kg) Obtained on the Housewives Under
Different Treatment Conditions

Time
Zeroth week Two weeks Four weeks
Green tea+ 1800C (T1) 60 56 54
65 60 59
62 57 56
67 62 60
59 56 55
Green tea + 2000 (T2) 60 58 54
65 64 61
62 60 57
67 66 64
60 59 55
Placebo (T3) 61 60 61
65 64 64
62 62 61
67 66 67
59 59 59

Table 5.15 Data on reaction time (in msec) obtained on
subjects under different treatment conditions

Time of Testing

Morning Afternoon Evening
Coffee

250 225 210
280 250 260
290 240 250
270 245 250
280 265 250
Tea

200 235 215
180 225 195
170 210 200
180 225 195
190 210 200
Placebo

215 225 200
200 220 190
210 220 205
220 235 205
205 215 195

123
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for the study. Each subject was tested for his reaction time after consuming
coffee, tea, and placebo drinks in the morning, afternoon and evening sessions.
Counterbalancing was done to nullify the order effect. The data so obtained are
shown in Table 5.15. Apply two-way repeated measures design to test the main
and simple effect. Discuss your findings by drawing the means plot.
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TWO-WAY MIXED DESIGN

INTRODUCTION

Two-way mixed design is used to analyze the effect of two independent factors on
some dependent variable in a situation where one of the factors is a between-subjects
and the other is a within-subjects. Different treatments of within-subject factor are
randomly assigned to all the subjects in each level of the between-subjects factor. In
this design treatments are assigned by using randomization and repeated measures
concept. Two-way mixed design is also known as split plot design. The purpose of
using this design is to test the differences between two or more independent groups,
while subjects are repeatedly measured on some dependent variable in each level of
the within-subjects factor.

In two-way mixed design subjects in each level of the between-subjects factor
are tested repeatedly under each treatment conditions of the within-subjects factor.
Consider an experiment in which it is desired to compare the effect of different
time of the day on the memory retention among boys and girls. Here, gender is
a between-subjects factor having two levels (male and female) and the time is a
within-subjects factor having three levels (morning, afternoon, and evening). In this
experiment subjects would be tested for their memory retention in all the three treat-
ment conditions (morning, afternoon, and evening). Here researcher is basically inter-
ested in three types of hypotheses; firstly, whether memory retention performance dif-
fers in three time periods irrespective of the gender; secondly, whether memory reten-
tion performance differs among boys and girls irrespective of the time of testing; and
thirdly, whether interaction effect between gender and time of testing is significant.

Repeated Measures Design for Empirical Researchers, First Edition. J. P. Verma.
© 2016 John Wiley & Sons, Inc. Published 2016 by John Wiley & Sons, Inc.
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If interaction exists it simply means that the pattern of memory retention during dif-
ferent time periods of the day differs in male and female. The effect of time and that
of gender are known as main effects, whereas effect of time in each gender and that
of effect of gender in each time condition are known as simple effects. The simple
effects are investigated only when the interaction is significant. The main effects are
meaningful only when the interaction is not significant. In this design order effect is
an issue which is tackled by counterbalancing. Counterbalancing is done by dividing
the subjects and exposing them in different treatment conditions randomly. Readers
will understand it better by looking to the design format of the illustration discussed
in this chapter.

In two-factor mixed design it is not necessary that different levels of the
within-subjects factor are different treatments; it may be different durations as well.
For instance, to compare the effect of three different types of diet plan on the bone
density, an experiment may be carried out in which three groups of subjects may
be kept on different diet plans for four months. In each diet group subjects may
be tested initially, after two and four months. Here the levels of within-subjects
factor are different time durations instead of different treatments. In this case there
is no issue of order effect, hence no point of counterbalancing, because the effect in
each diet group is cumulative. But then this is what the objective of the experiment
is where one wishes to investigate the pattern of increase in the bone density in
different durations in each of the three diet groups.

A particular case of the two-way mixed design is a pre-post-control design. This
is a powerful design which is commonly used by researchers. In this design subjects
in the sample is divided into two groups. The two groups are formed by randomly
allocating treatments to the subjects. One group serves as experimental, whereas the
other acts as control. The researcher is basically interested in the experimental group,
whereas the control group is taken as base line. In experimental group all subjects are
exposed to the treatment and are given a pre-test and post-test. On the other hand, in
control group the subjects are pre-tested and post-tested by giving placebo treatment.
The placebo is a fake treatment which has nothing to do with the experiment but is
given to the subjects in the control group in order to make them feel that they are also
a part of experiment. Another purpose of giving placebo treatment to the subjects is to
ensure that they do not come to know whether they are under experimental or control
group. This is done to reduce the bias and maintain seriousness in the experiment by
the participants. Consider an experiment in which we are interested in examining the
effect of a new herb solution on the hemoglobin contents. We may identify similar
level of anemic subjects and randomly divide them into two groups. First group of
subjects may be given the new herb for a certain period of time say twelve weeks,
whereas the second group may serve as a control and be given a placebo for the
same period of experimentation. In this case the treatment (herb and placebo) is a
between-subjects factor and the time (pre and post) is a within-subjects factor. Since
this pre-post control design is a specific case of the mixed design, it may be solved
by using the two-factor mixed ANOVA, but a better way to solve this design would
be to use the analysis of covariance.



ASSUMPTIONS 127
ADVANTAGE OF TWO-WAY MIXED DESIGN

One of the main advantages of the two-way mixed design is that it allows investigat-
ing interaction effect between within-subjects and between-subjects factors. In this
design between-subjects factor can be considered as a covariate. This design is effi-
cient in comparison to that of single factor repeated measures design because part
of the within-subjects factor variability is explained by the between-subjects factor,
thereby reducing the error substantially. Due to reduction of within-subjects error,
the two-way mixed design is very sensitive in detecting even the slightest varia-
tion in the levels of within-subjects factor. In repeated measures design post-hoc test
for comparison of mean is not possible, but in mixed design due to the presence
of between-subjects factor post-hoc test can be applied for pair-wise comparison of
means among the levels of between-subjects factor.

ASSUMPTIONS

In order to use this design following assumptions should be tested. If one or more of
these assumptions are not satisfied, the type I error inflates in testing various hypothe-
ses in the study.

a. Assumption on the data type. The two independent variables (between-subjects
and within-subjects) must be categorical and should have at least two categories,
whereas the dependent variable should be measured on either interval or ratio
scale.

b. Assumption of normality. Distribution of the data obtained on dependent vari-
able must be normally distributed in each cell. For example in the 2 X 3 mixed
design the data must be normally distributed in all six cells.

c. Independence of observations. Participant’s response must be independent to
each other.

d. Homogeneity of variance. The error variance of the dependent variable is equal
across the levels of between-subjects factor in each level of the within-subjects
factor. For instance, in 2 X 3 mixed design the variances of the data in both the
levels of the between-subjects factor should be same in each of the three levels
of the within-subjects factor. This can be tested by using the Levene’s test in
SPSS.

e. Sample size. The sample size in each cell should be preferably 20 or more. This
enhances the power in the design and protects the violation of the two assump-
tions; normality and homogeneity of variances.

f. Sphericity. The variances of the differences between all combinations of
within-subjects factor must be equal. In other words, correlations among
the repeated measures are all equal. The sphericity assumption is tested by
Mauchly’s test and if this test is significant the sphericity assumption is said
to be violated. In that case Greenhouse—Geisser or Huynh—Feldt correction is
normally used depending upon the severity of the sphericity violation.
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g. Homogeneity of variance—covariance matrices. The pattern of inter-correlations
among the various levels of the within-subjects factor should be similar in differ-
ent levels of the between-subjects factor. In other words, variance—covariance
matrices of the dependent variable should be equal across the cells in all levels
of the between-subjects factor. This assumption is tested by using the Box’s
M test in SPSS. This statistic is very sensitive, hence it is suggested that the
level of significance should be used as 0.001 for testing the significance of
this test. Thus, for homogeneity of variance—covariance matrices the Box’s M
test should be non-significant. In other words, homogeneity exists if p value is
greater than 0.001. By testing this assumption, one ensures that the vector of
the dependent variable follows a multivariate normal distribution.

APPLICATION

Two-way mixed design has many applications in different disciplines. Some of the
applications are listed below:

1. A human resource manager may investigate the effect of three different inter-
vention of training (onsite, offsite, and mix of these two) on learning skills for
their employees. It has been observed that the women employees generally don’t
prefer outstation training, hence to investigate this fact also the investigator may
take gender as a between factor. Here intention of the investigator is to compare
the learning skills in three different modes of training as well as between male
and female subjects. Simultaneously investigator may test the significance of
interaction effect between training modes and gender as well. If researcher’s
interest is only to compare the effectiveness of three different modes of train-
ing, then in that case gender may be considered as a covariate and treated as a
blocking variable.

2. A psychologist may like to investigate the effect of three different cognitive
therapies on the stress level. He can do so by taking gender as between-subjects
factor and levels of the cognitive therapy as a treatment factor (within-subjects
factor). In this case the researcher’s interest is to compare the effect of different
cognitive therapies only, whereas gender variable has been introduced to reduce
the experimental error. Since the analysis also provides the value of F for the
gender, the stress levels of the male and female can be compared across the
treatment levels as well.

3. An educational psychologist may like to investigate the effect of learning
methods (traditional, audio-visual, and self learning) and IQ (high and low)
on memory retention. In traditional learning group subjects may be asked to
recall as many objects as they can and write them on the blackboard within a
fixed time. In audio-visual group objects may be shown to the subjects through
audio-visual aid and then may be asked to recall. However, in self-learning
method the subjects may be given the number of objects to see them physically
and then recall. To address the research issues the educational psychologist
may plan a two-way mixed design by randomly selecting the subjects in the
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high and low IQ groups. Here IQ is a between-subjects factor, whereas learning
method is a within-subjects factor because all the subjects in each of the two IQ
groups are repeatedly tested in all the three treatment conditions (traditional,
audio-visual, and self learning).

4. A basketball coach may wish to investigate the effect of shooting distance (3, 4
and 5 m) and gender on shooting performance in basketball. Here distance is a
within-subjects and gender is a between-subjects factor, respectively.

5. A nutritionist may be interested to compare the effect of three diet programmes
on weight reduction in a six-week experiment. Since nutritional requirement
depends upon the activity level of the subjects, activity level may be considered
as a covariate. The subjects may be classified in different blocks of active,
semi-active, and sedentary subjects and then in these blocks the treatments
(three different types of diets) may be randomly allocated. Further, it may be of
interest to the researcher to find the optimum duration in which the significant
reduction of weight can be achieved. To fulfill these objectives a two-way
mixed design can be planned. In each diet group subjects may be tested for
their weight initially, after two and four weeks during observing the diet plans.
Here diet is a between-subjects factor, whereas the time is a within-subjects
factor.

LAYOUT DESIGN

In mixed design one of the factors is between-subjects, whereas the other is a
within-subjects. Layout of the mixed design depends upon whether levels of the
within-subjects factor are different treatment conditions or time periods. The layout
of the mixed design in these two situations has been discussed in the following
sections.

Case I: When Levels of the Within-Subjects Factor are Different Treatments

In this mixed design all subjects in each level of between-subjects factor are tested
under each treatment of within-subjects factor. One must ensure that there is no
learning effect due to testing in the earlier treatment(s). To ensure this there should
be sufficient time gap between implementing any two treatments. The other issue in
such studies is that of the order effect. Testing all subjects under different treatments
in a specific sequence may affect the subject’s performance due to learning or
fatigue. This effect is known as order effect. The order effect is tackled by using
counterbalancing in the design. This is done by dividing the sample into ¢ groups
in each level of between-subjects factor, where c is the number of levels of the
within-subjects factor. Let us suppose that within-subjects factor has three levels,
then the first group will undergo the first treatment condition thereafter second
and then the third, whereas the second group may undergo the second treatment
condition first and then the first and later the third in the sequence. Similarly
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Testing protocol
Factor 2: Environment

| Cold | | Hot | | Controlled |
First phase St S3 S5
testing s2 s4 S6
Second phase S5 St S3
Male testing S6 s2 sS4
5]
2 Third phase S3 S5 S1
8 testing s4 S6 s2
= Subjects
:8: ::irst? phase s7 s9 S11
® esting s8 s10 s12
Second phase S11 s7 sS9
Female ;
testing s12 s8 s10
Third phase S9 S11 s7
testing S10 sS12 S8

Figure 6.1 Layout of the mixed design with two-factors where levels of the within-subjects
factor are the three treatments

the order of the third group may be the third treatment condition first then the second
and thereafter the first. The same protocol is followed by the subjects in each level
of the between-subjects factor.

Consider an experiment in which it is desired to investigate the effect of three dif-
ferent environmental conditions (cold, hot, and controlled) on mood behavior of the
subjects (male and female). Here gender is between-subjects factor, whereas envi-
ronment is within-subjects. If sample consists of six male and six female subjects,
layout of the mixed design can be shown by the Figure 6.1. As per the protocol in
the first phase of testing the subjects S1 and S2 will undergo mood test under cold
climate, the subjects S3 and S4 will be tested under hot climate, and the subjects
S5 and S6 will get tested under the controlled climate. Similarly the testing proto-
col for the subjects during second and third phase of testing has been shown in the
Figure 6.1.

Case II: When Levels of the Within-Subjects Factor are Different Time
Durations

In this layout all subjects in each level of the between-subjects factor are repeatedly
tested at different time points during treatment. Here performance of subjects in
particular time duration is affected due to the cumulative learning effect in the
earlier durations, but that’s what the objective of the study is. In such studies a
researcher is interested to know the behavior of subjects due to treatment over a
period of time. Consider an exercise therapy programme in which the participants
(male and female both) are tested for their weight before experiment, after 2 weeks,
4 weeks, and 6 weeks during treatment intervention. If the sample consists of five
male and five female subjects, the layout of this mixed design can be shown by the
Figure 6.2.
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Testing protocol
Factor 2: Time

| Initial | | 2 weeks | | 4 weeks | | 6 weeks |
S S1 S1 S1
S2 S2 S2 S2
Male S3 S3 S3 S3
8 S4 sS4 sS4 S4
5 s5 S5 S5 s5
(0] )
= Subjects
I S6 S6 S6 S6
8 s7 s7 s7 s7
Female S8 S8 S8 S8
S9 S9 S9 S9
S10 S10 S10 S10

Figure 6.2 Layout of the mixed design with two factors where levels of the within-subjects
factor are the time durations

STEPS IN SOLVING MIXED DESIGN WITH TWO-WAY ANOVA

In mixed design a researcher is interested to investigate the effect of within-subjects
and between-subjects factors on some dependent variable. Simultaneously an inter-
action effect between both the factors is also investigated. Here comparison among
the levels of within-subjects factor is done by using the concept of repeated measures
design, whereas the comparison among the levels of the between-subjects factor is
done by using the independent measures design. This is so because the same subjects
are tested in all the levels of the within-subjects factor, whereas different subjects are
tested in each level of the between-subjects factor. Following steps are used in solving
a mixed factor design:

1. Test the assumption of normality for the scores obtained on dependent variable
in different treatments for each level of the between-subjects factor as discussed
in Chapter 3.

Describe the layout of design

Write research questions which need to be answered

Construct hypotheses to be tested

Decide family-wise error rate (a) at which the hypotheses need to be tested

AN

Use SPSS commands to generate the following outputs

. Descriptive statistics including mean and standard deviation

. Box’s test for homogeneity of variance—covariance matrices

. Mauchly’s test of Sphericity including estimated value of epsilon(e)

. Table of F values for testing within-subjects effects and interaction effect
. Levene’s test of equality of variances

s I = N e T o

Table of F for testing between-subjects effects
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g. If F for within-subjects effect is significant, select pair-wise comparison table
using Bonferroni correction.

h. If F for between-subjects effect is significant, select pair-wise comparison
table using Tukey HSD post-hoc test.

i. Means plot for each factor (A and B)
j- Means plot for interaction (A X B)
k. Means plot for interaction (B X A)

7. Test the assumption of homogeneity of variance—covariance matrices by Box’s
M test.
8. Test sphericity assumption
9. If sphericity is significant apply correction (Greenhouse—Geisser or
Huynh-Feldt) and test the significance of F value for within-subjects
factor and interaction at the corrected degrees of freedom, otherwise use the
p-value for testing the significance of F by assuming sphericity.
10. If F value for the within-subjects effect is significant, apply paired r-test for
pair-wise comparisons among group means by applying Bonferroni correction.
11. If F-ratio for the between-subjects effect is significant, apply Tukey post-hoc
test for comparing group means.
12. If Interaction effect is significant, test simple effects of between-subjects as well
as within-subjects factor.

13. Report the findings.

The procedure involved in solving the mixed design shall be explained by means
of the below-mentioned illustration.

ILLUSTRATION

A market analyst wanted to investigate the effect of age and movie types on the
audience enjoyment. A research study was planned in which eighteen subjects were
randomly selected, six each from the teens, mid age, and old age categories. All these
eighteen subjects were shown all the three selected blockbuster movies in the experi-
ment by using counterbalancing technique. Out of the three movies selected the first
was based on romantic, the second on social theme, and the third was an action thriller.
After viewing each movie the subjects were asked to rate the enjoyment on a ten point
scale. The value 1 indicated the worst movie ever seen, creating headache and not rec-
ommending to anyone, whereas the score 10 indicated the best movie for enjoyment
which provided an ultimate pleasure to the audience. Enjoyment scores of the subjects
so obtained are shown in the Table 6.1

Layout Design

In this study effect of age and movie is to be seen on enjoyment. Since age is a
between-subject factor and movie is a within-subject, the study may be planned using
mixed design layout which can be shown by the Figure 6.3.
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Table 6.1 Score on Enjoyment Reported by the Subjects after Watching Movies

Subject Movie
Romantic Social Action
Age Teens 1 65 50 57
2 65 56 62
3 59 46 53
4 67 50 54
5 66 52 60
6 62 51 63
Mid age 7 65 62 48
8 60 67 53
9 57 52 44
10 61 55 43
11 62 64 46
12 62 65 47
Old age 13 61 67 50
14 58 62 52
15 62 68 46
16 60 66 48
17 55 65 53
18 60 72 56
Testing protocol
Factor 2: Movie
Romantic I I Social I I Action
[ First testing S1 S3 S5
S2 S4 S6
Teens Second testing S5 S1 S3
S6 S2 S4
L Third testing S8 S5 S1
sS4 S6 s2
% [ First testing s7 S9 S
< S8 S10 S12
'._,_' Mid Age | Second testing S11 s7 s9 Subjects
S s12 S8 s10
E L Third testing S9 S11 s7
S10 S12 S8
[ First testing S13 S15 S17
S14 S16 s18
OldAge | Second testing S17 S13 sS15
S18 S14 S16
L Third testing S15 S17 S13
S16 S18 S14

Figure 6.3 Layout of the mixed design in the illustration
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If you look into the design in Figure 6.3, all subjects in each age category undergo
all the treatment conditions but not in sequence. For instance, the subjects S1 and S2
are first exposed to the movie on romantic, then social, and thereafter the action. On
the other hand, the subjects S3 and S4 are first exposed to the movie on social theme,
then on action, and thereafter on romantic. This counterbalancing has been done in
order to avoid the order effect on the subject’s response.

Distribution of Variation and Degrees of Freedom

Let’s see how the total variation in this mixed design is distributed in different
components. If you look into the data of the Table 6.1, the total variability (SS) is
because of the variation between subjects (SSgypjects) @and variation within subjects
(SSwithin_subjects)- Further variation between subjects is because of the variation
due to age factor (SS,,.) and variation between subjects within each age category
(SSEror_age)- On the other hand, variation within subjects is because of three com-
ponents, that is, variation due to Movie factor (SSy;,y;.), variation due to interaction
between Age and Movie (SS g » Movie)> @nd variation due to interaction of movie X
subjects within-subjects in all the levels of factor Age (SSgiror Movie)-

In this illustration Age is a between-subjects factor and Movie is a within-subjects
and therefore the distribution of total variation in this mixed design shall be as
follows:

Total SS = SSSubjects + SSWithing Subjects

= (SSAge + SSError,Age) + (SSMovie + SSAge x Movie T SSError,Movie)

where
r = number of levels of Movie factor (within-subjects) = 3
= number of levels of Age factor (between-subjects) = 3
= number of subjects in each of the r levels of Age factor =6
and
SSAge = sum of squares between 3 levels of Age factor
SSError_Age = Error Between = pooled sum of squares
between subjects within each level of the
factor Age
SSMovie = sum of squares between 3 levels of factor Movie
SS Age x Movie = sum of squares due to the interaction of factors
Age and Movie
SSError Movie = Error Within = pooled sum of squares due to

interaction of movie X subjects
within-subjects in all the levels of factor Age
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Total SS| df =nrc —1 53

[SSBetweenfsubjects | df=nr —1 ] 17 [SSWithinfsubjects df= nr(c -1 ) ] 36

"

[SsAge ] [ SsError,Age] [SSMovie ] [ SSage « Movie ] [ SSeror_Movie ]
r—1=2 r(n—1)=15 c—1=2 (r-1)(c—1)=4 r(n—1)(c—1)=30

Figure 6.4 Scheme of distributing total sum of squares and degrees of freedom in the mixed
design

In this illustration of mixed design the total degrees of freedom, that is nrc—1(=
53), have been partitioned into nr — 1(= 17) df due to variation between subjects
and nr(c — 1)(= 36) df due to variation within subjects. Further, nr — 1(= 17)df due
to variation between subjects is partitioned into r — 1(= 2) df for Age and r(n —
1)(= 15) df for Error_Age (variation among subjects within each age category). On
the other hand, nr(c — 1)(= 36) df of within subjects variation has been partitioned
into ¢ — 1(= 2) df for Movie, (r — 1)(c — 1)(= 4) df for Age X Movie, and r(n —
1)(c — 1)(= 30) df for Error_Movie (variation due to interaction of movie X subjects
within-subjects in all the levels of factor Age). The distribution of Total SS into differ-
ent components along with their degrees of freedom has been shown graphically in the
Figure 6.4.

Research Questions

In this illustration the researcher is basically interested to investigate the
below-mentioned three research questions. Out of these the research questions
‘a” and ‘b’ can be investigated through the main effects, whereas ‘c’ may be
investigated by analyzing simple effects.

a. Whether enjoyment in watching movie depends upon the age of the subjects.

b. Whether enjoyment in watching movie depends upon the type of movie seen by
the subject.

c. Whether interaction between age and movie type affects the enjoyment in
watching movie. In other words, whether the pattern of response on enjoyment
in watching different types of movies differs in different age categories. And
similarly whether the response pattern on enjoyment in different age categories
differs in each movie category.
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Hypothesis Construction

To investigate the above-mentioned research questions following hypotheses shall be
tested:

a. Main effect of Movie

HO * MRomantic = MSocial = MAction

against H, : At least one group mean differs

b. Main effect of Age

HO * HMTeens = IuMid_age = ”Old_age

against  H, : At least one group mean differs

c. Interaction effect (Age X Movie)

H, : There is no interaction between Age and Movie

against  H; : The interaction between Age and Movie is significant

Testing first two hypotheses shall investigate the first two research questions (main
effects) mentioned above, whereas the third research question can be answered by
testing the hypothesis on the interaction effect. Kindly note that testing of two main
effects shall be meaningful only if the interaction effect is non-significant. In case the
interaction effect is significant, testing these main effects becomes meaningless. In
that case, simple effects are investigated. Simple effect refers to comparing enjoyment
scores of three age categories in each level of the movie and comparing subject’s
response on three different types of movies in each age category.

Level of Significance

The family-wise error rate (@) in this illustration shall be taken as 0.05. This is a
mixed design; hence if the value of F for between-subjects factor is significant, the
pair-wise comparison of group means among different levels of between-subjects
factor shall be done by using the post-hoc test as is done in case of independent mea-
sures design. Since post-hoc test for the repeated measures does not exist, if the F
value for the within-subjects factor (Movie) is significant, a Bonferroni correction
shall be applied for correcting the level of significance. In the mixed design no single
error sum of squares is computed unlike independent measures design; hence if the
interaction effect is significant, simple effects of both the factors (within-subjects as
well as between-subjects) shall be evaluated by applying three one-way repeated mea-
sures ANOVA for within-subjects factor and three independent measures ANOVA for
between-subjects factor. Thus, the significance of F for Age in each type of movie
shall be tested at 0.017 (= 0.05/3) level. Similarly in testing the effect of Movie in
each age category, significance of F will be tested at the significance level 0.017.
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Solving Mixed Design with Two-Way ANOVA using SPSS

Solution of this Mixed Design with two-way ANOVA shall be discussed by using
the SPSS software. To use this software a data file needs to be prepared. Since the
procedure for preparing data file has already been explained in Chapter 3, it will not
be discussed here. First time users of SPSS are advised to go through the Chapter 3
before following the procedure discussed here. After preparing data file, follow the
sequence of commands mentioned below as shown in the Figure 6.5.

After clicking on Repeated Measures Design command, the screen shown in
Figure 6.6 shall be obtained for defining independent and dependent variables. By
default the “Within-Subject Factor Name” is written as factor 1. Replace this by
Movie, the independent variable in this illustration. Type the number of levels as 3
as there are three different levels of the movie on which the data has been obtained.
Click on Add. Type the name of dependent variable in the “Measure Name™ area as
Enjoyment. Click on Add. You will get the screens as shown in Figures 6.6 and 6.7
before and after clicking on the Add command, respectively.

Click on the command Define in the screen shown in Figure 6.7 for getting the
screen for getting the option for selecting levels of the Within-subjects factor as shown
in Figure 6.8. Select three within-subjects variables (romantic movie, social movie,

Analyze —» General Linear Model —» Repeated Measures

Job Mimed design.sav [BataSetl ] - SIPSS Data Editor

B 3.00 d Gy contron .

s e [Batnbnt 1] $ITS5 Data daliinr.
ER e Dmm  Dreeien  Areens G
o G B ek ALl s

oleiv oo klulu-

Siz3le

Figure 6.6 Screen showing options for defining dependent and independent variables and its
levels
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2 Repeated Measures Define Factor(s) El

Wilthin-Subject Factor Name:

Number of Levels:

hovie(3)

| oetre || Reset || cancel || Hew |

Figure 6.7 Screen showing options for adding independent and dependent variables for
analysis

2t Repoaled Moasures

Yithin-Subjects Variables | wﬂu} J
| [Romarnticrt Enjoyment) L Cuu"ﬂm
| x * _i +* | [Socisl( 2 Enpoyment ) l = J
A ction( 3 Enjoyment) ofs...
| Post Hoe
| -« J [ save.
| ostens... |

ween-Subjects Factor(sx
Age [Age)

Covariates:

+ |

o3[ eeste [ meest ][ concer J[ newe ]

Figure 6.8 Screen showing option for selecting within-subjects (movie) and
between-subjects variables (Age)

and action movie) from the left panel and bring them in the “Within-Subjects Vari-
ables” section by clicking on the arrow key. Similarly bring between-subjects factor
‘Age’ into “Between-Subjects Factor(s)” section.

Click on Options command in Figure 6.8 to open the Repeated Measures Options
sub-dialogue box as shown in Figure 6.9. In this screen transfer the factors Age,
Movie, and Age X Movie from the “Factor(s) and Factor Interactions” section in the
left panel to the “Display Means for” section in the right panel by using arrow button.
This will generate marginal means of Movie and means for the data in each cell.

Check the option ‘Compare main effects’ and select ‘Bonferroni’ option in the
“Confidence Interval adjustment” dialogue box. This will generate outputs for testing
the main effects of within-subjects factor (Movie). There is no post-hoc test available
for within-subjects factor; hence Bonferroni correction is required to be selected to
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Figure 6.9 Screen showing options for comparing main effect for within-subjects factor
(Movie) and other statistics
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Figure 6.10 Screen showing option for post-hoc test for the between-subjects factor (Age)

compensate the inflated type I error due to multiple comparisons. For detail discussion
on this correction, readers are advised to refer to Chapter 3.

Check ‘Descriptive statistics’, ‘Estimates of effect size’, and ‘Homogeneity tests’
options in the “Display” area for generating various outputs related to descriptive
statistics, efficiency, and homogeneity condition. Click on Continue to get back to
the screen shown in Figure 6.8.

Click on Post-hoc option in the screen shown in Figure 6.8 for testing the main
effect of between-subjects factor (Age). Transfer the variable Age from the “Fac-
tor(s)” section to the “Post-hoc Tests” section in the screen as shown in Figure 6.10.
Select ‘“Tukey’ as an option for post-hoc test. This is the most appropriate option
for the post-hoc test if the assumptions are satisfied. Click on Continue for further
options. This will take you back to the screen shown in Figure 6.8.

In Figure 6.8 click on Plots command for generating different means plots. Do the
following:
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2 Repeated Measures: Profile Plots ﬁl
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Figure 6.11 Screen showing option for means plots

Transfer the variable Age from the “Factors” section to the “Horizontal Axis”
area for generating means plot to compare the main effect of between-subjects
factor (Age) on enjoyment. Click on Add.

Transfer the variables Movie from the “Factors” section to the “Horizontal Axis”
area for generating means plot to compare the main effect of within-subjects
factor (Movie) on enjoyment. Click on Add.

Transfer variables Age and Movie from the “Factors” section to the “Separate
Lines” and “Horizontal Axis” areas, respectively, for generating means plots in
order to compare the simple effects of between-subjects factor (Age) in each
level of the within-subjects factor (Movie). Click on Add.

Transfer variables Movie and Age from the “Factors” section to the “Separate
Lines” and “Horizontal Axis” areas, respectively, for generating means plots in
order to compare the simple effects of within-subjects factor (Movie) in each
level of the between-subjects factor (Age). Click on Add (Figure 6.11).

After selecting the above-mentioned options for the means plots click on
Continue. This will take you back to the screen shown in Figure 6.8. Click on OK
for generating outputs in this design.

SPSS Outputs and Interpretation

In mixed design analysis SPSS generates lots of output in the output window, but
only few outputs as mentioned below need to be selected for interpretation.

ok =

Box’s test for homogeneity of variance—covariance matrices (Table 6.3)
Levene’s test for equality of error variances (Table 6.4)

Mauchly’s Test of sphericity (Table 6.5)

Descriptive statistics (Table 6.6)

F-Table for testing significance of Movie (within-subjects) effects and Inter-
action effect (Movie X Age) (Table 6.7)

Pair-wise comparison of marginal means of Movie (within-subjects)
(Table 6.8)
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7. F-table for testing significance of Age (between-subjects) effects (Table 6.9)
8. Pair-wise comparison of marginal means of Age (between-subjects)
(Table 6.10)
9. Marginal means plot of Movie (Figure 6.12)
10. Marginal means plot of Age (Figure 6.13)
11. Marginal means plot of Age X Movie (Figure 6.17)
12. Marginal means plot of Movie X Age (Figure 6.21)

The output in Table 6.7 is used to test the main effect of within-subjects factor
(Movie) and the interaction between Movie X Age, whereas the output in Table 6.9
facilitates us to test the main effect of between-subjects factor (Age). If the inter-
action effect is significant, investigating main effects becomes meaningless and in
that case simple effects are investigated by using the same data file in SPSS. The
procedure shall be discussed in detail in the later part of this chapter. Thus, in case
interaction effect is significant, following additional outputs are generated to discuss
simple effects of within-subjects and between-subjects factors:

13. Repeated measures ANOVA'’s for testing simple effect of Movie (within-
subjects)
a. Mauchly’s test of sphericity in different age categories (Table 6.11)
b. F-Table for testing significance of Movie (within-subjects) effect in each age
category (Table 6.12)
c. Pair-wise comparisons of means in each Age category (Table 6.13)
14. Independent measures ANOVA’s for testing the simple effect of Age
(between-subjects)
d. Levene’s test for equality of variances. (Table 6.14)
e. F-Table for testing significance of Age (between-subjects) effect in each
movie category (Table 6.15)
f. Pair-wise comparisons of means in each Movie category (Table 6.16)

Testing Assumptions

Before analyzing the findings let us first check the assumptions required for using the
mixed design.

Assumption of Normality This assumption can be tested for the data on enjoyment
in each of the nine cells with the help of SPSS by using the procedure described
earlier in the Chapter 3. The normality is tested by means of Shapiro—Wilk statistic.
For the data to be normal, the Shapiro—Wilk statistic should not be significant, that
is, p value should be >0.05. Since this statistic is not significant in any of the nine
cells as shown in the Table 6.2, the assumption of normality is not violated.
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Table 6.2 Test of Normality

Shapiro—Wilk Statistic df Sig. (p-Value)

Teens Romantic 0.893 6 0.332

Social 0.949 6 0.729

Action 0.920 6 0.509
Mid age Romantic 0.964 6 0.847

Social 0.892 6 0.327

Action 0.929 6 0.574
Old age Romantic 0.911 6 0.443

Social 0.979 6 0.946

Action 0.990 6 0.988

Table 6.3 Box’s Test for Equality of

Covariance Matrices

Box’s M 9.453

F 0.552

df1 12

df2 1.090E3

Sig. (p-value) 0.881

Tests the null hypothesis that the observed covariance
matrices of the dependent variables are equal across
groups.

Homogeneity of Variance Covariance Matrices One of the assumptions of the
mixed design is that the pattern of inter-correlations among the various levels of the
within-subjects factor should be similar in different levels of the between-subjects
factor. This assumption holds true if the Box’s M test is non-significant. It can be
seen in the Table 6.3 that the Box’s M test is non-significant; hence the assumption
of homogeneity of variance—covariance matrices holds true. Since this assumption
is very sensitive in nature, the level of significance for Box’s M test should be taken
as 0.001. In other words, you can consider this test to be non-significant only if the
p value is equal or more than 0.001.

Homogeneity of Variance This assumption is required to be tested because the
mixed design consists of between-subjects factor also. This is an assumption of
the independent measures ANOVA. SPSS uses Levene’s test for this assumption.
Since Levene’s statistic for each level of the within-subjects factor (Movie) is
non-significant (p > 0.05) as shown in the Table 6.4, the homogeneity of variance
assumption has not been violated.

Sphericity Assumption The sphericity assumption is required to be tested in mixed
design because it has a within-subjects factor. In SPSS sphericity assumption is
tested by means of Mauchly’s W test. For sphericity assumption to be true, the
Mauchly’s test should be non-significant. Table 6.5 shows that the Mauchly’s W test
is non-significant (p > 0.05), hence the sphericity assumption is not violated.
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Table 6.4 Levene’s Test for Equality of Error Variances

Levene Statistic dfl df2 Sig. (p-Value)
Romantic 0.188 2 15 0.830
Social 2.532 2 15 0.113
Action 0.422 2 15 0.663

Table 6.5 Mauchly’s Test of Sphericity

Measure: Enjoyment

Within Mauchly’s W Approx. df Sig.
Subjects Effect Chi-Square (p-Value) Epsilon
Greenhouse— Huynh— Lower-
Geisser Feldt bound
Movie 0.888 1.663 2 0435 0.899 1.000  0.500
Table 6.6 Descriptive Statistics
Age Category Mean SD N
Romantic movie Teens 64.0000 2.96648 6
Mid_age 61.1667 2.63944 6
Old_age 59.3333 2.50333 6
Total 61.5000 3.22217 18
Social movie Teens 50.8333 3.25064 6
Mid_age 60.8333 5.98052 6
Old_age 66.6667 3.32666 6
Total 59.4444 7.88313 18
Action movie Teens 58.1667 4.16733 6
Mid_age 46.8333 3.54495 6
Old_age 50.8333 3.60093 6
Total 51.9444 5.99482 18

Since sphericity assumption is not violated, no correction is required and the sig-
nificance value of p associated with the F for the ‘Sphericity Assumed’ case men-
tioned in the Table 6.7 (p = 0.000) shall be reported in the findings.

Descriptive Statistics

Table 6.6 refers to the descriptive statistics of the enjoyment scores of the subjects
in each age category tested in all the movie conditions. These results can be used
to compare the mean and standard deviation in each cell. These means are used to
prepare means plots for comparing main and simple effects.
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Table 6.7 F-Table for Testing Significance of Movie (Within-Subjects) Effects

Measure:Enjoyment

Source Type df Mean F Sig. Partial Eta
1SS Square (p-Value) Squared
Movie SphericityAssumed  910.704 2 455.352 54.545  0.000 0.784
Greenhouse—Geisser  910.704  1.799  506.360 54.545  0.000 0.784
Huynh-Feldt 910.704  2.000 455.352 54.545  0.000 0.784
Lower-bound 910.704  1.000 910.704 54.545  0.000 0.784

Movie* Age  Sphericity Assumed 1168.185 4 292.046 34.983  0.000 0.823
Greenhouse—Geisser 1168.185  3.597 324761 34.983  0.000 0.823
Huynh-Feldt 1168.185 4.000 292.046 34.983  0.000 0.823
Lower-bound 1168.185 2.000 584.093 34.983  0.000 0.823
Error (Movie) Sphericity Assumed — 250.444 30 8.348
Greenhouse—Geisser  250.444  26.978  9.283
Huynh-Feldt 250.444 30.000  8.348
Lower-bound 250.444  15.000 16.696

Bold face indicates that the effect is significant at 5% level.

Testing Main Effect of Movie (within-Subjects)

In this factorial design there are two independent factors, Movie and Age, whose
effects need to be investigated. Here the Movie is a within-subjects factor and Age
is a between-subjects factor. In this illustration interaction effect is significant, hence
analyzing the main effects becomes meaningless. However, these analyses have been
shown for explaining the procedure involved in it.

Since sphericity assumption has not been violated, the F value for Movie and
its corresponding significance value (p-value) mentioned in front of the ‘Sphericity
Assumed’ in Table 6.7 shall be considered for the interpretation. Since p-value cor-
responding to F' for Movie is less than 0.05 and partial eta square is 0.784, the main
effect of Movie (within subjects) is meaningful and significant at 5% level and null
hypothesis that the average enjoyment scores is same in all the three movie groups
irrespective of age categories is rejected. Since the main effect of Movie is signif-
icant, pair-wise comparison among different movie groups irrespective of the Age
shall be done.

Pair-Wise Comparison of Marginal Means of Movie Groups Since post-hoc test
cannot be used in repeated measures design, no option is available in SPSS for
post-hoc analysis for the within-subjects variable (Movie). SPSS uses paired t tests
to compare group means of within-subjects factor. Due to multiple comparisons,
the family-wise error rate (@) inflates and to compensate this error Bonferroni
Correction (for detail see Chapter 2) was used while comparing (Figure 6.9). SPSS
uses Bonferroni correction for each comparison of paired group means and provides
p-value for testing the significance of mean difference as shown in Table 6.8.

It can be seen from the Table 6.8 that there is a significant difference between the
enjoyment scores of Romantic and Action movie groups as well as between social and
action movie groups because the p value associated with these differences is 0.000
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Table 6.8 Pair-Wise Comparison of Marginal Means of Movie Irrespective of Age

Measure: Enjoyment

Mean Difference 95% CI for Difference®
Movie (I) Movie (J) (I-J) Std. Error  Sig.* (p-value) Lower Bound Upper Bound

Romantic social 2.056 0.898 0.111 -0.362 4.473
Action 9.556* 1.112 0.000 6.561 12.550
Social Romantic —2.056 0.898 0.111 —4.473 0.362
Action 7.500% 0.861 0.000 5.181 9.819
Action Romantic —9.556%* 1.112 0.000 —-12.550 —6.561
Social —7.500% 0.861 0.000 -9.819 —5.181

Based on estimated marginal means

2Adjustment for multiple comparisons: Bonferroni.

*The mean difference is significant at the 0.05 level.

Bold face indicates that the effect is significant at 5% level.

which is less than 0.05. Pair-wise comparison of marginal means has been shown
graphically in Figure 6.12 by using the information listed in the Tables 6.6 and 6.8.

Means Plot of Movie Figure 6.12 shows the means plot of the movie groups. It can
be noted from this figure that the subjects enjoyed romantic as well as social movies
more than action movies, irrespective of their age categories. Watching romantic and
social movies was equally enjoyable, whereas action movie was least enjoyed by the
subjects.

Testing Main Effect of Age (between-Subjects)

In this illustration Age is a between-subjects factor; hence the assumption of equal-
ity of variance covariance matrix in each of the age category needs to be satisfied.

62 -

60

58

56

54

52

Estimated marginal means of enjoyment

50

Romantic Social Action

Figure 6.12 Marginal means plot of Movie
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This assumption was tested by means of the Box’s M test shown in Table 6.3. Since
Box’s M test is not significant, hence this assumptions holds and the F value can be
computed for testing the significance of the between-subjects effect (Age).

Table 6.9 shows that the F value for the between-subjects factor, Age, is not sig-
nificant as its corresponding p value is 0.294 which is more than 0.05. Thus, the null
hypothesis of no difference of mean enjoyment scores among different age categories
irrespective of the movie is not rejected on the basis of the observed sample. Since
F is not significant, no post-hoc test is required in this case. However, to make the
readers understand about the procedure involved in post-hoc test, this analysis has
been shown along with means plot.

Pair-Wise Comparison of Marginal Means of Age Groups The readers may use
the Tukey HSD post-hoc test for the pair-wise comparison among different groups
of between-subjects factor. Since F' value for the Age is not significant, none of the
group mean difference as shown in the Table 6.10 is significant.

Means Plot of Age Figure 6.13 is a means plot of the age groups obtained in the
SPSS output. It clearly indicates that none of the p-values are significant (p > 0.05),
hence enjoyment levels among the three different age groups do not differ irrespective
of the movie type.

Table 6.9 F-table for testing significance of Age (between-subjects) effects

Measure:MEASURE _1
Transformed Variable:Average

Source Type I df Mean Square F Sig. (p-Value) Partial Eta Squared

Intercept 179343.407 1 179343.407 7.447E3 0.000 0.998
Age 64.037 2 32.019 1.330 0.294 0.151
Error 361.222 15 24.081

Table 6.10 Pair-wise Comparison of Marginal Means of Age

Measure: Enjoyment

Tukey HSD

Mean Difference 95% CI for Difference

Age (I) Age(J) (I —J) Std.Error Sig" Lower Bound Upper Bound

Teens Mid_Age 1.3889 1.63576 0.679 —2.8600 5.6377
Old_Age -1.2778 1.63576 0.720 —5.5266 29711

Mid_Age Teens —1.3889 1.63576 0.679 —5.6377 2.8600
Old_Age —-2.6667 1.63576 0.264 —6.9155 1.5822

Old_Age Teens 1.2778 1.63576 0.720 -2.9711 5.5266
Mid_Age 2.6667 1.63576 0.264 —1.5822 6.9155

* Significant at 5% level.
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Figure 6.13 Marginal means plot of Age

Testing Significance of Interaction (Movie X Age)

Table 6.7 indicates that the F value for the interaction (Movie*Age) is significant and
meaningful because the p value associated with the F' (Sphericity Assumed) is 0.000,
which is less than even 0.05 and partial eta square is 0.823 which is considered to
be very high. In other words, the null hypothesis of no interaction between movie
and age is rejected at 5% level. Since sphericity assumption has not been violated, no
correction has been made to the degrees of freedom and the p value against ‘Sphericity
Assumed’ row has been considered for testing the significance of F value. Since the
interaction is significant, it is important to investigate the simple effects of Movie as
well as Age.

Simple Effect of Movie (within-Subjects) To find the simple effect of Movie, we
shall compare the enjoyment scores of all the three movie groups in each age category
separately. In other words, the null hypothesis of no difference between the enjoyment
scores in all the three movie groups shall be tested separately in each age category.
To do so three separate one-way repeated measures ANOVA need to be applied. This
can be done by splitting the data file in SPSS by using the following sequence of

commands:
Data =——p Split File

After clicking on the Split File option the screen shown in Figure 6.14 shall be
obtained. Choose the radio button ‘Organize output by groups’ and bring the vari-
able Age category from left panel into the area marked with “Grouped based on” in
the right panel. Ensure that the radio button ‘Sort the file by grouping variables’ is
selected. This option is in fact selected by default. Click on OK to get the data file
splitted as per the age category. The SPSS will show the following message in the
output dialogue box:

SORT CASES BY Age.
SPLIT FILE SEPARATE BY Age

Go back to the data file and follow the commands for repeated measures designs
as narrated while referring to Figures 6.6 to 6.7. After following the commands for
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Figure 6.15 Screen showing option for selecting within-subjects variables

one-way repeated measures ANOVA (define within-subject factor name as Movie
with 3 levels and measure name as Enjoyment), you will get the screen as shown in
Figure 6.15 to select the repeated measures variables. Select all the three variables
namely, Romantic, Social, and Action and drag them into the “Within-Subjects Vari-
ables” area on the right side of the screen. Click on OK to get the screen as shown in
Figure 6.16.

In the screen shown in Figure 6.16, transfer the variable Movie from the left panel
to the “Display Means for” section in the right side of the screen. Check the
option ‘Compare main effects’ and select ‘Bonferroni’ correction as shown in the
screen. Further, select the options for ‘Descriptive statistics’, ‘Estimates of effect
size’ to generate the relevant findings in investigating the simple effects. Click on
Continue to generate the outputs as shown in Tables 6.11-6.13. The SPSS outputs
for all the three levels of the Movie (within-subjects) have been combined in these
tables.

Since different levels of the Movie are within-subjects factors; hence before
comparing the effect of different movie in each age category, it is necessary to
test the assumption of sphericity. Table 6.11 shows that the sphericity assump-
tion is not violated in all the three age categories as none of the p-value is less
than 0.05.
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Figure 6.16 Screen showing option for pair-wise comparison of group means using Bonfer-
roni correction

Table 6.11 Mauchly’s test of sphericity®in different age categories

Measure: Enjoyment

Age Within ~ Mauchly’s W Approx. df  Sig.
Category  Subjects Chi-Square (p-value)
Effect Epsilon®

Greenhouse— Huynh— Lower-
Geisser Feldt bound

Teens Movie 0.392 3.746 2 0.154 0.622 0.727 0.500

Mid Age  Movie 0.843 0.684 2 0.710 0.864 1.000 0.500

Old Age  Movie 0.635 1.814 2 0.404 0.733 0.961 0.500

Tests the null hypothesis that the error covariance matrix of the orthonormalized transformed dependent
variables is proportional to an identity matrix.

4Design: Intercept + Age

YMay be used to adjust the degrees of freedom for the averaged tests of significance. Corrected tests are
displayed in the Tests of Within-Subjects Effects table.

Within Subjects Design: Movie

Since sphericity assumption has not been violated, the value of F and its associated
significance value (p) for ‘Sphericity Assumed’ case would be considered for inter-
preting the findings in all three age categories. Table 6.12 shows that the F values for
Movie in Teens, Mid-Age, and Old-Age are significant as their associated p values are
less than 0.017. Thus, the null hypothesis of no difference in mean enjoyment scores
among the three movie groups is rejected in each age category. Since the effect of
Movie is significant in each age category, it is important to do the pair-wise compar-
ison of means among three levels of movie in each age category which is shown in
Table 6.13.

Pair-wise Comparison of Means in Each Age Category Pair-wise comparison of
means among three levels of movie in each age category has been shown in Table 6.13.
Depending upon the level of significance set by the researcher, the mean difference
can be tested for its significance by looking to its associated p-value. Since in repeated



150 TWO-WAY MIXED DESIGN

Table 6.12 F-Table for Testing Significance of Movie (Within-Subjects) Effects in Each
Age Category

Measure: Enjoyment

Source Type df Mean F Sig. Partial Eta
I SS Square (p-value)  Squared
Teens
Movie Sphericity Assumed 522.333 2 261.167 41.898 0.000 0.893
Greenhouse—Geisser 522333 1.244 419955 41.898 0.000 0.893
Huynh—Feldt 522.333 1454 359.162 41.898 0.000 0.893
Lower-bound 522.333  1.000 522333 41.898 0.001 0.893
Error
(Movie) Sphericity Assumed 62.333 10 6.233
Greenhouse—Geisser ~ 62.333  6.219 10.023
Huynh—Feldt 62.333  7.272 8.572
Lower-bound 62.333  5.000 12.467
Mid-Age
Movie Sphericity Assumed 803.111 2 401.556  42.618 0.000 0.895
Greenhouse—Geisser  803.111  1.728  464.660 42.618 0.000 0.895
Huynh-Feldt 803.111  2.000 401.556 42.618 0.000 0.895
Lower-bound 803.111  1.000 803.111 42.618 0.001 0.895
Error (Movie)  Sphericity Assumed 94.222 10 9.422
Greenhouse—Geisser ~ 94.222  8.642 10.903
Huynh-Feldt 94222 10.000 9.422
Lower-bound 94.222  5.000 18.844
Old-Age
Movie Sphericity Assumed 753.444 2 376.722  40.124 0.000 0.889
Greenhouse—Geisser  753.444  1.466  514.047 40.124 0.000 0.889
Huynh—Feldt 753.444 1922 391933 40.124 0.000 0.889
Lower-bound 753.444  1.000 753.444 40.124 0.001 0.889
Error (Movie)  Sphericity Assumed 93.889 10 9.389
Greenhouse—Geisser ~ 93.889  7.329 12.811
Huynh-Feldt 93.889  9.612 9.768
Lower-bound 93.889  5.000 18.778

Bold face indicates that the effect is significant at 5% level.

measures design there is no post-hoc test available and multiple comparisons inflate
the family wise error rate («), Bonferroni correction has been used for pair-wise com-
parison by applying the paired t test. All these should not bother the researcher as this
is taken care of by the SPSS once the Bonferroni correction is chosen in the steps dis-
cussed above. From the results of pair-wise comparison the following conclusion can
be drawn:

In Teens category there is a significant difference (p < 0.017) between romantic
and social movies as well as between social and action movies (p < 0.017).

In Mid age category there is a significant difference between romantic and action
movies (p < 0.017) as well as social and action movies (p < 0.017).

In Old age category there is a significant difference between romantic and social
movies (p < 0.017) as well as social and action movies (p < 0.017).
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Table 6.13 Pair Wise Comparisons of Mean s in Each Age Category

Measure: Enjoyment

Mean Difference 95% CI for Difference®
Movie (I) Movie (J) (I-J) Std. Error  Sig® Lower Bound  Upper Bound
Age_Category = Teens
Romantic  Social 13.167* 1.167 0.000 9.044 17.290
Action 5.833 1.922 0.087 —0.960 12.626
Social Romantic  —13.167* 1.167 0.000 —17.290 —9.044
Action —7.333* 1.085 0.003 —11.169 —3.498
Action Romantic -5.833 1.922 0.087 -12.626 0.960
Social 7.333% 1.085 0.003 3.498 11.169
Age_Category = Mid_Age
Romantic  Social 0.333 2.092 1.000 —7.061 7.728
Action 14.333* 1.626 0.001 8.586 20.080
Social Romantic —0.333 2.092 1.000 —7.728 7.061
Action 14.000* 1.549 0.001 8.525 19.475
Action Romantic =~ —14.333* 1.626 0.001 —20.080 —8.586
Social —14.000* 1.549 0.001 —19.475 —8.525
Age_Category = Old_Age
Romantic  Social —7.333* 1.229 0.006 —11.678 -2.989
Action 8.500 2.187 0.035 0.771 16.229
Social Romantic 7.333% 1.229 0.006 2.989 11.678
Action 15.833* 1.759 0.001 9.616 22.050
Action Romantic —8.500 2.187 0.035 —16.229 —-0.771
Social —15.833%* 1.759 0.001 —22.050 -9.616

Based on estimated marginal means

*The mean difference is significant at the 0.017 level.

2 Adjustment for multiple comparisons: Bonferroni.

Bold face indicates that the effect is significant at 5% level.

In order to know, watching which movie, enjoyment is more in different age cate-
gories a means plot has been shown in Figure 6.17. This has been obtained in the
main output of the SPSS during the analysis of the main effects.

Means Plot (Age X Movie) Post-hoc test results of the simple effect analysis shown
in the Table 6.13 and the contents of Table 6.2 can be used to show the means plots of
different movies group in each age category as shown in Figure 6.17. This means plot
provides clear picture about the analysis. It indicates that the enjoyment in watching
romantic movie as well as action movie is significantly higher than that of the social
movies in the teen category as the p values are less than 0.017. In the Mid age category
the trend is different. In this category enjoyment of the subjects is more in social as
well as romantic movie in comparison to that of action movie. However, the subjects
in the Old age category found social movie to be the most enjoyable in comparison
to that of romantic as well as action movie.

Simple Effect of Age (between-Subjects) To find the simple effect of Age it is
required to compare the enjoyment scores of all the three age groups in each movie
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Figure 6.17 Marginal means plot of Age X Movie
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Figure 6.18 Screen showing option for selecting the variables for analyzing simple effect of
between-subjects variable

category separately. In other words, three separate one-way independent measures
ANOVA need to be applied. This can be done by using the same data file created
originally (without splitting) and using the following sequence of commands in SPSS:

Analyze — Descriptive statistics — Explore

After using this sequence of commands Figure 6.18 is obtained. Bring all three
variables, Romantic, Social, and Action, from the left panel into the “Dependent
List” section of the right panel. Transfer Age Category variable from left panel
to the “Factor” section on the right panel of the window. Click on the Post-hoc
tag and select “Tukey’ option as shown in Figure 6.19. Click on Continue to go
back to Screen shown in Figure 6.18. Now click on the Option tag and select
the option for ‘Descriptive’ and ‘Homogeneity of variance test’ as shown in
Figure 6.20 and click on Continue. Click on OK to get the results as shown in the
Tables 6.14-6.16.

Since homogeneity of variance assumption has not been violated in all the three
movie groups as shown in Table 6.14, ANOVA for independent measures can be



ILLUSTRATION 153

vaf One-Way ANOVA: Post Hoc Multiple Comparisons

Equal Variances Assumed

Clwso [ s-h- [ watter-Duncan
[ | Bonferroni (] [fukey] Type IType Il Error Ratio: [100 |
[ Sictak [ Tukey's-b [ | Dunnett
[l sgherre [ puncan Control Category * [Lust -]
[ R-E-GWF [ Hochberg's GT2 Test

| [COrREGwWa [] cabriet | © 2-sided antrol ) = Coptrol ‘

rEqual Variances Not Assumed

| [ Tamhane'= 72 [ ounnett's T2 [ ] Games-Howell [ ] Dunnett's C |
Significance level: [DES—]
I Continue ] [_ Cancel ] [ Heip J

Figure 6.19 Screen showing option for post-hoc test

vai One-Way ANOVA: Options

-Statistics

Descriptive

[ ] Fixed and random effects

Homogeneity of variance test|

[ Brown-Forsythe
[T welch

[ Means plot

Missing Values

(5) Exclude cases analysis by analysis

() Exclude cases listwise

u Continue J[ Cancel “ Help

Figure 6.20 Screen showing option for descriptive statistics and testing assumption

applied for testing the null hypothesis of equal mean enjoyment scores in each movie
category separately.

Table 6.15 indicates that the value of F for the Social movie (p = 0.000) and Action
movie (p = 0.000) is significant as the p values associated with them are less than
0.017. Hence, it can be concluded that the null hypothesis of no difference in mean
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Table 6.14 Test of Homogeneity of Variances

Levene Statistic df1 df2 Sig.
Romantic 0.188 2 15 0.830
Social 2.532 2 15 0.113
Action 0.422 2 15 0.663

Table 6.15 F-Table for Testing Significance of Age (between-Subjects) Effects in Each
Movie Category

Movie Sum of Squares df Mean Square F Sig. (p-Value)
Romantic Between groups 66.333 2 33.167 4.516 0.029
Within groups 110.167 15 7.344
Total 176.500 17
Social Between groups 769.444 2 384.722 20.107 0.000
Within groups 287.000 15 19.133
Total 1056.444 17
Action Between groups 396.444 2 198.222 13.862 0.000
Within groups 214.500 15 14.300
Total 610.944 17

Bold face indicates that the effect is significant at 5% level.

enjoyment scores among three age groups is rejected in social and action movie cat-
egories.

To investigate as in which age group subjects get more enjoyment in each movie
category, a post-hoc analysis shall be done in the social and action movie by using the
Tukey test. Since F value for Romantic movie is not significant, no post-hoc analysis
shall be done for this variable. The results of the post-hoc test are shown in Table 6.16.

Pair-wise Comparison of Means in each Movie Category Results of the post-hoc
tests for all three movie groups have been combined in the Table 6.16. Following
conclusions can be drawn from the pair-wise comparison of means at 5% level in the
post-hoc analysis outputs generated by the SPSS.

In Social movie category enjoyment differs between teens and mid age subjects (p
< 0.017) as well as between teens and old age subjects (p < 0.017), whereas mid and
old age subjects do not differ in their enjoyment level.

In Action movie subjects in the teens and mid age category (p < 0.017) as well as
teens and old age category (p < 0.017) differ significantly in their mean enjoyment
scores. However, enjoyment does not differ between mid age and old age category.

In order to know as to which age category subjects enjoy more during watching
different movies, means plot has been shown in Figure 6.21. This has been obtained
in the main output of the SPSS during analysis of the main effects.
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Table 6.16 Pair-Wise Comparisons of Mean s in Each Movie Categories

Correction: Tukey HSD

Dependent Age Age Mean  Std. Sig.
Variable  Category Category Diff. Error  (p-Value)
0)) ) I-J) 95% Confidence Interval
Lower Bound Upper Bound
Romantic Teens  Midage 2.83333 1.56466 0.200 —1.2308 6.8975
Oldage  4.66667 1.56466 0.024 0.6025 8.7308
Mid age Teens —2.83333 1.56466 0.200 —6.8975 1.2308
Old age 1.83333  1.56466 0.487 —2.2308 5.8975
Old age Teens —4.66667 1.56466 0.024 —8.7308 —-0.6025
Mid age —1.83333 1.56466 0.487 —5.8975 2.2308
Social Teens  Midage —10.00000% 2.52543 0.003  —16.5597 —3.4403
Old age —15.83333* 2.52543 0.000 —22.3931 -9.2736
Mid age Teens 10.00000% 2.52543  0.003 3.4403 16.5597
Old age —5.83333 252543 0.085 —12.3931 0.7264
Old age Teens 15.83333* 2.52543  0.000 9.2736 22.3931
Mid age  5.83333  2.52543  0.085 —-0.7264 12.3931
Action Teens  Midage 11.33333* 2.18327 0.000 5.6624 17.0043
Oldage  7.33333* 2.18327 0.011 1.6624 13.0043
Mid age Teens  —11.33333* 2.18327 0.000 —17.0043 —-5.6624
Oldage —4.00000 2.18327 0.193 -9.6710 1.6710
Old age Teens —7.33333* 2.18327 0.011 —13.0043 —-1.6624
Mid age  4.00000 2.18327 0.193 —-1.6710 9.6710

*The mean difference is significant at the 0.017 level.
Bold face indicates that the effect is significant at 5% level.

Means Plot (Movie X Age) The means plot shown in the Figure 6.21 has been gener-
ated by using the contents of Table 6.2 and 6.16. This figure shows the means plots of
different age category in each movie group. It gives clear picture about the analysis.
It can be seen from this plot that social movie is enjoyed maximum by the old age
subjects and least by the teens. The story is entirely different while watching action
movie. In such movie teens derive maximum enjoyment, whereas mid age subjects
get the least.

How to Report the Findings

In this study a mixed design analysis was used to test the significance of main and
simple effects of Movie (between-subjects) and Age (within-subjects) factors. The
hypotheses were tested at the significance level 0.05.

Assumptions In order to test the suitability of using the mixed design, its required
assumptions were tested which are reported as follows:



156 TWO-WAY MIXED DESIGN

70.00

65.00

d

o o
o O
o o
S o
1 1

of enjoyment

0000

50.00

Estimated marginal means

45.00 A

T T T
Romantic Social Action
Movies

Figure 6.21 Marginal means plot of Movie X Age

— Since Shapiro—Wilk statistic was not significant in each of the nine group of
scores, assumption of normality was not violated (Table 6.2)

— The Box’s M test was non-significant, hence the assumption of homogeneity
of variance—covariance matrices was satisfied (Table 6.3)

— Levene’s statistic was non-significant in each movie group, hence the assump-
tion of homogeneity of variance was satisfied (Table 6.4)

— Mauchly’s W test was non-significant, hence the sphericity assumption was
satisfied and no correction was required in the degrees of freedom for testing
the significance of main effect of Movie (within-subjects) factor (Table 6.5)

Testing Main Effects

— Since F value for Movie was significant, the null hypothesis that the average
enjoyment score was same in all the three movie groups irrespective of age cat-
egories was rejected at 5% level. The pair-wise comparison among different
movie groups irrespective of the age was done by using the Bonferroni correc-
tion. The results indicated that the subjects enjoyed romantic as well as social
movies more than action movies irrespective of their age categories (Tables 6.7
and 6.8, Figure 6.12)

— Since F value for Age was not significant, the null hypothesis of no difference
of mean enjoyment scores among different age categories irrespective of the
movie was not rejected on the basis of the observed sample (Table 6.9)

Testing Simple Effects

— Since F value for the interaction (Movie*Age) was significant, interaction
existed between Movie and Age (Table 6.7) and therefore simple effects were
investigated.

— The value of F in Teens, Mid-Age, and Old-Age was significant; hence the
null hypothesis of no difference in mean enjoyment scores among the three
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movie groups was rejected at the significance level 0.05 in each age category

(Tables 6.12 and 6.13, Figure 6.17). The pair-wise analysis suggests the fol-

lowing:

a. Teens enjoy more watching romantic and action movies in comparison to
social movie.

b. Mid age subjects enjoy more watching social and romantic movies rather
than action movie.

c. In old age category subject’s enjoyment is more in watching social movie
and least in action movie.

Since the value of F for Social and Action movies is significant at 5% level, it

may be concluded that the null hypothesis of no difference in mean enjoyment

scores among the three age groups is rejected at 5% level in social and action

movie categories (Tables 6.15 and 6.16, Figure 6.21). The following may be

concluded from the pair-wise comparison of means:

a. Old age subjects enjoyed more watching social movie, whereas teen’s
enjoyment was least.

b. Action movie was mostly liked by the teens, whereas mid age subject’s
enjoyment was least in that movie.

Inference

On the basis of the subjects selected in the study, it may be concluded that the teens
enjoy watching romantic and action movie, mid age subjects get more fun while
watching social and romantic movies, whereas old age subjects prefer social movie
the most. Further, old age and mid age subjects derive maximum pleasure in watching
social movie, whereas teens derive maximum pleasure in watching action movie.

EXERCISE

6.1. Explain the difference in a two-way mixed design and two-way repeated mea-
sures design. How they are different in assumptions and layout?

6.2. Explain a situation where you would like to use a two-way mixed design to
address your research questions.

6.3. In a two-way mixed design, between-subjects factor has two and
within-subjects factor has three levels, whereas nine subjects have been
used in a study. Explain testing protocol by showing layout design in the study.

6.4. Write in brief the steps involved in solving a two-way mixed design
using SPSS.

6.5. Inatwo-way mixed design if between-subjects factor and within-subjects fac-

tor have two and four levels, respectively, whereas eight subjects in the sample
have been tested, show how the total sum of squares would be distributed into
different components along with degrees of freedom.
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ASSIGNMENT

6.1. An exercise scientist wanted to investigate the effect of gender and duration on
weight reduction of participants in a fitness intervention program. A randomly
selected sample of 20 subjects was given a fitness intervention program for six
weeks. The sample consisted of 10 male and 10 female subjects. Weights of
these subjects were measured on zero day, three weeks, and six weeks which
are shown in Table 6.17. Solve this mixed design and test the main and simple
effects by assuming family-wise error rate as 0.05.

Table 6.17 Weights of the Subjects Measured at Different Duration During
Exercise Intervention

Subject Zero Day Three Weeks Six Weeks

Male 1 65 57 50
2 60 62 56

3 57 53 46

4 61 54 50

5 62 60 52

6 62 63 51

7 60 58 48

8 67 65 53

9 48 59 44

10 55 52 43
Female 1 72 66 46
2 65 58 47

3 67 65 51

4 62 52 40

5 68 69 46

6 66 60 48

7 65 55 40

8 72 60 46

9 84 79 58

10 62 60 50

6.2. A marketing company desired to investigate whether advertisement with
intervention of information technology is better than the traditional method of
advertising in promoting the sale of its new fruit drinks. The two advertisement
campaigns, high-tech and traditional, were developed. The high-tech campaign
was based on using various resources of information technology, whereas the
traditional method was based on using the resources of billboard, handbills,
press conference, and customer base. The cost of both the advertisements was
kept same in order to have the control in the experiment. Two similar cities
were chosen for the study. In one city high-tech advertisement was launched,
whereas in other traditional campaign was carried out for promoting the
product for three weeks. The number of units sold in each of the five outlets
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Table 6.18 Sales Figure of Fruit Drink Units Sold in
Different Treatment Conditions

Outlets T, T, T, T,

High-tech adv. 1 20 25 28 32
2 15 25 26 35

3 22 30 35 40

4 25 32 33 43

5 18 28 30 40

Traditional adv. 1 16 28 29 32
2 18 26 25 36

3 21 30 32 38

4 20 30 35 42

5 17 26 27 38

T,: First week pre-advertisement

T,: First week post-advertisement
T5: Second week post-advertisement
T,: Third week post-advertisement

in both the cities was recorded in the first week prior to the advertisement and
in the first, second, and third week after the launch of advertisements. The
data so obtained are shown in Table 6.18. Apply two factor mixed design and
discuss your findings by testing the main and simple effects. Take family-wise
error rate as 0.05.
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ONE-WAY REPEATED MEASURES
MANOVA

INTRODUCTION

In one-way repeated measures multivariate ANOVA design, effect of several levels of
an independent factor on a group of dependent variables is compared. In this design
subjects are repeatedly tested on more than one dependent variable under each level
of the treatment factor. The multivariate-repeated measures analysis of variance is
also referred as repeated MANOVA. The difference between repeated MANOVA and
repeated ANOVA is only the number of dependent variables being investigated. In
repeated MANOVA the effect of independent variable is seen on a group of depen-
dent variables, whereas in repeated ANOVA the effect is investigated only on one
dependent variable. In this design the independent variable can either be different
treatment conditions or different time points.

If an independent factor has three or more levels, by using MANOVA one inves-
tigates whether the group difference occurs between different treatments. By using
this design a researcher may investigate as to which visual time is more effective for
memory retention of the object’s characteristics. Consider an experiment in which
randomly selected subjects are shown a number of objects, each for 2 seconds and
then asked to recall the item’s characteristics (name, color, and shape) as many as
they can in a given time. Similarly if the experiment is repeated with 4 and 6 sec-
onds visual time on the same subjects and their performance scores are recorded on
the object’s characteristics, then the researcher may identify the best visual time in
recalling the overall object’s characteristics.

Repeated Measures Design for Empirical Researchers, First Edition. J. P. Verma.
© 2016 John Wiley & Sons, Inc. Published 2016 by John Wiley & Sons, Inc.
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In a study where time is an independent factor whose effect is to be investigated
on a group of dependent variables, the focus of a researcher is to see as to how the
subject’s performance varies at different point of time. It is important that the time
intervals should be equally spaced. This design is used in studies where improve-
ment trend needs to be investigated. Let us consider a situation where it is desired
to see the change in physiological status of subjects while undergoing an exercise
programme over a period of time. A study may be planned where a random sam-
ple of subjects may be exposed to an exercise programme. The physiological status
(heart rate, blood pressure, and vital capacity) of these subjects may be tested four
times during the experiment that is, before an experiment, and after two, four, and six
weeks. Here focus of the study is to compare physiological status of subjects at four
different time points. Such studies are useful in understanding the performance trend
of subjects during training. The procedure involved in solving one-way repeated mea-
sure MANOVA shall be discussed in detail by means of an illustration later in this
chapter.

WHEN TO USE REPEATED MEASURES MANOVA?

Repeated measures MANOVA is preferred over traditional MANOVA when the indi-
viduals selected in the study is heterogeneous. The repeated measures MANOVA
should be used when several dependent variables (DVs) measure different aspects of
some cohesive theme. Such cohesive concept may be personality (Extraversion, Psy-
choticism, and Neuroticism), health (blood pressure, heart rate, and vital capacity),
product features (economy, comfort, and attractiveness), fitness (cardio respiratory
endurance, flexibility, and strength), nature (extrovert, optimism, and creativity), aca-
demic achievement (English, Maths, and Commerce) and so on.

One of the important considerations in using the repeated measures MANOVA is
to choose the DV carefully in the study. Highly correlated DVs weaken the power of
the analysis because in that case it does not make sense to use the redundant informa-
tion. On the other hand, if the DV are not correlated, MANOVA has nothing to offer.
The DVs should have moderate correlation among themselves. As a thumb rule, the
correlations among the DVs should be in the range of 0.3 to 0.7.

Word of Caution: Often researcher is tempted to use repeated measures MANOVA
even if dependent variables do not explain a cohesive theme. For instance, if the set of
DVs include blood pressure, extraversion, and flexibility, there is no point of using the
MANOVA technique even if the correlations among them are in between the range
0.3 to 0.7 because in that situation selection of DVs has no theoretical justification
and the interpretation would be out of place. In such situations consider using a series
of univariate ANOVAs (one for each DV).

WHY TO USE REPEATED MEASURES MANOVA?

The choice of repeated measures MANOVA depends upon the following considera-
tions:
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1. Using repeated measures MANOVA depends upon the research question being
investigated. By taking many dependent variables the chances for finding group
difference increases. In many situations such a test is more powerful than the
univariate ANOVA, but this need not necessarily be true always.

2. In many situations dependent variables belonging to the same domain are
highly correlated with each other, thus in those situations findings from separate
repeated ANOVAs will be redundant and difficult to integrate.

3. Repeated measures MANOVA takes into account the intercorrelations among
DVs.

4. Another consideration in using repeated measures MANOVA is that, none of
the individual ANOVAs may produce a significant effect on the DV, but if com-
bined they might. This suggests that the variables are more meaningful if taken
together than considered separately.

5. By using MANOVA, the family-wise error rate (@) can be controlled in the
experiment. Instead, conducting multiple ANOVAs increases the chance for
family-wise error rate (a) and increases the odds of finding significant value
of F due to chance with the repeated use of the same sample of data.

6. The sphericity assumption in repeated measures ANOVA is often violated,
whereas the repeated measure MANOVA does not require this assumption.

ASSUMPTIONS

In using one-way repeated measures MANOVA certain assumptions need to be sat-
isfied. You get valid conclusions only when these assumptions hold true. If some of
these assumptions fail, there is always a solution to overcome this. Most of these
assumptions can be checked by using the SPSS software, whereas others are design
issue. The assumptions for this design are as follows:

a. Data type. There should be two or more continuous dependent variables and
one categorical independent variable.

b. Sample Size. The number of observations must be higher than the number of
dependent variables. It is recommended to have minimum of 20 sample size in
this design.

c. Independence of Measurement. The measurement obtained on each subject must
be independent to each other.

d. Missing Data. This design requires complete data for all the subjects. In other
words, no missing observation for any subject should be there in the experiment.

e. Outliers. No outlier should exist in each group of the independent variable for
any of the dependent variables. This can be checked by using the Box Plot in
the SPSS.

f. Linearity. All DVs are linearly related among themselves in each group of the
independent variable. This assumption can be tested by means of scatter plots
and bi-variate correlations using SPSS.
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g. Normality. There should be multivariate normality. To test this assumption one
may test the normality of each dependent variable for each of the levels of the
independent variable by using the Shapiro—Wilk test in SPSS. In other words, if
the independent variable has three levels and there are three dependent variables
in the design, then all the nine set of data in the design must follow the normal
distribution. If normality is violated MANOVA procedures are robust enough
to type I error but power of the test is sacrificed.

h. Multicollinearity. There should be no multicollinearity among the DVs. If cor-
relations among DVs are more than 0.9, multicollinearity exists and in that case
one of the variables need to be dropped from the analysis.

i. Sphericity. There should be no sphericity in data. In other words, difference
scores computed between two levels of a within-subjects factor must have the
same variance for the comparison of any two levels. This assumption is used
while solving univariate ANOVA as a follow-up test in MANOVA. The spheric-
ity assumption is tested only in a situation where the independent factor has
more than two levels. This assumption is tested by means of Mauchly’s W test
in SPSS.

APPLICATION

One way repeated measures MANOVA design can be used to investigate varieties of
research issues in different disciplines. Some of the specific applications are listed
below:

1. A psychologist may wish to investigate the trend in personality transformation
during one year of training classes in communication skill. Three personal-
ity traits, Extraversion, Psychoticism, and Neuroticism of the subjects, may be
tested at regular intervals during training program. In this case the time would
be an independent variable (within-subjects) with testing points as its levels
whereas personality parameters; Extraversion, Psychoticism, and Neuroticism
would be dependent variables.

2. A researcher may wish to investigate as to which naturopathy intervention
is more effective in improving mood state. The subjects may be exposed to
pranayama, meditation, and relaxation exercise. The subjects may be tested on
three dimensions of the mood state; confusion, depression, and fatigue, after
each intervention.

3. An educational consultant may wish to investigate performance trend of
subjects during a training programme for a competitive examination. The
performance of the subjects on numerical aptitude, reasoning, and English
comprehension may be tested after equal interval of time during the training
programme.
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LAYOUT DESIGN

Layout of one-way repeated measures MANOVA design depends upon whether the
levels of independent factor are different treatments or time periods. Thus, the two
different kinds of layouts are as follows:

Case I: When Levels of Within-Subjects Factor are Different Treatments

In this layout design, each subject is tested on multiple dependent variables in each
treatment. Sufficient time gap is given between testing under any two treatments in
order to done away the learning or fatigue effect which may result due to earlier treat-
ment. Further, counterbalancing is done to remove order effect. Let us consider an
example of mood state discussed above in which six randomly selected subjects are
exposed to three different naturopathy treatments; pranayama, meditation, and relax-
ation exercise. Each treatment is given for a week. These subjects are tested on three
dimensions of the mood state; confusion, depression, and fatigue, after each interven-
tion. Here naturopathy is a within-subjects factor and the three dependent variables
are confusion, depression, and fatigue. As per testing protocol, in the first phase the
randomly selected subjects, say, S2 and S5 are given pranayama, the subjects S1 and
S6 are given meditation, and the subjects S3 and S4 are exposed to relaxation exercise
for a week. Subjects are tested for their mood state parameters, confusion, depression,
and fatigue, after each treatment. Similarly random assignment of treatments to the
subjects is done in the second and third phase of the treatment. Sufficient gap between
each phase of treatment is kept in order to avoid the learning or fatigue effect. Differ-
ent kinds of layout design are possible by randomizing treatments to the subjects in
sample. While doing the randomization the researcher must ensure that all subjects
receive each treatment. The layout of this design is shown in Figure 7.1.

Testing protocol
Treatment: Naturopathy intervention

| Pranayama | | Meditation | | Relaxation Excercise |

Confusion  Depression Fatigue Confusion  Depression  Fatigue Confusion  Depression  Fatigue
First phase S2 S2 S2 St St St S3 S3 S3
testing S5 S5 S5 $6 6 s6 s4 s4 s4
Second phase S S1 S1 S3 S3 S3 S2 S2 S2
testing s6 S6 S6 sS4 s4 s4 S5 S5 S5
Third phase S3 S3 S3 S2 S2 S2 S1 S1 St
testing S4 sS4 sS4 S5 S5 S5 S6 S6 S6

Figure 7.1 Layout of the one-way repeated measures MANOVA design having three levels
of independent factor as different treatments
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Testing protocol

Treatment: Time

Initial | | 2 week | | 4 week

Numerical ~ Reasoning  English Numerical ~ Reasoning English Numerical ~ Reasoning English
Aptitude comprehension  Aptitude comprehension  Aptitude comprehension

S1 St S1 St S1 S1 S1 St St

S2 S2 S2 S2 S2 S2 S2 S2 S2

S3 S3 S3 S3 S3 S3 S3 S3 S3

S4 S4 S4 S4 S4 S4 S4 S4 S4

S5 S5 S5 S5 S5 S5 S5 S5 S5

S6 S6 S6 S6 S6 S6 S6 S6 S6

Figure 7.2 Layout of the one-way repeated measures MANOVA design having three treat-
ment levels as time durations

Case II: When Levels of Within-Subjects Factor are Different Time Durations

In this layout design, all subjects are repeatedly tested on all the dependent variables at
different time duration during treatment. The focus of the researcher here is to see the
trend of improvement in different duration. Consider the above-mentioned example
of investigating performance trend by the educational consultant. Let us consider
that the six randomly selected subjects are given a training programme for appearing
in a competitive examination. These subjects are tested for their numerical aptitude,
reasoning, and English comprehension before training and after 2 weeks and 4 weeks

of the training programme. The layout of this repeated measure MANOVA design can
be shown by the Figure 7.2.

STEPS IN SOLVING ONE-WAY REPEATED MEASURES MANOVA

In this design a researcher has two objectives; firstly, to examine the effect of indepen-
dent factor on a group of dependent variables, and secondly, to identify the differences
between individual groups for each of the dependent measure with pair-wise compar-
ison of means. Following steps are used in solving this design:

1. Check the assumption of data type, independence of measurements, outliers,
linearity, normality, and multicollinearity.

. Describe layout of the design

Specify research questions to be investigated
Formulate hypotheses to be tested

Decide family-wise error rate () for the study

ENET RIS

Use SPSS commands to generate the following outputs:
a. Descriptive Statistics
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b. MANOVA table containing Wilks’ Lambda and other multivariate test for
investigating within-subjects effects on a group of dependent variables.

7. If Wilks’ statistic is significant interpret the following outputs generated in SPSS
to test the within-subjects effects on each dependent variable:

a. Mauchly’s test of sphericity for each dependent variable.

b. One-way repeated measures ANOVA for testing the effect of independent
variable on each dependent variable separately.

c. Pair-wise comparisons of means for each dependent variable.
d. Means plot for each dependent variable.
8. Report the findings.

The procedure involved in solving this design shall be explained by means of the
below-mentioned illustration.

ILLUSTRATION

A study was conducted to see the effect of time of the day on the student’s perfor-
mance in different subjects. Ten school students were randomly selected from the
population of interest and were given the test in Mathematics, English, and Reason-
ing. The marks so obtained by the students are shown in the Table 7.1. Let’s see how
one-way repeated measures MANOVA can be applied to discuss the findings in this
analysis.

Layout Design

In this illustration effect of time of testing is to be seen on the combined effect of the
performance on different subjects; Maths, English, and Reasoning. All ten subjects

Table 7.1 Marks Obtained by the Students in Different Subjects at Different Times of
the Day

Time of the day
Morning (7 AM) Afternoon (1 PM) Evening (7 PM)
Maths English Reasoning Maths English Reasoning Maths English Reasoning
12 12 15 15 15 11 17 14 12
13 14 16 17 13 12 16 12 10
14 10 17 18 14 14 15 15 15
13 9 15 15 14 13 16 16 12
14 8 17 14 13 11 14 13 14
15 11 15 18 12 10 16 15 15
13 10 14 17 15 9 15 13 10
12 13 15 15 12 8 13 12 13
13 12 13 16 15 11 15 16 12

15 11 14 18 16 12 16 15 13
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Testing protocol

Treatment: Time of the day

| Morning | | Afternoon | | Evening |

Maths  English Reasoning Maths  English Reasoning Maths  English Reasoning
First phase St St St S2 S2 S2 S5 S5 S5
testing s3 s3 s3 sS4 s4 s4 s6 s6 s6
Second phase S2 S2 S2 S5 S5 S5 S1 S1 S1
testing S4 sS4 S4 S6 s6 S6 s3 S3 S3
Third phase S5 S5 S5 S1 St S1 S2 S2 S2
testing S6 S6 S6 s3 s3 s3 S4 S4 S4

Figure 7.3 Layout of the one-way repeated measures MANOVA design in the illustration

are tested in all the three treatment conditions (time of the day). The design used in
this illustration is a one-way repeated measures MANOVA, the layout of which can
be shown by the Figure 7.3.

In this design all subjects are tested on all the three dependent variables (Maths,
English, and Reasoning), but not in a particular sequence. It can be seen from the
testing protocol in Figure 7.3 that in the first phase of testing two subjects, S1 and
S3 are tested for their performance in the morning, S2 and S4 in the afternoon, and
S5 and S6 in the evening. This order has been randomized in the second and third
phase of testing. Readers should note that the sufficient time gap should be given
between any two phases of testing in order to done away the effect of learning or
fatigue, whereas random allocation of treatment to the subjects should be done for
counterbalancing. One can randomize the allocation of treatment conditions to the
subjects in a different manner also; the only condition is that each of the ten subjects
should be tested in all three treatment conditions.

Research Questions

The following three research questions shall be investigated in this illustration.

a. Whether time of testing affects the student’s academic performance in general?

b. Whether the time of testing affects the student’s performance in each of the
subject; Maths, English, and Reasoning?

c. Which time of the day improves performance of the student’s in each subject?

Hypotheses Construction

a. To investigate the first research question following hypotheses shall be tested:

H, : There is no difference between group mean vectors of

the student’s performance in three different time of testing.
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against

H, : At least one group mean vector differs.

The above-mentioned null hypothesis can be written mathematically as follows:

HMaths HMaths HMMaths
H, : HEnglish = HEnglish =| HMEnglish (7.1
HReasoning Morning HReasoning |Afiernoon HReasoning Evening

b. To investigate the second research question the following hypotheses shall be
tested

H, : There is no difference between group means of student’s
performance in a subject in three different time of testing.
against

H, : At least one group mean differs.

These hypotheses can be written mathematically as shown below:

HO : ”Morning = HAafternoon — luEvening
against

H, : At least any one group mean differs (7.2)

Testing the first set of hypotheses shall answer the first research question as to
whether the combined performance of students differs in three different time of test-
ing. This is done by using repeated MANOVA technique in which Wilks’ test or Pillai
test is used more often to test the null hypothesis. Generally, Wilks’ test is used in
MANOVA analysis, but if the sample size decreases or the cell sizes are unequal then
Pillai’s test is better option.

Wilks’ lambda gives the proportion of variance in the combination of dependent
variables (Maths, English, and Reasoning) that is unaccounted for by the independent
variable (the time of testing). Thus, lesser the value of Wilks’ lambda more is the
variation in the group mean vectors. Wilks’ lambda statistic follows approximately F/
distribution, hence F statistic is also computed in the output of MANOVA. Thus, for
the maximum group difference Wilks’ lambda should be low and the corresponding
F value should be significant.

If the F value associated with Wilks’ lambda is significant, then the second set of
hypothesis mentioned above is tested for each dependent variable using univariate
ANOVA. If F value in any univariate ANOVA is significant, then the pair-wise
comparison of means shall be done by applying the paired #-test using Bonferroni
correction. This pair-wise comparison of means shall address the third research
question.
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Level of Significance

In this illustration, family-wise error rate (a) shall be taken as 0.05. If the Wilk test
is significant in MANOVA then as a follow-up test three univariate ANOVA shall be
done in order to see the effect of time of testing on each dependent variable. This will
inflate the family-wise error rate. To compensate this, the F value in the univariate
ANOVA shall be tested at the significance level 0.017 (= 0.05/3).

Solving One-Way Repeated Measures MANOVA Design with SPSS

The detail procedure involved in one-way repeated measures MANOVA shall be
discussed by solving the problem discussed in the illustration using SPSS. Readers
should carefully note the format of data file in this design. In Variable View define
all the nine variables as shown below:

Maths_M
Maths_A
Maths_E
English_M
English_A
English_E
Reasoning_ M
Reasoning_A
Reasoning_E

In Data View enter the data of the Table 7.1 column-wise as shown in the
Figure 7.4. After preparing the data file, click on the following sequence of com-
mands as shown in Figure 7.5 to get the screen shown in Figure 7.6 for defining
independent and dependent variables.

Analyze —» General linear model —» Repeated measures

Factor 1 is written in the “Within-Subject Factor Name” section by default as shown
in Figure 7.6(a). Replace this by the independent variable Time (within-subjects) and
write the number of levels as 3 as there are three levels (Morning, Afternoon, and

b SChapter fosav [DataSeil] - %755 Dot L
Ao B wjew  [eta  Irenaform  Analre  Graphs  Leamies  Addgna  edow e

i B s N E i M il EEHAGTE ws
14 maaace_p

......

Figure 7.4 Data format in one-way repeated measure MANOVA
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&4 *Chapler_7.sav [DataSet1] - SPSS Data Editar

Ede  EoM Mew Dete  Drenstorm | Anelvze  Grehs  Uimes  Addgns  Wodow  ben
ol [ e rd BB Repons » e
[14 : Remsonna_m | Dascriptive Statistics .
| Maths_M | Mathg  To@es ¥ English_a | English_E | Reas
1 12.00 TR o 4600 L
2 | 13.00 Eenersl Linear Model B H uneoriote
3 14.00 Genersized Lines Models  # | Y ptncariste.
4 | 1300 Miged Modabs > | B Eepested Measures
5 | 14.00 S E eiance Comporarts
[ | 15 00 Begresson » -
7 13.00 Loginear ld 15,00 13.00
a | 1200 Meural Netyyarks " 12 00 1200
a 13.00 Clazsity ' 15.00 16.00
10 | 15,00 K2sta Rachchion ® 16 00 15.00
Scale L3
| Doy mretric Tests »

Figure 7.5 Screen for initiating command for one-way repeated measure MANOVA

- :i Repeated Measures Define Factor(s) x v Repeated Measures Define Factor(s) rg|
Within-Subject Factor Name: Within-Subject Factor Name:
[tactort | [
Number of Levels: | | Number of Levels: | |

Time(3)

(a) (b)

Figure 7.6 Screen showing options for defining independent and dependent variables

Evening). Click on Add to enter this information into the box. Write the name of all
the three dependent variables (Maths, English and Reasoning) one by one in “Mea-
sure Name” section by clicking on Add. After defining variables the screen shall look
like as shown in Figure 7.6(b).

Clicking on Define command shall take you to the screen as shown in Figure 7.7(a)
for selecting variables defined in data file. Transfer all nine variables from the left
panel to the “Within-Subjects Variables” section of the screen in the right panel by
using the arrow key. After selecting variables the screen shall look like as shown in
Figure 7.7(b).

After selecting the variables, option needs to be defined for generating means plot
in univariate-repeated ANOVA for each dependent variable. Click on the Plots com-
mand to get the screen as shown in Figure 7.8. Shift Time variable from the “Factors”
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Figure 7.7 Screen showing option for selecting variables defining all treatment combinations

st Repeated Measures: Profile Plots

[contwe | cacet |||

Figure 7.8 Screen showing option for means plot

section to the “Horizontal Axis” section for generating means plot of the independent
variable Time (within subjects) for each dependent variable separately.

These plots are used to compare the effect of different levels of Time (within-
subjects) on each of the dependent variable separately. Click on Add and Continue.
This will take you back to the screen as shown in Figure 7.7(b). Click on Options
command to get the screen as shown in Figure 7.9 for selecting options to generate
all required outputs in the analysis.

Shift Time variable from “Factor(s) and Factor Interactions” section to the “Dis-
play Means for” section. This will generate marginal means of Time in each depen-
dent variable.

Check the option ‘Compare Mean effects’. Select ‘Bonferroni’ correction by click-
ing on the sign V mentioned on the “LSD(none)” tag. This will generate the outputs
for testing the effect of time on each dependent variable separately. Since there is no
post-hoc test available for within-subjects factor, Bonferroni correction has to be used
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v#4 Repeated Measures: Options El
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Figure 7.9 Screen showing option for generating various outputs in one-way repeated mea-
sures MANOVA

to compensate the inflated family-wise error rate («) due to multiple comparisons.
Readers are advised to refer to the Chapter 3 for detail discussion on it.

Check ‘Descriptive statistics’ option for computing mean and standard deviation
of the data in each treatment condition. Ensure that the level of significance is selected
as 0.05. Check ‘Estimates of effect size’ option. Let all other options remain as it is.
Click on Continue to get back to the screen shown in Figure 7.7(b). Click on OK to
get the output.

SPSS Output and Interpretation

The SPSS generates plenty of outputs in one-way repeated measure MANOVA, but
only following relevant outputs need to be picked up for interpretation.

Descriptive statistics (Table 7.2)
Multivariate tests of within-subjects effects (Table 7.5)
Mauchly’s test of sphericity (Table 7.6)

Univariate tests: one-way repeated measures ANOVA for each dependent vari-
able (Table 7.7)

Estimates of marginal means in different groups (Table 7.8)

Ll

Pair-wise comparison of marginal means in each dependent variable (Table 7.9)
Marginal means plot of Maths (Figure 7.13)
Marginal means plot of English (Figure 7.14)

A N A

Marginal means plot of Reasoning (Figure 7.15)



174 ONE-WAY REPEATED MEASURES MANOVA

Table 7.2 Descriptive Statistics

Mean SD N
Maths_Morning 13.4000 1.07497 10
Maths_Afternoon 16.3000 1.49443 10
Maths_Evening 15.3000 1.15950 10
English_Morning 11.0000 1.82574 10
English_Afternoon 13.9000 1.37032 10
English_Evening 14.1000 1.52388 10
Reasoning_Morning 15.1000 1.28668 10
Reasoning_Afternoon 11.1000 1.79196 10
Reasoning_Evening 12.6000 1.77639 10

The output in Table 7.5 is used to test the hypothesis related to the first research
question. It tests whether group difference is significant or not across all the dependent
variables. If no significant difference is observed in this MANOVA table, the analysis
stops and no further analysis is done. However, if the group difference is significant,
then one needs to investigate univariate repeated measures ANOVA for each depen-
dent variable separately. Have some patience; the discussion in the following sections
shall make the concept clear.

Descriptive Statistics The mean and SD for the observations on all the dependent
variables in each group have been generated in the Table 7.2. These statistics can be
used to compare the mean and standard deviation in each cell. The means of different
groups are used to prepare means plots for comparing the effect of different levels of
time on each dependent variable separately.

Testing Assumptions

Before using one-way repeated measures MANOVA, it is essential to test its
assumptions. Following assumptions shall be tested by using the data file as shown
in Figure 7.4 in SPSS.

Testing Correlation One of the key assumptions of this analysis is that there should
be reasonable relationship between the dependent variables in each level of the inde-
pendent variable. The correlation matrix in Table 7.3 has been obtained by clicking
on the following sequence of commands:

Analyze — Correlate — Bivariate

The MANOVA test will not be appropriate if the correlations among them is very
low and in that case univariate analysis should be done to investigate the effect of
independent variable on each of the dependent variable separately. However, if the
correlation among dependent variables is very high (>0.9), it is a sign of multi-
collinearity and in that case one of the variables should be dropped. Let us exam-
ine the relationship here. Table 7.3 shows that the correlation between Maths_M
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and English_M is —0.396, and that of between Maths_M and Reason_M is 0.129. In
afternoon group correlation between Maths and English and Maths and Reasoning
are 0.179 and 0.236, respectively. Similarly in the evening group correlation between
Maths and English and Maths and Reasoning are 0.421 and —0.205, respectively.
None of these correlations is significant, hence MANOVA analysis may not result
in any logical conclusion. This situation has arisen in this illustration because the
number of sample is only six. If twenty samples would have been taken as recom-
mended for this design, then the correlation might have been significant and in that
case it would have been logical to club the three dependent variables (Maths, English
and Reasoning) provided theory supports clubbing these three variables together in
assessing the academic performance of the students. Thus, in such situations the
researchers must reinvestigate the selection of dependent variables in their study for
clubbing together to draw any cohesive conclusion.

Testing Normality The normality assumption shall be tested by using the
Shapiro—Wilks’ test in SPSS. By using the below mentioned sequence of commands
and selecting the option ‘Normality plots with test’ after clicking on the Options
command, the output shown in Table 7.4 has been obtained.

Analyze — Descriptive statistics — Explore

For details readers are advised to refer to Chapter 3. Since none of the value of
Shapiro—Wilk statistic is significant (p > 0.05), the assumption of normality holds
true for all the nine data sets.

Testing Outliers For using this design no outlier should be present among the data in
each cell. The outlier can be detected in the data by using the Box plot. The box plots
for each data set shown in Figures 7.10—7.12 have been obtained by clicking on the
following commands in sequence and checking the option ‘Outliers’ after clicking
on the Statistics command.

Analyze — Descriptive statistics — Explore

The box plot shown in Figures 7.10(c) reveals that only 8th score of mathematics
performance obtained in the evening seems to be outlier. It is up to the researcher to

Table 7.4 Test of Normality

Treatment Groups Shapiro—Wilk Statistic df Sig.

Maths_M 0.892 10 0.177
Maths_A 0.882 10 0.138
Maths_E 0.916 10 0.328
English_M 0.984 10 0.982
English_A 0.926 10 0.410
English_E 0.895 10 0.193
Reasoning_M 0.924 10 0.392
Reasoning_A 0.976 10 0.937

Reasoning_E 0.918 10 0.338
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decide whether to keep this data or not. Except this score no other data set has any
outlier.

In this illustration all three dependent variables (performance on Maths, English,
and Reasoning) are continuous and the independent variable (Time of the day) is cat-
egorical; the measurements obtained on each subject are independent to each other,
except one no outlier exists hence the design assumptions hold true. The sample size
is small due to which correlations among dependent variables are not significant.
Assumption of linearity can be checked by using the option of Graph in SPSS. Nor-
mality assumption holds true. Since most of the assumptions are true, using one-way
repeated measure MANOVA can be justified with certain limitations.

Multivariate Testing

Table 7.5 is the output for testing the null hypothesis (7.1) related to group differ-
ence across all the three dependent variables. Since the value of Wilks’ Lambda is
0.099 with F value 11.585 (p < 0.001), the null hypothesis is rejected. It is thus con-
cluded that there is a significant multivariate effect across within-subjects time point

Table 7.5 Multivariate®® Tests of Within-Subjects Effects

Within Subjects Value F Hypothesis Error Sig. Partial Eta
Effect df df Squared
Time Pillai’s trace 1.000 5.662 6.000  34.000 0.000  0.500

Wilks’ lambda 0.099 11.585¢  6.000  32.000 0.000  0.685
Hotelling’s trace  8.066 20.166 6.000  30.000 0.000  0.801
Roy’s largest root 7.941 44.999¢  3.000 17.000 0.000  0.888

2Design: Intercept

Within Subjects Design: Time

bTests are based on averaged variables.

“Exact statistic

dThe statistic is an upper bound on F that yields a lower bound on the significance level.

Table 7.6 Mauchly’s Test of Sphericity®

Within Subjects Measure Mauchly’s Approx. df Sig. Epsilon®
Effect w Chi-Square
Greenhouse— Huynh— Lower-
Geisser Feldt  Bound
Time Maths 0911 0.743 2 0.690 0918 1.000  0.500

English 0.662 3297 2 0.192 0.748 0.863  0.500
Reasoning  0.854 1.262 2 0.532 0.873 1.000  0.500

Test the null hypothesis that the error covariance matrix of the orthonormalized transformed-dependent
variables is proportional to an identity matrix.

4Design: Intercept

Within Subjects Design: Time

PMay be used to adjust the degrees of freedom for the averaged tests of significance. Corrected tests are
displayed in the Tests of Within-Subjects Effects table.
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Table 7.8 Estimates of Marginal Means in Different Groups

Measure Time Mean Std. Error 95% Confidence Interval
Lower Bound Upper Bound

Maths Morning 13.400 0.340 12.631 14.169
Afternoon 16.300 0.473 15.231 17.369

Evening 15.300 0.367 14.471 16.129

English Morning 11.000 0.577 9.694 12.306
Afternoon 13.900 0.433 12.920 14.880

Evening 14.100 0.482 13.010 15.190

Reasoning Morning 15.100 0.407 14.180 16.020
Afternoon 11.100 0.567 9.818 12.382

Evening 12.600 0.562 11.329 13.871

on student’s performance (Maths, English, and Reasoning). Also partial eta square
for Time is 0.685 which is considered to be quite high, hence the effect of Time of
testing in assessing the performance is of immense practical value. In order to know
how the time of testing affects individual dependent variable, independent repeated
measures ANOVA results shall be examined.

Table 7.9 Pair-Wise Comparison of Marginal Means in Each Dependent Variable

Measure Mean Diff 95% CI for Difference®
Time (/) Time (J) (I-J) Std.Error Sig*® Lower Upper
Bound Bound
Maths Morning  Afternoon  —2.900" 0.379  0.000 —4.011 —1.789
Evening —-1.900" 0.458  0.007 -3.244 —-0.556
Afternoon Morning 2.900" 0.379  0.000 1.789 4.011
Evening 1.000 0.494  0.221 -0.450 2.450
Evening Morning 1.900" 0.458  0.007 0.556 3.244
Afternoon —1.000 0.494  0.221 -2.450 0.450
English Morning ~ Afternoon  —2.900" 0.767  0.013 -5.149 —0.651
Evening -3.100 0.875  0.019 -5.667 -0.533
Afternoon Morning 2.900" 0.767  0.013 0.651 5.149
Evening —-0.200 0490  1.000 —1.637 1.237
Evening Morning 3.100 0.875  0.019 0.533 5.667
Afternoon  0.200 0.490  1.000 —1.237 1.637
Reasoning Morning  Afternoon  4.000" 0.558  0.000 2.364 5.636
Evening 2.500" 0.543  0.004 0.908 4.092
Afternoon Morning  —4.000" 0.558  0.000 —5.636 —2.364
Evening —-1.500 0.719  0.200 —3.608 0.608
Evening  Morning  —2.500" 0.543  0.004 —4.092 —-0.908
Afternoon  1.500 0.719  0.200 —0.608 3.608

Based on estimated marginal means
“The mean difference is significant at the 0.017 level.
2 Adjustment for multiple comparisons: Bonferroni.

Bold face indicates that the effect is significant at 5% level.
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Univariate Testing

Before analyzing univariate results to compare the performance of the subjects in
three time groups for each dependent variable, it is essential to test the sphericity first
because time is a within-subjects factor.

Testing Sphericity Table 7.6 shows that Mauchly’s statistic is not significant for
any of the three dependent variables as p values associated with chi-square for all
the dependent variables are more than 0.05. It may therefore be concluded that the
sphericity assumption is not violated in any of the dependent variable, hence no cor-
rection is required for sphericity.

Since sphericity has not been violated, the results shown in front of the ‘Sphericity
Assumed’ row in Table 7.7 shall be discussed to test the hypothesis related to the
univariate repeated measures ANOVA. Due to multiple ANOVA the family-wise
error rate for testing the significance of F value in univariate ANOVA shall be
0.017(= 0.05/3) instead of 0.05. Table 7.7 shows that the F values (Sphericity
Assumed) for Maths, English, and Reasoning are significant because p values
associated with these F are less than 0.017. To find as to which time of testing
is more productive in each case, pair-wise comparison of marginal means shall
be done.

Table 7.8 gives the marginal means and confidence intervals for each cell. This
information is useful to have an idea about the variation of the performance in each
group and will also be used to interpret the means plot of each dependent variable.

Pair-Wise Comparison of Marginal Means Since post-hoc test cannot be applied
for the repeated measures design, no option for comparing the marginal means of
different time groups for each of the dependent variable is available for the repeated
measures design in SPSS. It uses paired t test for comparing each pair of the marginal
group means. Due to multiple comparisons the family-wise error rate inflates, and to
compensate this error, Bonferroni correction (for detail see Chapter 2) option has
been used in SPSS while comparing (Figure 7.9). Table 7.9 provides the pair-wise
comparison of marginal means of different time groups in each dependent variable.
Significance of mean difference shall be tested at the significance level 0.017. All
significant mean differences have been marked with asterisk (¥).

Means Plot of Maths Figure 7.13 shows the means plot of Maths. This means plot
has been generated by using the contents of Tables 7.8 and 7.9 for the dependent vari-
able Maths. It can be noted from this figure that the subject’s performance is higher
during afternoon as well as evening testing in comparison to that of morning testing.
However, there is no difference in the Maths performance if tested in the afternoon
and evening. It may therefore be concluded that the performance of the students on
mathematics is improved if tested either in the afternoon or evening, whereas the
performance is least if tested in the morning.
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Means Plot of English Figure 7.14 shows the means plot of English. This figure has
been generated by using the contents of Tables 7.8 and 7.9 for the dependent variable
English. It may be seen in this figure that the subject’s performance is higher during
afternoon in comparison to that of morning testing. Thus, it may be concluded that the
performance of the students on English improves if tested in the afternoon, whereas
the performance is least if tested in the morning.

Means Plot of Reasoning Figure 7.15 is a means plot of Reasoning. This figure
reveals that the subject’s performance in reasoning is the best if tested in the morning
in comparison to that of the performance in the afternoon as well as in the evening.
There is no difference in the student’s performance on reasoning tested in the
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Figure 7.15 Marginal means plot of Reasoning

afternoon and evening. It may therefore be concluded that during the morning time
student’s performance in reasoning testing is the best.

How to Report the Findings

In this illustration, one-way repeated measure MANOVA was used to investigate
the effect of Time (within-subjects) on a group of dependent variables (Maths,
English, and Reasoning). The hypotheses were tested at the family-wise error rate
of 0.05.

Assumptions To test the suitability of using one-way repeated measures MANOVA,
its assumptions were tested which are as follows:

e Since the independent variable (Time) is categorical and dependent variables
(marks on Maths, English, and Reasoning) are continuous, assumption about
data type holds true.

e Since subject’s performance was tested independently with each other, the
assumptions of independence also hold true.

e The dependent variables did not seem to be correlated, this assumption was
violated (Table 7.3).

e Since Shapiro—Wilk statistic was not significant in each of the nine groups of
scores, the assumption of normality is not violated (Table 7.4).

e Exceptone, no other outlier exists, hence this assumption can also be considered
to be true because the outlier is not extreme (Figure 7.10(c)).

Testing Multivariate Effect
e There was a significant multivariate effect across within-subjects time point

regardless of subjects (Maths, English, and Reasoning): Wilks’ Lambda = 0.99,
F(6,32) = 11.585, p < 0.001.
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Testing Univariate Effect Since sphericity assumption was not violated for the data
in all the three dependent variables for comparing the performance across the time,
no correction was applied (Table 7.6).

e There was a significant effect across within-subjects time point in Maths,
F(2,18) = 21.781, p < 0.017. The subject’s performance was higher during
afternoon (p = 0.000) as well as evening testing (p = 0.007) in comparison
to that of morning testing. However, there was no difference in the maths
performance if tested in the afternoon and evening (Figure 7.13).

e There was a significant effect across within-subjects time point in English
F(2,18) =11.335, p < 0.017.

The subject’s performance on English was higher during afternoon (p = 0.013) in
comparison to if tested in morning (Figure 7.14).

e There was a significant effect across within-subjects time point in Reasoning,
F(2,18) = 21.832, p < 0.017. The subject’s performance in reasoning was the
best when tested in the morning in comparison to that of the performance in
the afternoon (p = 0.000) and evening (p = 0.004). There was no difference
in the student’s performance on reasoning tested in the afternoon and evening
(Figure 7.15).

Inference

On the basis of the sampled data in the illustration, it may be concluded that on the
whole the academic performance of the students varies if tested at different time of
the day. In Mathematics performance of the students was better when tested either
in the afternoon or in the evening. The performance in English was the best if tested
in the afternoon, whereas in Reasoning the performance of the students was best if
tested in the morning instead of afternoon or in the evening.

EXERCISE

7.1. Explain the situations where repeated measures MANOVA can be used.

7.2. Discuss the assumptions of one-way repeated measures MANOVA. What
course of action you will take if dependent variables are not related or when
the multicollinearity exists.

7.3. Consider an experiment where one-way repeated measures MANOVA is used
to compare three different middle segment cars of Honda, Toyota, and Ford
companies. Each of the six subjects in the study rate these cars on the issue of
how much they are spacious. If space characteristics are assessed by means of
three variables, leg space, roof top, and dickey, then show the layout design in
the study.
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7.4. Discuss the steps involved in solving a one-way repeated measure MANOVA
design.

7.5. Identify a study in which one-way repeated measures MANOVA can be applied
and write the hypotheses which you would like to test. How the issue of inflat-
ing the family-wise error rate is taken care of in this design?

ASSIGNMENT

7.1. A mobile company wanted to have a feedback as to how its three different mod-
els of mobiles are received by the customers. Eight randomly selected subjects
participated in the study. Each subject was asked to rate all the three mobiles
in a random order on its three characteristics; look, features, and security. The
data so obtained are shown in Table 7.10. Apply one-way repeated measures
MANOVA to investigate the following:

a. Which mobile is liked by the subjects on the whole?
b. Which is the most attractive characteristics to the subjects?
c. Test your hypothesis by taking family-wise error rate («) as 0.05.

7.2. A health scientist organized an experiment to study the changes in performance
parameters on school children during lifestyle practices intervention. Each sub-
ject was tested for the concentration, memory, and alertness before starting
the intervention and after two and four weeks of the intervention. The data so
obtained are shown in Table 7.11. By assuming family-wise error rate («) as
0.05, apply one-way repeated measures MANOVA to investigate the following:

a. Which duration is better to improve performance of students on the whole?
b. Which duration is better to improve each performance parameter?

Table 7.10 Ratings of the Subjects on Different Characteristics of Mobiles

Mobile A Mobile B Mobile C

Look  Feature  Security Look  Feature Security Look  Feature  Security

23 22 25 25 24 20 27 23 22
23 24 27 26 25 23 26 24 20
25 19 26 29 25 24 26 25 24
23 18 24 25 26 23 25 26 23
24 17 27 24 24 20 24 22 25
24 21 25 29 26 21 26 26 26
25 20 24 26 25 19 25 24 20
22 23 24 25 22 18 24 23 24
23 21 24 26 25 22 23 25 21

25 20 25 27 27 21 26 24 23
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MIXED DESIGN WITH TWO-WAY
MANOVA

INTRODUCTION

In mixed design with two-way multivariate analysis of variance (MANOVA), effect
of two factors (between-subjects and within-subjects) on a group of dependent vari-
ables is investigated simultaneously. This design is also known as split plot design.
The mixed design with two-way MANOVA is particularly useful in a situation when
group difference on a latent variable is required to be compared across different
levels of the between-subjects as well as within-subjects factors. Variables like
health, personality, aggression, quality of drinks are the examples of latent variable.
These variables are known as latent variables because they are not directly measured.
For instance, health can be assessed by the parameters like blood pressure, heart beat,
and BMI; personality can be assessed by the constructs like openness, agreeableness,
and conscientiousness; aggression can be measured by the dimensions like anger,
hostility, and impulsivity; and quality of drinks may be assessed by the variables
like sweetness, flavor, and hardness. The advantage of this design is that one can
investigate the multivariate as well as univariate effects of within-subjects and
between-subjects factors along with the interaction between them on a group of
dependent variables. In mixed design with two-way MANOVA, the focus of an
investigator is to see whether the multivariate effect across the interaction between
within-subjects and between-subjects variables is significant or not. If the multivariate
effect of interaction is significant, then comparing multivariate effect across the levels
of the between-subjects variable and across the levels of the within-subjects variable

Repeated Measures Design for Empirical Researchers, First Edition. J. P. Verma.
© 2016 John Wiley & Sons, Inc. Published 2016 by John Wiley & Sons, Inc.
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becomes meaningless. In that case univariate analysis is carried out for analyzing the
interaction effect using mixed design with two-way ANOVA for each dependent vari-
able separately. But if the multivariate interaction effect is not significant, the whole
attention of the researcher is focused on investigating the multivariate main effects of
between-subjects and within-subjects variables on the group of dependent variables.
Mixed design with two-way MANOVA can be planned for two types of research
problems. Firstly, where levels of the within-subjects factor are different treatments
and secondly, where its levels are different time durations. Consider a study in
which the effect of hypertension and caffeine is investigated on the aggression.
Here hypertension is between-subjects factor with two levels (hypertensive and
non-hypertensive), whereas caffeine is a within-subjects factor with three different
intensities (low, medium, and high) and aggression is a dependent variable, measured
with three constructs like anger, hostility, and impulsivity. In this experiment levels
of the within-subjects factor (caffeine) are different treatments. Here the main
interest of the researcher is to compare the effects of different levels of caffeine on
the aggression. Now look into another experiment where effects of gender and time
on the fitness status are to be investigated during a 6-weeks exercise programme.
Here gender is a between-subjects factor with two levels (male and female), time is
a within-subjects variable with some levels say (initial, 4 weeks, 8 weeks, and 12
weeks), and fitness status is a dependent variable which may be measured through the
three parameters (cardio, strength, and flexibility). The purpose of this experiment
is to study the trend of improvement in fitness status of the subjects during the
exercise programme. Another purpose might be to find the optimum duration for the
improvement in fitness status during exercise intervention. In this chapter we shall
discuss the analysis of the first type of design where the levels of the within-subjects
factor are different treatments. This design shall be solved by using the SPSS.

WHAT HAPPENS IN MANOVA EXPERIMENT

One of the main advantages of the MANOVA analysis in mixed design is that it
facilitates an investigator to analyze the multivariate as well as univariate effects.
In other words, it helps a researcher to compare the means of identified groups of
subjects on a combination of dependent variables as well as on each of the dependent
variables. If multiple ANOVA experiments are planned instead of MANOVA, Type
I error rate inflates. On the other hand, MANOVA experiment provides a procedure
for controlling Type-I error because in such experiment univariate analysis is carried
out only if the multivariate effect is significant. Another reason for MANOVA
experiment to have more power is that it considers a set of different dependent
variables as one single entity. This single entity is just like a super-variable or
meta-variable. The next question is how to combine these dependent variables to
obtain the meta-variable. MANOVA creates this meta-variable by using a linear
combination of the dependent variables so as to maximize the group difference. The
group difference on this meta-variable is tested for significance by using either of
the two most popular multivariate tests Wilks’ Lambda or Pillai’s Trace. These tests
are equivalent to F test in univariate ANOVA.
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ASSUMPTIONS

In using mixed design with two-way MANOVA, certain assumptions need to be sat-
isfied. MANOVA is very robust against the violation of normality assumption, but
is very sensitive to the assumption of homogeneity of variance covariance matrices.
The assumptions like data type, sample size, and independence of observations are
the design issues. The SPSS software can be used to check most of these assumptions.
Assumptions that are required for this design are as follows:

Multivariate Analysis

a. Data type. There should be two categorical independent variables, out of which
one should be between-subjects and the other within-subjects. There should be
two or more dependent variables measured on the metric scale. The dependent
variables should be such that they can coherently be explained.

b. Sample Size. Number of observations must be at least higher than the number
of dependent variables. It is recommended to have minimum sample size of 20
in this design.

c. Independence of Observation. The observations obtained on each subject must
be independent to each other.

d. Missing Data. This design requires complete data for all subjects. In other
words, no missing observation for any subject should be there in the experiment.

e. Outliers. No outlier should exist in each group of the independent variable for
any of the dependent variables. This assumption can be verified by using the
Box Plot generated in the SPSS.

f. Linear Relationship. All the dependent variables should be reasonably related to
each other in each cell. These relationships should be linear. These assumptions
can be tested by means of the bi-variate correlations and scatter plots generated
by using SPSS.

g. Normality. Multivariate normality should exist. As an approximation it is good
enough to test the normality of data in each cell. In other words, the data for each
dependent variable in each level of the independent variable should be normal.
Normality can be tested by using the Shapiro—Wilk test in SPSS. If normal-
ity assumption is violated, the procedure used for testing this design is robust
enough to protect type I error but in that case power of the test is sacrificed.

h. Multicollinearity. There should be reasonable correlation among the depen-
dent variables, but multicollinearity should not exist. If the correlation among
dependent variables is 0.9 or more, multicollinearity exists and in that case, this
assumption would be violated.

i. Homogeneity of Variance Covariance Matrices. The variance covariance matri-
ces in all the levels of the between-subjects factor must be same. This assump-
tion is tested by means of the Box’s M test in SPSS. Since this assumption is
very sensitive and affect the findings of the analysis too much, the significance
of the Box’s M test is tested at the level 0.001.
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Univariate Analysis

j. Sphericity. There should be no sphericity in the data. If the sphericity assump-
tion is violated, appropriate correction may be applied to compensate the type
I error. This assumption can be tested by means of Mauchly’s W test in SPSS.
The sphericity assumption is tested only in a situation where the independent
factor has more than two levels.

k. Homogeneity of Variances. Variance for the data obtained on each dependent
variable must be same in all the levels of the between-subjects variable sepa-
rately in each level of the within-subjects variable. This assumption is tested by
the Levene’s test.

LAYOUT DESIGN

Layout of the mixed design with two-way MANOVA depends upon whether the levels
of the independent factor are different treatment conditions or time periods. Thus, the
two different layout designs are as follows:

Case I: When the Levels of Within-Subjects Factor are Different Treatments

In this design layout, all the subjects in each level of the between-subjects factor are
tested on multiple dependent variables under each treatment of within-subjects factor.

Reasonable time gap is given between any two treatments in order to done away the
learning or fatigue effect while undergoing treatment. In this design counterbalancing
is done to remove the order effect if any. Consider the above-discussed experiment
of caffeine in which six hypertensive and six non-hypertensive subjects are tested for
their aggression through three constructs like anger, hostility, and impulsivity after
exposing them to three different levels (low, medium, and high) of caffeine con-
sumption. One of the layouts in the mixed design with two-way MANOVA in this
experiment can be shown by the Figure 8.1.

In this design all subjects in each level of between-subjects factor (hypertensive
status) are tested on all the three dependent variables (anger, hostility, and impul-
sivity) in each level of the within-subjects factor (caffeine), but not in a particular
sequence. All the six hypertensive subjects are divided into three groups randomly
and then treatments are randomly allocated to these groups. In may be seen from the
testing protocol in Figure 8.1 that in the first phase of testing the hypertensive sub-
jects, H2 and HS5, are tested on all the three dependent variables after exposing them
to low caffeine, H3 and H6 are tested after exposing them to medium caffeine, and
H1 and H4 are tested after having being exposed to high caffeine. This order has been
randomized in the second and third phase of testing. Randomization of allocation of
treatments to the subjects can be done differently also, the only consideration is that
all the subjects in each category of the between-subjects variable should be tested in
all the three treatment conditions. Similarly, randomization of treatments can be done
for the subjects in the non-hypertensive group as shown in the Figure 8.1.



APPLICATION 193

Testing protocol
Factor 2: Caffeine

Low ] [ Medium ] High
Anger  Hostility Impulsivity Anger  Hostility Impulsivity Anger  Hostility Impulsivity
First phase H2 H2 H2 H3 H3 H3 H1 H1 H1
testing H5 H5 H5 He He He Ha Ha Ha
Second phase H3 H3 H3 H1 H1 H1 H2 H2 H2 .
testing Hypertension
H6 He H6 H4 H4 H4 H5 H5 H5

Third phase H1 H1 H1 H2 H2 H2 H3 H3 H3 /
testing Ha4 H4 Ha4 H5 H5 H5 He He6 He

First phase N1 N12 N1 N2 N2 N2 N4 N4 N4

testing N3 N3 N3 N6 N6 N6 N5 N5 N5 \
Secondphase N2 N2 N2 N4 N4 N4 N1 N1 NT on hypertension
testing N6 N6 N6 N5 N5 N5 N3 N3 N3

Third phase N4 N4 N4 N1 N1 N1 N2 N2 N2 /
testing N5 N5 NS N3 N3 N3 N6 N6 N6

Figure 8.1 Layout of the mixed design with two-way MANOVA where levels of the
within-subject factor are different treatment conditions

Factor 1: Hypertension status

Case II: When the Levels of the Within-Subjects Factor are Different Time
Durations

The purpose of this design is to investigate the response pattern of the subjects on
a group of dependent variables in different durations of the within-subjects factor
(Time) during treatment. The randomization and counterbalancing are non-issues in
this design. The researcher is mainly concerned in studying the trend of improve-
ment in different durations and to compare such trends in different levels of the
between-subjects factor. Consider the above-discussed example of studying the effect
of exercise programme on fitness parameters. Let us assume that the six male and six
female subjects are randomly selected for the study to see the impact of the exercise
programme on their fitness status (cardio, strength, and flexibility) in different dura-
tions of the training (initial, 4 weeks, 8 weeks, and 12 weeks). In this design all the
subjects in each category of the between-subjects (gender) factor are tested on all the
dependent variables (cardio, strength, and flexibility) repeatedly at each time point
(different levels of within-subjects factor). One of the layouts of this type of mixed
design with two-way MANOVA can be shown by the Figure 8.2.

APPLICATION

There may be lot of application of the mixed design with two-way MANOVA in
different disciplines. Some of the specific applications are discussed as follows:

1. A medical researcher may like to see the response of tuberculosis drug on the
conditions of the male and female patients over the period of time during the
treatment. In doing so a mixed design with two-way MANOVA experiment may



194

Factor 1: Gender

MIXED DESIGN WITH TWO-WAY MANOVA
Testing protocol
Factor 2: Time
Initial 2 Weeks 4 Weeks 6 Weeks
Cardio Strength Flexibility Cardio Strength Flexibility =~ Cardio Strength Flexibility Cardio Strength Flexibility
M1 M1 M1 M1 M1 M1 M1 M1 M1 M1 M1 M1
M2 M2 M2 M2 M2 M2 M2 M2 M2 M2 M2 M2\
M3 M3 M3 M3 M3 M3 M3 M3 M3 M3 M3 M3
Male Male
M4 M4 M4 M4 M4 M4 M4 M4 M4 M4 M4 M4
M5 M5 M5 M5 M5 M5 M5 M5 M5 M5 M5 M5
M6 M6 M6 M6 M6 M6 M6 M6 M6 M6 M6 M6
F1 F1 F1 F1 F1 F1 F1 F1 F1 F1 F1 F1
F2 F2 F2 F2 F2 F2 F2 F2 F2 F2 F2 F2
F3 F3 F3 F3 F3 F3 F3 F3 F3 F3 F3 F3
Female Female
Fa Fa F4 F4 F4 Fa Fa Fa Fa Fa4 Fa Fa4
F5 F5 F5 F5 F5 F5 F5 F5 F5 F5 F5 F5 /
F6 F6 Fé F6 F6 Fé Fé Fé F6 Fé Fé F6

Figure 8.2 Layout of the mixed design with two-way MANOVA where levels of the
within-subjects factor are time durations

be planned. The patients in the male and female categories may be tested on the
parameters like serum LDH, lungs power, and weight before starting the drug,
after two, four, and six weeks of the drug administration. Here time would be a
within-subjects variable, whereas gender would be a between-subjects variable.

. A market researcher may wish to investigate the effect of gender and toothpaste

brand on the buying behavior of customers on the basis of toothpaste features
(therapeutic, taste, and fragrance). This analysis may reveal the difference in
mean response on the features across different brands of toothpaste. Further,
in-depth analysis may reveal as to which feature is more useful in buying a par-
ticular brand of toothpaste and the preference of gender for a particular feature
of toothpaste based on a particular brand.

. A nutritionist may wish to investigate the effect of gender and duration on

the change in lifestyle indicators (fat%, cholesterol, and weight) in a six-week
health awareness programme. This design facilitates a researcher to investigate
performance trend of subjects during training programme. The subjects in male
and female categories may be tested repeatedly on fat%, cholesterol, and weight
before starting the programme and after two, four, and six weeks of the pro-
gramme. Here the gender would be a between-subjects variable with two levels
(male and female), whereas the time would be a within-subjects variable with
four levels (initial, two weeks, four weeks, and six weeks).

STEPS IN SOLVING MIXED DESIGN WITH TWO-WAY MANOVA

In mixed MANOVA analysis is done in two phases. Firstly, the effect of independent
variables is examined on the combined group of dependent variables, and secondly,
the effects of independent variables are investigated in each of the dependent variable
separately. While group differences (of dependent variables) in different categories of
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the independent variable are checked with multivariate techniques using MANOVA,
the individual differences (each dependent variable) are assessed by using the uni-
variate ANOVA. Following steps are used in solving this design.

1.

SANRANE

Check the assumptions of data type, independence of measurements, outliers,
linearity, normality, multicollinearity, equality of variance, and equality of
variance—covariance matrices.

Describe layout of the design

Specify research questions to be investigated

Formulate multivariate and univariate hypotheses to be tested

Decide the family-wise error rate («) for the design.

Use SPSS commands to generate the following outputs

a. Levene’s test for equality of variances

b. Box’s M test for equality of variance covariance matrices

c. MANOVA table containing Wilks’ Lambda and other multivariate test
statistics for testing the significance of between-subjects effect, within-
subjects effect, and interaction effect between the two independent factors,
on the group of dependent variables.

d. Mauchly’s test of sphericity for within-subjects variance in each of the
dependent variable (all levels of the between-subjects combined)

e. ANOVA table for testing the significance of between-subjects variable
on each of the dependent variable (all levels of within-subjects variables
combined).

f. Estimated marginal means for between-subjects main effect comparisons

g. Repeated measures ANOVA table for testing the significance of
within-subjects factor (all levels of between-subjects factor combined) and
interaction effect on each of the dependent variable

h. Estimated marginal means for within-subjects main effect comparisons.

i. Marginal means plots

If interaction effect in the MANOVA table generated in the output 6(c) is not

significant, report the effect of between-subjects and within-subjects factors in

the table and conclude accordingly. In that situation perform repeated mixed
rANOVA for each dependent variable separately to investigate main effects.

But if the interaction is significant, find the simple effect of between-subjects

and within-subjects factors for each dependent variable separately.

. Simple effect of within-subjects factor is obtained by using the SPSS com-

mands for the one-way repeated measures ANOVA after splitting the data file
(developed in the MANOVA analysis). The following outputs are generated:

a. Mauchly’s Test of Sphericity

b. F-tests for within-subjects effects in each category of the between-subjects
factor

c. Descriptive statistics for each dependent variable in each category of the
between-subjects factor
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d. Pair-wise comparisons of marginal means in each category of the
between-subjects factor
9. Simple effect of between-subjects factor is obtained by using the SPSS com-
mands for the independent measures one-way ANOVA. The following outputs
are generated:

a. Descriptive statistics

b. Levene’s test for equality of variances

c. ANOVA table for testing the effect of between-subjects factor in each level
of the within-subjects factor.

d. Post hoc table for pair-wise comparison of means (if levels of the
between-subjects are more than two).

10. Report the findings of MANOVA and univariate ANOVAs along with simple
effects to address the research questions.

The procedure used in solving this design shall be explained with the help of the
illustration discussed below.

ILLUSTRATION

A chocolate manufacturing company wishes to introduce three different types of
chocolate in the market. Before its launch, marketing research team wishes to know
as to how the people in the age category of 15 to 25 would react to these chocolates.
Further, they wish to investigate gender preference to different types of chocolates. A
study was planned in which 10 male and 10 female subjects were randomly selected.
They were given three types of chocolates (dark, milk, and white) to taste in a random
order after some interval of time. After they consumed the chocolate, they were asked
to give their response on the three characteristics of the chocolate (taste, crunchiness,
and flavor). The responses so obtained are shown in the Table 8.1. Let us see how
the two factors mixed MANOVA technique can be used to solve this between-within
design to address the issues of the research team.

Layout Design

In this illustration the effect of chocolate type and sex on the subject’s response
towards chocolate characteristics shall be investigated. The response of all the male
and female subjects was taken after tasting all the three types of chocolates. Here
chocolate type is a within-subjects and sex is a between-subjects factors, respectively.
The design used in this illustration is a mixed design with two-way MANOVA, the
layout of which can be shown by the Figure 8.3.

In this design response of all the subjects in male and female sections were
recorded on all the three dependent variables (taste, crunchiness, and flavor) for each
type of the chocolate, but not in a particular sequence. All ten male subjects were
divided into three groups randomly and then treatments were randomly allocated to
these groups. It can be seen from the testing protocol in Figure 8.3 that in the first
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Table 8.1 Response on the Characteristics of Chocolate

Subject Dark Milk White
Chocolate Chocolate Chocolate

Taste Crunchiness Flavor Taste Crunchiness Flavor Taste Crunchiness Flavor

Sex Male 1 5 4 5 7 6 6 5 5 6
2 4 5 4 5 5 7 6 4 5
3 6 5 6 7 6 7 5 5 4
4 5 4 7 8 7 8 7 5 5
5 4 5 6 6 8 7 5 6 6
6 5 6 4 7 7 8 6 5 5
7 4 5 6 7 6 8 6 6 5
8 6 5 5 8 8 7 5 5 6
9 7 5 6 7 7 8 5 4 5
10 5 6 4 7 7 7 6 5 4
Female 1 7 6 7 4 5 6 7 5 5
2 6 8 6 3 4 5 5 5 4
3 8 7 6 3 3 5 8 4 5
4 6 8 8 5 4 6 7 3 6
5 5 9 6 4 4 5 5 5 6
6 7 8 5 6 6 4 6 4 5
7 7 9 8 6 6 5 6 3 6
8 5 9 6 5 8 6 5 4 5
9 6 7 5 3 6 4 7 4 5
10 8 7 6 4 4 5 4 5 6
Testing protocol
Factor 2: Chocolate
| Dark | | Milk | | White |
Taste Crunc-  Flavour Taste Crunc-  Flavour Taste Crunc-  Flavour
hiness hiness hiness
First phase M1 M1 M1 M3 M3 M3 M2 M2 M2
testing M4 M4 M4 M5 M5 M5 M6 M6 M6 \
M8 M8 M8 M9 M9 M9 M7 M7 M7
M10 M10 M10
Second phase M3 M3 M3 mz mz mz m1 m1 m1
testing Mo Mo Mo My My it Mo Mo M8 Male
Mi0 M10 Mi0
Tipass M M2 MW MW e w /
testing M7 M7 M7 m8 M8 M8 M9 M9 M9
% M10 M10 M10
n
‘8 First phase F2 F2 F2 F1 F1 F1 F4 sS4 F4
P testing F5 F5 F5 F3 F3 F3 F6 F6 F6 \
s9 F9 Fo F8 F8 F8 F7 F7 F7
F10 F10 F10
Second phase E; E; E; f o . Eg i?, Eg
testing F8 F8 F8 F6 F6 F6 Fo Fo Fo omale
F10 F10 F10 F7 F7 F7
F1 F1 F1
; s s S! F2 F2 F2 F3 F F3
Third phase - - o F5 F5 F5 F8 o F8
testing s8 s8 s8 Fo F9 Fo F10 F10 F10

Figure 8.3 Layout of the mixed design with two factors in the illustration
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phase of testing three male subjects, M1, M4, and M8 were asked for their response
on the dark chocolate, M3, M5, and M9 on the milk chocolate, and M2, M6, M7,
and M 10 on the white chocolate. This order was randomized in the second and third
phase of testing. Sufficient time gap was provided between different phases of testing
in order to done away the carryover effect. Random allocation of treatments to the
subjects was done for counterbalancing. Randomization of allocation of treatment
conditions to the subjects can be done differently also; the only consideration is that
each of the ten male subjects should be tested in all the three treatment conditions.
Similarly randomization of treatment was done for the female subjects as shown in
Figure 8.3.

Research Questions

The following research questions need to be investigated in this illustration.

a. Whether the chocolate type affects the subject’s response on the overall choco-
late characteristics irrespective of the sex?

b. Whether sex affects the subject’s response on the overall chocolate characteris-
tics irrespective of the chocolate types?

c. Whether interaction of sex and chocolate type affects the subject’s response on
the overall chocolate characteristics?

d. Whether the chocolate type affects the subject’s response on each of the choco-
late characteristics in each sex?

e. Whether the male and female response differs on each of the chocolate charac-
teristics in each type of chocolate.

Hypotheses Construction

a. The first research question shall be tested by the following null hypothesis:

H, : There is no difference between group mean vectors of the subject’s
response in three types of chocolate irrespective of the sex.
against

H, : Atleast one group mean vector differs. 8.1

Mathematically the null hypothesis can be written as follows:

Haste HTastes
HO : HcCrunchiness = | HCrunchiness
HFlavour Dark _Chocolate HElavour Milk _Chocolate
Haste

HcCrunchiness

HFlavour 'Whit_Chocolate
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b. The second research question shall be tested by the following null hypothesis:

H, : There is no difference between group mean vectors of the subject’s
response in two different sexes irrespective of the chocolate.
against

H, : Atleast one group mean vector differs. (8.2)

Mathematically the null hypothesis can be written as follows:

HTaste Hastes
Hy @ | Herunchiness = | HCrunchiness
HFlavour Male HF1avour Female

c. The third research question shall be tested by the following null hypothesis

H, : There is no interaction between sex and chocolate type on group mean
vectors of the subject’s response.

against

H, : The interaction between sex and chocolate type on group mean vectors of
the subject’s response is significant. (8.3)

d. The fourth research question shall be investigated by testing the following null
hypothesis for each chocolate characteristics in male and female group sepa-
rately.

HO * MDark_Chocolate = MMilk_Chocolate = MWhite_Chocolate
against

H, : At least any one group mean differs. (8.4)

e. The fifth research question shall be examined by testing the following null
hypothesis for each chocolate characteristics in each chocolate type separately.

HO : HMale = HFemale

against
Hl * MMale 75 HrFemale (85)

Testing the first set of hypotheses shall answer the first research questions as to
whether the subject’s response on the combined chocolate characteristics differs in
three different chocolate groups. This hypothesis shall be tested by using the Wilks’
test in MANOVA table.

Wilks’ test is generally used in MANOVA analysis, but if the sample size is small
or the levels of factor are two then Pillai’s test proves to be the better option.
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Since Wilks’ lambda indicates the proportion of variance in the combination of
dependent variables (taste, crunchiness, and flavor) that is unaccounted for by the
independent variable (chocolate type); lesser its value more is the variation in the
group mean vectors. Wilks’ lambda statistic follows approximately F distribution,
hence F statistic is also computed in the MANOVA output. Thus, for the maximum
group difference Wilks’ lambda should be low and the corresponding F value should
be significant.

The second and third hypotheses shall also be tested by using the Wilks’
lambda along with its associated F value computed for the Sex and Interaction
in the MANOVA table. If the interaction is significant, the fourth and fifth set of
hypotheses shall be tested by means of univariate analysis for each of the dependent
variable separately. If F' value in any univariate ANOVA for between-subjects
factor is significant, the post hoc test shall be applied for comparing the group
means using Tukey HSD test. Similarly if the F value in any univariate ANOVA for
within-subjects factor is significant, the group means will be compared by using the
Bonferroni correction.

Level of Significance

The family-wise error rate () shall be taken as 0.05 in this illustration. If the
Wilks’ test for interaction is significant, two univariate repeated measures ANOVA
for within-subjects and three univariate independent measures ANOVA for
between-subjects shall be applied in order to address research questions. This will
inflate the family-wise error rate (a). To compensate this, appropriate correction in
the level of significance would be made while testing the significance of F value in
testing the simple effect.

Solving Mixed Design with Two-Way MANOVA Using SPSS

Procedure in solving the mixed design with MANOVA shall be discussed by means
of the data shown in the illustration using SPSS. Reader should note carefully the
format of data file in this design. In Variable View define all the below mentioned
nine variables as metric:

Taste_Dark
Crunch_Dark
Flavor_Dark
Taste_Milk
Crunch_Milk
Flavor_Milk
Taste_ White
Crunch_White
Flavor_White

In Data View enter the data of the Table 8.1 column-wise as shown in the
Figure 8.4. Once the data file is prepared, click on the following sequence of
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Figure 8.5 Screen for initiating commands for mixed design with MANOVA

commands as shown in Figure 8.5 to get the screen shown in Figure 8.6 for defining
independent and dependent variables.

Analyze — General Linear Model —» Repeated Measures

By default factor 1 is written in “Within-Subject Factor Name” section as shown
in Figure 8.6a. Replace this by the independent variable Chocolate (within-subjects)

::tRapantad Maxsurse Defive Fosiar(z) (% i+ Repeated Measures Define Faclor(s) f§
Within-Subject Factar Name:
E Wyithin-Subject Factor Mame:
|factort | 0 |
Shmberothmvels L] Number of Levels: | |

(Chocolate(3)

(a) (b)

Figure 8.6 Screen showing options for defining independent and dependent variables
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and write the number of levels as 3 as there are three levels (dark, milk, and white).
Click on Add to enter this information into the box. Write the name of all the three
dependent variables (Taste, Crunchiness, and Flavor) one by one in “Measure Name”
section by clicking on Add. After defining these variables the screen shall look like as
shown in Figure 8.6b. Be careful in defining the independent and dependent variables
at this stage; the first letter should always be alphabet, and if the name consists of two
words, it should be joined by using the underscore only. No other special character is
permitted while defining the names of the variable.

After clicking on the command Define in the Figure 8.6b, the screen as shown
in Figure 8.7a shall be obtained for selecting the variables defined in the data file.
Selection of variable is very tricky at this stage.

Pickup the three variables Taste_Dark, Taste_Milk, and Taste_White from the
list of variables in the left panel and bring them to the “Within-Subjects Variables”
section of the screen in the right panel by using the arrow key. The screen shall
look like Figure 8.7b. Now pick up the variables Crunch_Dark, Crunch_Milk,
and Crunch_White and bring them in the right panel, thereafter shift the variables
Flavor_Dark, Flavor_Milk, and Flavor_White. After shifting all the variables from
the left panel to the right side the screen shall look like as shown in Figure 8.7c. Be
careful about the order of the variables to be inserted in the section marked with
“Within-Subjects Variables”. Shifted variables should coincide with the sequence of
the variables shown in the right panel in Figure 8.7a.

After selecting the variables, option needs to be defined for generating means plot
in univariate repeated ANOVA for each dependent variable. Click on the Plots com-
mand to get the screen as shown in Figure 8.8. Do the following:

a. Transfer the variables Sex and Chocolate from the “Factors” section to the
“Separate Lines” and “Horizontal Axis” areas, respectively, for generating
means plots for each dependent variable for comparing the simple effects
of between-subjects factor (Sex) in each level of the within-subjects factor
(Chocolate). Click on Add.

e —
{ WO et vwnbes v

o S e

# o e D
P fovi s

o s s |

N o Fnas 18 P 1

# o pruprser

o oo ot s

. - -

o | o || b | _Bem || Cvcd || e o | peu | poe | oo | e

(@) (b) (©)

Figure 8.7 Screen showing option for selecting variables defining all treatment combinations
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b. Transfer the variables Chocolate and Sex from the “Factors” section to the
“Separate Lines” and “Horizontal Axis” areas, respectively, for generating
means plots for each dependent variable for comparing the simple effect of
within-subjects factor (Chocolate) in each level of the between-subjects factor
(Sex). Click on Add.

After selecting the above-mentioned options for the various means plots click on
Continue in the screen shown in Figure 8.8. This will take you back to the screen
shown in Figure 8.7c.

Click on the option Post Hoc for testing the effect of between-subjects factor (Sex)
in each level of the within-subjects factor (Chocolate) separately for each dependent
variable. Transfer the variable Sex from the “Factor(s)” section to the “Post Hoc Tests
for” section in screen as shown in Figure 8.9. Select “Tukey’ as an option for post hoc
test. This is the most appropriate option for the post hoc test if the assumptions are
satisfied. Click on Continue to get back the screen shown in Figure 8.7c for further
options.

Click on Options command to open the Repeated Measures Options sub-dialogue
box as shown in Figure 8.10. On this screen shift the factors Sex, Chocolate, and
Sex X Chocolate from the “Factor(s) and Factor Interactions” section from the left
panel to the “Display Means for” section in the right panel by using the arrow key.
This will generate marginal means of Sex, Chocolate, and means for each cell.

Check the option ‘Compare main effects’ and select the option ‘Bonferroni’ in
the dialogue box “Confidence Interval adjustment”. This will generate the output for
testing the effects of within-subjects factor (Sex) separately for each dependent vari-
able. There is no post hoc test available for within-subjects factor; hence Bonferroni
correction is required to compensate the inflated family-wise error rate («) due to
multiple comparisons. For detail discussion on this correction readers are advised to
refer to the Chapter 3.

Check ‘Descriptive statistics’, ‘Estimates of effect size’, and ‘Homogeneity tests’
options in the “Display” area for generating various outputs related to descriptive

vi Repeated Measures: Profile Plots

Eactors: - 1 izontal Axis: .
Sex | [
Chocolate Soacala Lin

] arste =3

Separate Plots:
dll
Plats:
Chocolate*Sex
Sex*Chocolate
[ contiue J[ cancel || Hew |

Figure 8.8 Screen showing option for various means plot for each dependent variable
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Figure 8.10 Screen showing options for
(Chocolate) and other statistics

comparing the effect of within-subjects factor

statistics, efficiency, and homogeneity conditions. Click on Continue to get back to
the screen shown in Figure 8.7c. Click on OK for generating various outputs in this

design.

SPSS Output and Interpretation

SPSS generates plenty of outputs in two-way mixed MANOVA, but only follow-
ing relevant outputs need to be picked up for interpretation. Except marginal means

plots, other outputs for the simple effe

ct are not generated in this main analysis.

These outputs are separately generated by using the procedure discussed later in this

chapter.
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Multivariate Outcome

1.
2.
3.

Levene’s test for equality of variances (Table 8.5)
Box’s M test for equality of variance-covariance matrices (Table 8.6)
Multivariate tests of within-subjects effects (Table 8.8)

Main effect of Each Dependent Variable

4.

5.

6.

7.

Estimated marginal means for between-subjects main effect comparisons
(Table 8.9)

Between group univariate ANOVA table for between-subjects main effect
(Table 8.10)

Estimated marginal means for within-subjects main effect comparisons
(Table 8.11)

Repeated measures ANOVA table for within-subjects main effect and interac-
tion effect (Table 8.12)

Simple Effect of Each Dependent Variable

8.
9.

10.

11.

12.

13.

14.

15.

16.

Mauchly’s Test of Sphericity (Tables 8.13, 8.20, and 8.27)

F-tests for Chocolate (within-subjects) effects in each sex category (Tables 8.14,
8.21, and 8.28)

Descriptive statistics for each dependent variable in each sex (Tables 8.15, 8.22,
and 8.29)

Pair-wise comparisons of marginal means in each sex category (Tables 8.16,
8.23, and 8.30)

Marginal means plot of each dependent variable (Sex X Chocolate)
(Figures 8.17, 8.22, and 8.24)

Test of Homogeneity of Variances for each dependent variable (Tables 8.17,
8.24, and 8.31)

F-table for sex (between-subjects) effects in each chocolate category
(Tables 8.18, 8.25, and 8.32)

Descriptive statistics for each dependent variable in each type of chocolate
(Tables 8.19, 8.26, and 8.33)

Marginal means plot of each dependent variable (Chocolate X Sex)
(Figures 8.21, 8.23, and 8.25)

Testing Assumptions

The mixed design with two-way MANOVA shall provide reliable findings only if the
assumptions required for it hold true. Before discussing the findings of this analysis
on the basis of the results generated in SPSS, let us first test these assumptions.

Data Type In this illustration all the three dependent variables (taste, crunchiness,
and flavor) are numeric and the independent variables (sex and chocolate) are cate-
gorical, hence the assumption of data type holds true.
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Testing Correlations Utility of MANOVA design lies in the fact that the depen-
dent variables are reasonably related with each other. Hence this assumption needs to
be tested first. Let us examine the relationships among dependent variables in each
category of the within-subjects factor by computing correlation matrix in male and
female categories separately. This has been done by splitting the original data file
(Figure 8.4) developed for the SPSS analysis.

Splitting Data File To split the data file into different sex category developed in
SPSS, click on Data command in the header and then click on Split File in the sub-
menu as shown in Figure 8.11. This will take you to the screen shown in Figure 8.12.
Choose the radio button option ‘Organize output by groups’ and transfer the variable
Sex from left panel into the area marked with “Grouped based on” in the right panel.
Ensure that the radio button ‘Sort the file by grouping variables’ is selected. This
option is selected by default. Click on OK to get the data file splitted as per the sex
category.

After splitting the data file go back to the data file, click on the following sequence
of commands and select all the variables except the sex in the window to generate the
correlation matrix for male and female separately:

Analyze —» Correlate —— Bivariate

Tables 8.2 and 8.3 show the correlation matrix of all the variables in the male and
female categories respectively.

In a situation where correlations among dependent variables are either very low
or very high, the mixed design with two-way MANOVA is not appropriate. If the
correlation is very low (<0.3), the univariate analysis should be done to investigate
the effect of independent factors on each of the dependent variable separately instead
of MANOVA. This yardstick is applicable only if the sample size in each cell is at
least 20. However, if the correlation among dependent variables is very high (>0.9),
it indicates multicollinearity and in that case one of the variables should be dropped
because the variables having high correlation indicates the same thing.

Let us examine the relationship in this illustration. Table 8.2 shows that in the
male category the correlation between Taste_Dark and Crunch_Dark is 0.000, and

i1 *Chapter f.sav [DalaSet?] - SP%% Data Cditor
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Figure 8.11 Screen for initiating commands for splitting data file
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4 Split File 3

& Taste_Dark [Taste_Dark] () Anabyze all cases, do not create groups
& Crunch_Dark [Crunch_D__

& Flavour_Dark [Flavour__ = S
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[ ox ) eeste ][ meset [ concer ][ rew |

Figure 8.12 Screen showing option for splitting the data file in different sex category

that of between Taste_Dark and Flavor_Dark is 0.179. Similarly, the correlation
between Taste_Milk and Flavor_Milk is 0.244, and that of between Crunch_Milk
and Flavor_Milk is 0.156. In the white chocolate category, the correlation between
Taste_White and Crunch_White is 0.000, and that of between Crunch_White and
Flavor_White is 0.226.

On the other hand, Table 8.3 shows that in the female category the correlation
between Taste_Dark and Flavor_Dark is 0.049, and that of between Crunch_Dark
and Flavor_Dark is 0.162. In the milk chocolate category, the correlation between
Taste_Milk and Flavor_Milk is 0.091, and that of between Crunch_Milk and Fla-
vor_Milk is 0.000. On the other hand, in the white chocolate category the correlation
between Taste_White and Flavor_White is —0.132.

All the correlations identified above indicate that the correlations among the
dependent variables are quite low and do not make sense to use MANOVA analysis.
But since these correlations have been calculated on the basis of only ten samples,
it is not correct to draw any conclusion about the utility of the MANOVA analysis.
If sample size would have been twenty or more in the illustration as recommended
for this design, the correlation might have been significant provided theory supports
clubbing these three variables together in assessing characteristics of chocolate.

Testing Normality Before we proceed further we need to test the normality assump-
tion. The SPSS provides the outputs for both the normality tests Kolmogorov—
Smirnov as well as Shapiro—Wilk, but the Shapiro—Wilk test shall be retained
here as the sample size is 10 only. By using the following sequence of commands
and selecting the option ‘Normality plots with test’ after clicking on the Options
command, the output shown in Table 8.4 has been obtained.

Analyze — Descriptive statistics — Explore

Readers are advised to refer to the Chapter 3 for its detail. Except Taste_Dark,
Flavor_Dark, and Crunch_Milk, all other variables are not normally distributed in
the male data. However, in the female data except Flavour_Milk, Crunch_White
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Table 8.4 Test of Normality

Shapiro—Wilk (Male) Shapiro—Wilk (Female)
Statistic df Sig. Statistic df Sig.

Taste_Dark 0.886 10  0.152 0.907 10 0.258
Crunch_Dark  0.815 10  0.022 0.895 10 0.191
Flavor_Dark 0.874 10  0.111 0.846 10 0.051
Taste_Milk 0.82 10  0.026 0.878 10 0.124
Crunch_Milk 0911 10  0.287 0.899 10 0.215
Flavor_Milk 0.802 10  0.015 0.833 10 0.036
Taste_White 0.781 10  0.008 094 10 0.55

Crunch_White 0.815 10  0.022 0.82 10 0.025
Flavor_White  0.833 10  0.036 0.802 10 0.015

Bold face indicates that the effect is significant at 5% level.

and Flavour_White variables all other variables are normally distributed. Since the
MANOVA analysis is robust against the violation of normality, slight deviation
from normality may not affect the findings severely. Only the variable Taste_White
is severely non-normal, whereas all the identified variables are mildly non-normal.
This can be compensated while testing the significance of the MANOVA statistic by
decreasing the p value.

Testing Outliers One of the main assumptions of this design is that there should be
no outlier in the data of each cell. The Box plot shall be used to detect the outlier in the
data. Since box plot for each variable in the male and female categories needs to be
created, we shall workout with the same split file which was generated in computing
correlation matrix. Click on the following commands in sequence:

Analyze — Descriptive statistics — Explore

Click on the command Statistics and select all the variables except Sex to
create box plots for identifying outliers in male and female sections separately.
Check the option ‘Outliers’ and click on Continue and OK to create various box
plots.

Some of the box plots in the male category have been reported to have the out-
liers in this illustration. The box plot shown in Figures 8.13 reveals that only 1st
and 6th data in the Crunch_Dark, 2nd, 4th, and 5th data in the Taste_Milk, and 2nd
and Sth data in the Crunch_White indicated by the SPSS are the outliers. Since
the data set is too small and the range of the response is also not large, it is up
to the researcher to decide whether these data can be considered to be the outliers
or not. In fact, SPSS only indicates that these data may be possible outliers; how-
ever, ultimate decision to recognize these data as outliers rests with the researcher.
There was no outlier reported in the box plots generated for the data in the female
category.
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Sex: Male Sex: Male Sex: Male
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Figure 8.13 Box plots for the data in male category

Homogeneity of Variances The outputs in Table 8.5 indicate that the assumption for
between group homogeneity of variance across sex groups for all the three dependent
variables (taste, crunchiness, and flavor), in each chocolate group, is satisfied as none
of the F value is significant at 5% level (p > 0.05).

Homogeneity of Variance Covariance Matrices The assumption of equality of
variance covariance matrices is tested by means of the Box’s M test. The output
for this test is generated along with the output generated in this design in SPSS
by selecting the appropriate option (Figure 8.10). The violation of this assumption
severely affects the results in the MANOVA analysis, hence the significance of Box’s
M statistic is tested at the level 0.001. Since the F value associated with the Box’s
M test is not significant (p > 0.001), the assumption of homogeneity of variance
covariance matrices is also met (Table 8.6).

Sphericity Assumption for Within-Subjects Conditions The outcomes in the
Table 8.7 are used for testing the sphericity assumption. Since the chi-square statistic
associated with Mauchly’s W statistic for each level of the within-subjects factor is
not significant, we can state that the Sphericity is assumed. This will guide us to
correct the line of univariate outcome in repeated measures ANOVA later.

Multivariate Testing

The first most important objective in using the mixed design with two-way MANOVA
is to compare the group difference of the responses of the subjects on the combined
characteristics of the chocolate in three different types of chocolate irrespective of the
sex. The another important objective in this illustration is to know, whether response
pattern of the male and female on the combined characteristics of the chocolate differs
in three different types of chocolates. This would be tested by testing the multivariate
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Table 8.5 Levene’s Test of Equality of Error Variances®

F df1 df2 Sig. (p-value)
Taste_Dark 0.396 1 18 0.537
Taste_Milk 2.166 1 18 0.158
Taste_White 3.000 1 18 0.100
Crunch_Dark 3.524 1 18 0.077
Crunch_Milk 2.199 1 18 0.155
Crunch_White 1.328 1 18 0.264
Flavor_Dark 0.107 1 18 0.747
Flavor_Milk 0.012 1 18 0.913
Flavor_White 0.012 1 18 0.913

Tests the null hypothesis that the error variance of the dependent variable is
equal across groups.

2Design: Intercept + Sex.

Within Subjects Design: Chocolate.

Table 8.6 Box’s Test of Equality of Covariance

Matrices?®

Box’s M 164.305
F 1.590
df1 45
df2 1.064E3
Sig. (p-value) 0.009

Tests the null hypothesis that the observed covariance matrices of
the dependent variables are equal across groups.

2Design: Intercept + Sex.

Within Subjects Design: Chocolate.

Table 8.7 Mauchly’s Test of Sphericity”

Within Measure Mauchly’s  Approx. df Sig.
Subjects W Chi-Square Epsilon®
Effect

Greenhouse— Huynh— Lower-

Geisser Feldt bound

Chocolate  Taste 0.979 0.365 2 0.833 0.979 1.000  0.500
Crunch 0.952 0.836 2 0.659 0.954 1.000  0.500

Flavor 0.966 0.595 2 0.743 0.967 1.000  0.500

2May be used to adjust the degrees of freedom for the averaged tests of significance. Corrected tests are

displayed in the Tests of Within-Subjects Effects table.
PDesign: Intercept + Sex.

Tests the null hypothesis that the error covariance matrix of the orthonormalized transformed dependent

variables is proportional to an identity matrix.
Within Subjects Design: Chocolate.
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interaction effect. These two objectives shall be achieved by testing the hypotheses
(8.1) and (8.3).

Mixed design with two-way MANOVA is in fact a factorial design and in any
factorial design the primary focus of the researcher is to test the interaction effect,
and if the interaction effect is significant, the simple effect is investigated. And in
that case analyzing main effects of between-subjects and within-subjects factors
becomes meaningless. However, if the interaction effect is not significant, only then
it makes sense to test the main effects of the between-subjects and within-subjects
factors.

Table 8.8 reveals MANOVA table for testing significance of the effect of Sex
(between-subjects), Chocolate (within-subjects), and interaction between Sex
and Chocolate on the group of dependent variables. Significance of the effect in
MANOVA is usually tested by using the Wilks’ Lambda or Pillai’s Trace statistic.
Both are powerful test but the researcher generally prefers Wilks’ Lambda statistic
for testing the effect. Other multivariate statistics that are used in testing the effect in
MANOVA are Hotelling’s Trace or Roy’s Largest Root.

We shall use the Wilks’ Lambda in this illustration to test significance of various
effects. Since Wilks’ lambda indicates the proportion of variance in the combined
dependent variables that is unaccounted for by the independent variable, lesser its
value more is the variation in the group mean vectors. Wilks’ lambda statistic follows
approximately F distribution; hence F statistic is also computed in the output of the
MANOVA. Thus, for the maximum group difference Wilks” lambda should be low
and the corresponding F value should be significant.

Table 8.8 shows that the multivariate effect of between-subjects factor (sex) on the
combined characteristics of chocolate is not significant irrespective of the chocolate
group: Wilks’ 1=0.898, F(3,16)=0.603, p=0.623; hence the null hypothesis
(8.2) cannot be rejected. There is a significant multivariate effect of within-subjects
factor (chocolate) on the combined characteristics of the chocolate irrespective of
the sex: Wilks’ 4=0.206, F(6,13)=8.369, p=0.001. This indicates that the null
hypothesis (8.1) is rejected and it may be concluded that there is a significant group
difference in the subject’s response on the combined dependent variables (taste,
crunchiness, and flavor) among the three chocolate groups. There is also a significant
multivariate effect across the interaction between the sex group and chocolate group:
Wilks” 4=0.060, F(6,13)=34.203, p=0.000. Thus, the null hypothesis (8.3) is
rejected.

Since the multivariate effect across the interaction between the sex and chocolate
groups is significant and also partial Eta Square is 0.940 which is considered to be
very high, the univariate analysis of variance (ANOVAs) for each dependent variable
shall be meaningful and would be of practical value. This analysis shall be applied as
follow-up test of the MANOVA.

Univariate Testing

This mixed design with two-way ANOVA shall be solved for each dependent vari-
able separately. The between-subjects main effect (sex) and within-subjects main
effect (chocolate) shall be tested along with the interaction effect (sex X chocolate) for
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each dependent variable (taste, crunchiness, and flavor) seperately. The family-wise
error rate for the MANOVA analysis was fixed at 0.05. Now that the three mixed
repeated measures ANOVA for each dependent variable shall be done for the same
set of data as a follow-up for the MANOVA analysis, the family-wise error rate shall
inflate, and to compensate this error, we shall test the univariate ANOVA by taking a
as 0.017(0.05/3). Thus, the between-subjects (Sex) and within-subjects (Chocolate)
main effects and interaction effect between them (Sex X Chocolate) shall be tested at
the significance level (a) 0.017.

Main Effect of Between-Subjects Factor (Sex) Table 8.9 shows the estimated
marginal means of each sex group in each of the three dependent variables. This
information is needed to get the actual picture of the difference in the response of
the subjects in both the sex groups (all chocolate groups combined) for each of the
three dependent variable only if their associated F are significant.

Table 8.10 shows the ANOVA table for the Sex (between-subjects) in each of
the three dependent variable. The result shows that the effect of Sex is not signifi-
cant in any of the chocolate characteristics irrespective of the chocolate types (dark,
milk, and white) because the p value associated with all the three F is more than
0.017.

Main Effect of Within-Subjects Factor (Chocolate) Table 8.11 indicates the esti-
mated marginal means of each chocolate group in each of the three dependent vari-
ables. This information may be used to know the actual difference in the response
of the subjects in the three chocolate groups (both sexes combined) for each of the
dependent variable if their associated F is significant.

Table 8.12 shows the outputs in repeated measures ANOVA for testing the signifi-
cance of the Chocolate (within-subjects) and the Interaction (Chocolate X Sex) effects
on each of the three dependent variables (taste, crunchiness, and flavor) seperately.
Since both these effects are repeated measures, checking sphericity assumption is
important before drawing any conclusion. We have seen in Table 8.7 that the spheric-
ity assumption has not been violated for any of the dependent variable; hence we can
state that sphericity is assumed. This will guide us to the correct line of outcome in the
ANOVA Table 8.12. This table shows that the effects of Chocolate on Crunchiness

Table 8.9 Estimates of Marginal Means (All Chocolate Groups

Combined)
Measure Sex Mean Std. Error 95% Confidence Interval
Lower Bound  Upper Bound

Taste Male 5.867 0.196 5.456 6.278
Female 5.600 0.196 5.189 6.011

Crunch Male 5.567 0.186 5.176 5.958
Female 5.667 0.186 5.276 6.058

Flavor Male 5.900 0.190 5.502 6.298

Female  5.567 0.190 5.168 5.965
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Table 8.10 ANOVA Table for Testing Between-Subjects Effects in Each
Dependent Variable

Transformed Variable: Average

Source Measure Type III Sum  df Mean F Sig.  Partial Eta
of Squares Square Squared
Intercept ~ Taste 1972.267 1 1972267 1.718E3 0.000 0.990
Crunch 1892.817 1 1892.817 1.822E3 0.000 0.990
Flavor 1972.267 1 1972.267 1.830E3 0.000 0.990
Sex Taste 1.067 1 1.067 0.929 0.348 0.049
Crunch 0.150 1 0.150 0.144 0.708 0.008
Flavor 1.667 1 1.667 1.546 0.230 0.079
Error Taste 20.667 18 1.148
Crunch 18.700 18 1.039
Flavor 19.400 18 1.078

Table 8.11 Estimates of Marginal Means (Both Sexes Combined)

Measure Chocolate Mean Std. Error 95% Confidence Interval

Lower Bound Upper Bound

Taste Dark 5.800 0.232 5312 6.288
Milk 5.600 0.230 5.117 6.083
White 5.800 0.226 5.325 6.275
Crunch Dark 6.400 0.194 5.992 6.808
Milk 5.850 0.279 5.263 6.437
White 4.600 0.163 4.257 4.943
Flavor Dark 5.800 0.237 5.302 6.298
Milk 6.200 0.158 5.868 6.532
White 5.200 0.158 4.868 5.532

(» =0.000) and Flavor (p =0.000) are significant irrespective of the sexes because p
values associated with their respective F are less than 0.017. However, no significant
effect of Chocolate on taste has been observed.

Table 8.12 indicates that the interaction effect (chocolate X sex) is significant in
each of the three dependent variables; Taste (p = 0.000), Crunchiness (p = 0.000), and
Flavor (p =0.000), as p values associated with their respective F’ are less than 0.017.
Now that the interaction effect is significant in all the three dependent variables, the
simple effects will be tested in each of these variables separately.

Remark: In this design we are mainly interested to know whether the interaction
effect is significant. If it is so, a detail analysis is done to investigate the simple effect
for each of the dependent variable separately. However, if the interaction effect is not
significant, only the main effects of between-subjects and within-subjects factors are
analyzed.
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#i Repeated Measures Define Factor(s)  [X]

‘ifithin-Subject Factor Mame:
[

Number of Levels: [ |

) [Chocetate(3)

[Taste

[ geset ][ conce J[_rep _ M e _J_'

(a) (b)

Figure 8.14 Screen showing options for defining variables

Level of Significance for Simple Effect In finding the simple effect of
between-subjects variable (sex), three ANOVA tests shall be applied (one for
each type of chocolate); hence the p value for testing the significance of F for
sex in each type of chocolate shall be 0.0057 (=0.017/3). Similarly in testing the
significance of Chocolate two repeated measures ANOVA (one for each sex) shall
be applied; hence for testing the F value for chocolate in each sex, the p value would
be 0.0085 (=0.017/2).

Simple Effect on Taste Simple effect on taste will give the correct picture about
the response of the subjects in the three different types of chocolates on its taste in
different sex groups. We need to investigate the simple effect of chocolate as well
as simple effect of sex. Simple effect of chocolate will facilitate us to compare the
response of the subjects on taste among three different types of chocolates in each
sex group. Whereas, the simple effect of sex will provide us the comparison of the
male and female response on the taste in each type of the chocolate separately.

Effect of Chocolate (Within-Subjects) The results of simple effect are not provided
in SPSS outputs while analyzing the mixed design with two-way MANOVA.
Some more work is required to be done to generate these outputs. To find the
simple effect of Chocolate (within-subjects) for the data on taste, one-way repeated
measures ANOVA needs to be performed in SPSS. Open the same data file as
shown in Figure 8.4, split it as per the sex category the way we did in gener-
ating the correlation matrix. Click on the following commands in sequence to
get the screen as shown in Figure 8.14a for defining independent and dependent
variables.

Analyze — General minear model —» Repeated measures
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Figure 8.16 Screen showing options for generating the output for simple effect of
within-subjects factor (Chocolate) and other statistics

Replace factor 1 by the independent variable Chocolate (within-subjects) and write
the number of levels as 3. Click on Add to enter this information into the box. Write
the name of the dependent variable for which the simple effect is required to be com-
puted in “Measure Name” section. Here the variable shall be Taste. Click on Add.

After clicking on the command Define in the Figure 8.14b, the screen as shown in
Figure 8.15a shall be obtained for selecting variables.

Pickup the variables Taste_Dark, Taste_Milk, and Taste_White from the list of
variables in the left panel and bring them in the “Within-Subjects Variables™ section
of the screen in the right panel by using the arrow key. Click on Options command
to open the Repeated Measures Options sub-dialogue box as shown in Figure 8.16.
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Table 8.13 Mauchly’s Test of Sphericity in Different Sex

Measure: Taste

Sex Epsilon

Within Subjects Mauchly’s Approx. df Sig. Greenhouse— Huynh— Lower-
Effect W Chi-Square  (p-value)  Geisser Feldt bound

Male Chocolate 0.701 2.837 2 0242 0.770 0.898  0.500
Female  Chocolate 0.922 0648 2 0.723 0.928 1.000  0.500

Bring the factor Chocolate from the “Factor(s) and Factor Interactions” section in the
left panel to the “Display Means for” section in the right panel by using arrow button.
This will generate marginal means of Chocolate.

Check the option ‘Compare main effects’ and select the option ‘Bonferroni’ in the
dialogue box “Confidence Interval adjustment”. This will generate the output for test-
ing the effects of within-subjects factor (Chocolate) separately for male and female.
There is no post hoc test available for within-subjects factor; hence Bonferroni correc-
tion shall be used to compensate the inflated family-wise error rate («) due to multiple
comparisons. Click on Continue to get back to the screen shown in Figure 8.15b.
Click on OK for generating various outputs for the simple effect. These commands
shall generate the outputs as shown in the Tables 8.13 to 8.16 and Figure 8.17.

Table 8.13 shows that the chi-square statistic associated with Mauchly’s W statistic
for both the levels of the between-subjects factor, Sex, is not significant because p
value associated with the respective chi-square is >0.05. Hence, we can state that
the sphericity is assumed. This will guide us to correct the outcome in the repeated
measures ANOVA in Table 8.14.

Table 8.14 indicates that the F values associated with the Chocolate (Sphericity
assumed) in male (p =0.000) and female (p = 0.001) sections are significant because
p values associated with these F are less than 0.0085. This encourages us to make
the pair-wise comparisons of marginal means in each sex category. Table 8.15 shows
mean scores of taste for each chocolate category in male and female groups, whereas
Table 8.16 shows the pair-wise comparison of these marginal means. By combin-
ing the contents of these two tables, marginal means plot of Sex X Chocolate for the
data on Taste as shown in the Figure 8.17 can be obtained. In fact this means plot is
generated in the outputs of the mixed design with two-way MANOVA in SPSS.

Means Plots (Sex X Chocolate) The means plot shown in Figure 8.17 can be used
to compare the mean scores of taste in each type of chocolates in male and female
groups separately. This means plot provides clear picture of the analysis. It indicates
that the male subjects find milk chocolate to be significantly more tasty in comparison
to that of white as well as dark chocolate. However, there is no difference in the taste
of white and dark chocolate. On the other hand, female subjects find dark chocolate
to be tastier than the milk chocolate.

Effect of Sex (Between-Subjects) To find the simple effect of Sex, it is required
to compare the Taste scores of male and female in each category of chocolate
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Table 8.14 F-Table for Testing Significance of Chocolate (Within-Subjects) Effects in
Each Sex Category

Measure: Taste

Source Typelll df Mean F Sig.  Partial Eta
SS Square (p-value) Squared
Sex: Male
Chocolate Sphericity assumed 17.267 2 8.633 12.878 0.000 0.589
Greenhouse—Geisser 17.267 1.540 11.211 12.878 0.001 0.589
Huynh—Feldt 17.267 1.797 9.611 12.878 0.001 0.589
Lower-bound 17.267 1.000 17.267 12.878 0.006 0.589

Error (Chocolate) ~ Sphericity assumed 12.067 18  0.670
Greenhouse—Geisser 12.067 13.862 0.871

Huynh-Feldt 12.067 16.169 0.746
Lower-bound 12.067 9.000 1.341

Sex: Female

Chocolate Sphericity assumed  26.600 2 13.300 9.947 0.001 0.525
Greenhouse—Geisser 26.600 1.856 14.335 9.947 0.002 0.525
Huynh—Feldt 26.600 2.000 13.300 9.947 0.001 0.525
Lower-bound 26.600 1.000 26.600 9.947 0.012 0.525

Error (Chocolate)  Sphericity assumed 24.067 18  1.337
Greenhouse—Geisser 24.067 16.700 1.441
Huynh—Feldt 24.067 18.000 1.337
Lower-bound 24.067 9.000 2.674

Table 8.15 Descriptive Statistics

Mean Std. Deviation N
Sex: Male
Taste_Dark 5.1000 0.99443 10
Taste_Milk 6.9000 0.87560 10
Taste_White 5.6000 0.69921 10
Sex: Female
Taste_Dark 6.5000 1.08012 10
Taste_Milk 4.3000 1.15950 10
Taste_White 6.0000 1.24722 10

separately. In other words, three separate one-way independent measures ANOVA
needs to be applied. This can be done by applying the SPSS commands for one-way
ANOVA using the same data file shown in Figure 8.4, which we developed in the
main MANOVA analysis. Click on the following sequence of commands in SPSS to
get the screen as shown in Figure 8.18:

Analyze ——p Compare means ——» One-Way ANOVA
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Table 8.16 Pair-wise Comparisons of Marginal Means in Each Sex Category
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Measure: Taste

Mean Diff 95% CI for Difference”
Chocolate (/) Chocolate (/) (I—J) Std. Error  Sig® Lower Bound Upper Bound
Sex: Male
Dark Milk —1.800*  0.291 0.000 —-2.652 —0.948
White —0.500 0.453 0.896 —1.830 0.830
Milk Dark 1.800*  0.291 0.000 0.948 2.652
White 1.300*  0.335 0.011 0.317 2.283
White Dark 0.500 0.453 0.896 —0.830 1.830
Milk —-1.300*  0.335 0.011 —-2.283 -0.317
Sex: Female
Dark Milk 2.200*  0.512 0.006 0.698 3.702
White 0.500 0.453 0.896 —0.830 1.830
Milk Dark —-2.200*  0.512 0.006 -3.702 —0.698
White —1.700*  0.578 0.049 -3.396 —0.004
White Dark —0.500 0.453 0.896 —1.830 0.830
Milk 1.700*  0.578 0.049 0.004 3.396

Based on estimated marginal means.

*The mean difference is significant at the 0.0085 level.
“ Adjustment for multiple comparisons: Bonferroni.

Variable: Taste

N
o
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o
|

o
o
1

p = 0.000

o
o
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Estimated marginal means of taste
N [¢)]
)] o
1 1

P
o
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p = 0.006

T
Male

Sex

T
Female

Figure 8.17 Marginal means plot of Sex X Chocolate for the data on Taste
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Table 8.17 Test of Homogeneity of Variances
Levene Statistic dfl df2  Sig. (p-value)
Taste_Dark 0.396 1 18 0.537
Taste_Milk 2.166 1 18 0.158
Taste_White 3.000 1 18 0.100
2 One-Way ANOVA =3
. Dependent List: _ I i
& Crunch_Dark [Crunch_D... & Taste_Dark [Taste_Dark] Soppests,
& Flavour_Dark [Flavour_.. & Taste_Mik [Taste_Mik]
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& Flavour_White [Flavour_..
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Figure 8.18 Screen showing option for selecting the variables for analyzing simple effect of
Sex

2 Dne-Way ANOVA
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Figure 8.19 Screen showing option for post hoc test

Bring all three variables Taste_Dark, Taste_Milk, and Taste_White from the left
panel into the “Dependent List” section of the right panel. Shift Sex variable from the
left panel into the “Factor” area on the right panel of the window. Click on the Post
Hoc and select the option “Tukey’ as shown in Figure 8.19. Click on Continue to
g0 back to the screen as shown in Figure 8.18. Now click on the Option and check
the option for ‘Descriptive’, ‘Homogeneity of variance test’, and ‘Means plot’ as
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r2f One-Way AMOVA: Options @

Statistics
=]
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Figure 8.20 Screen showing option for descriptive statistics and testing assumption

Table 8.18 ANOVA Table for Testing Significance of Sex (Between-Subjects)
Effects in Each Chocolate Category

Chocolate Sumof df  Mean F Sig.
Squares Square (p-value)

Taste_Dark Between groups 9.800 1 9.800 9.093 0.007
Within groups 19.400 18  1.078
Total 29200 19

Taste_Milk Between groups  33.800 1 33.800 32.021 0.000
Within groups 19.000 18 1.056
Total 52.800 19

Taste_White  Between groups 0.800 1 0.800 0.783 0.388
Within groups 18.400 18 1.022
Total 19.200 19

shown in Figure 8.20, click on Continue and then OK to get the results as shown in
Tables 8.17 to 8.20.

Remark: The simple effect of Sex (between-subjects) can also be investigated by
applying the ¢ test for the independent groups in SPSS because sex has only two
levels. But the one-way ANOVA approach has been adopted here so as to generalize
the case.

Table 8.17 shows that the homogeneity of variance assumption has not been vio-
lated; hence ANOVA for independent measures can be applied for testing the effect
of sex on Taste in each chocolate category separately.

Table 8.18 indicates that only the value of F for the Milk chocolate is significant
as its associated p value is less than 0.0057. Hence, it can be concluded that the null
hypothesis of no difference in mean scores on Taste between male and female groups
isrejected in milk chocolate. Since F values for the Dark and White chocolates are not
significant, it may be inferred that the male and female do not differ in their response
on taste in the dark and the white chocolates.
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Table 8.19 Descriptive Statistics

N Mean Std. Std. 95% Confidence
Dev. Error Interval for Mean

Lower Upper Minimum Maximum
Bound Bound

Taste_Dark

Male 10  5.1000 0.99443 0.31447 4.3886 5.8114 4.00 7.00
Female 10 6.5000 1.08012 0.34157 5.7273 7.2727 5.00 8.00
Total 20 5.8000 1.23969 0.27720 5.2198 6.3802 4.00 8.00
Taste_Milk

Male 10 6.9000 0.87560 0.27689 6.2736 7.5264 5.00 8.00
Female 10 4.3000 1.15950 0.36667 3.4705 5.1295 3.00 6.00
Total 20  5.6000 1.66702 0.37276 4.8198  6.3802 3.00 8.00

Taste_ White

Male 10 5.6000 0.69921 0.22111 5.0998  6.1002 5.00 7.00
Female 10 6.0000 124722 0.39441 5.1078 6.8922 4.00 8.00
Total 20 5.8000 1.00525 0.22478 5.3295 6.2705 4.00 8.00

Table 8.20 Mauchly’s Test of Sphericity in Different Sex

Measure: Crunchiness

Sex Within  Mauchly’s  Approx. df  Sig. Epsilon®
Subjects w Chi-Square (p-value)
Effect

Greenhouse— Huynh— Lower-
Geisser Feldt  bound

Male  Chocolate  0.975 0.199 2 0.905 0.976 1.000  0.500
Female Chocolate  0.895 0.891 2 0.641 0.905 1.000  0.500

Means Plots (Chocolate X Sex) The means plot shown in the Figure 8.21 can be
generated by using the outputs of the Tables 8.18 and 8.19. However, this plot is
generated by the SPSS while solving the repeated MANOVA design in the illustra-
tion. This figure shows that males like the taste of milk chocolate more than females,
whereas male and female do not find any difference in taste in dark chocolate as well
as in white chocolate.

Simple Effect on Crunchiness Analyzing simple effect on crunchiness will provide
the correct picture about the subject’s response in three different types of chocolates
on its crunchiness in different sex groups. We shall investigate the simple effect of
chocolate as well as sex on crunchiness. Simple effect of chocolate will facilitate us
to compare response of the subjects on crunchiness among three different types of
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Variable: Taste
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Figure 8.21 Marginal means plot of ChocolatexSex for the data on Taste

chocolates in each sex group. Whereas, the simple effect of sex will provide us the
comparison of the male and female response on the crunchiness in each type of the
chocolate separately.

Effect of Chocolate (Within-Subjects) The outputs for the simple effect of the choco-
late (within-subjects) for the data on crunchiness can be obtained by following similar
procedure we followed in finding the simple effect on Taste above. Table 8.20 indi-
cates that the sphericity is not violated for the data in male and female category
because none of the p values associated with Mauchly’s W statistic is less than 0.017.
Hence, we can state that the sphericity is assumed.

Table 8.21 indicates that the F values associated with the Chocolate (Sphericity
assumed) in male (p =0.000) and female (p = 0.000) sections are significant because
p values associated with these F are less than 0.0085. Hence, pair-wise comparisons
of marginal means shall be done in each sex category. Table 8.22 indicates the mean
scores of crunchiness for each chocolate category in male and female groups, whereas
Table 8.23 shows the pair-wise comparison of these marginal means. By combining
the results of these tables marginal means plot of Sex X Chocolate for the data on
Crunchiness as shown in the Figure 8.22 can be obtained. You need not generate this
means plot because this plot is automatically generated in the outputs of the mixed
design with two-way MANOVA in SPSS.

Means Plots (Sex X Chocolate) We shall use the means plot shown in Figure 8.22
for comparing the mean scores of crunchiness in each type of chocolates in male and
female groups separately. This means plot provides in-depth analysis of the response
pattern. The plot indicates that the male subjects find milk chocolate to be signifi-
cantly crunchier in comparison to that of white as well as dark chocolate. However,
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Table 8.21 F-Table for Testing Significance of Chocolate (Within-Subjects) Effects in

Each Sex Category
Measure: Crunchiness
Source Type III df Mean F Sig. Partial Eta
Squared SS Square (p-value)  Squared
Sex: Male
Chocolate Sphericity assumed 19.267 2 9.633 19.855  0.000 0.688
Greenhouse—Geisser  19.267 1.952  9.870 19.855  0.000 0.688
Huynh-Feldt 19.267  2.000 9.633 19.855  0.000 0.688
Lower-bound 19.267 1.000 19.267 19.855  0.002 0.688
Error (Chocolate) ~ Sphericity assumed 8.733 18 0.485
Greenhouse—Geisser ~ 8.733  17.569  0.497
Huynh—Feldt 8.733 18.000  0.485
Lower-bound 8.733  9.000 0.970
Sex: Female
Chocolate Sphericity assumed 71.467 2 35.733  26.950  0.000 0.750
Greenhouse—Geisser  71.467 1.809 39.498 26.950  0.000 0.750
Huynh-Feldt 71.467  2.000 35.733 26.950  0.000 0.750
Lower-bound 71.467 1.000 71.467 26950  0.001 0.750
Error (Chocolate)  Sphericity assumed 23.867 18 1.326
Greenhouse—Geisser  23.867 16.284  1.466
Huynh-Feldt 23.867 18.000  1.326
Lower-bound 23.867  9.000 2.652

Table 8.22 Descriptive Statistics

Mean Std. Deviation N
Sex: Male
Crunch_Dark 5.0000 0.66667 10
Crunch_Milk 6.7000 0.94868 10
Crunch_White 5.0000 0.66667 10
Sex: Female
Crunch_Dark 7.8000 1.03280 10
Crunch_Milk 5.0000 1.49071 10
Crunch_White 4.2000 0.78881 10

the trend is reversed in the female section. Female subjects find dark chocolate to be
the crunchiest among all the three types of chocolates. However, there is no difference
between the women’s response on crunchiness of the milk and white chocolates.

Effect of Sex (Between-Subjects) The outputs for the simple effect of the Sex
(between-subjects) for the data on crunchiness can be obtained by following the same
procedure we did in case of generating the simple effect of Sex (between-subjects)
on Taste above. Table 8.24 shows that the homogeneity of variance assumption is not
violated because none of the p values associated with the Levene’s statistic is less
than 0.05. Thus, ANOVA for independent measures can be applied for comparing
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Table 8.23 Pair-wise Comparisons of Marginal Means in Each Sex Category

Measure: Crunchiness

Mean Diff. 95% ClI for Difference”
Chocolate Chocolate a- Std. Sig” Lower Upper
) @) Error Bound Bound
Sex: Male
Dark Milk —1.700* 0.335 0.002 —2.683 -0.717
White 0.000 0.298 1.000 —0.875 0.875
Milk Dark 1.700* 0.335 0.002 0.717 2.683
White 1.700* 0.300 0.001 0.820 2.580
White Dark 0.000 0.298 1.000 —0.875 0.875
Milk —1.700* 0.300 0.001 —2.580 —-0.820
Sex: Female
Dark Milk 2.800* 0.467 0.001 1.431 4.169
White 3.600* 0.476 0.000 2.203 4.997
Milk Dark —2.800* 0.467 0.001 —4.169 —1.431
White 0.800 0.593 0.630 —0.938 2.538
White Dark —3.600* 0.476 0.000 —4.997 -2.203
Milk —0.800 0.593 0.630 —2.538 0.938

Based on estimated marginal means.
*The mean difference is significant at the 0.05 level.
“Adjustment for multiple comparisons: Bonferroni.

Table 8.24 Test of Homogeneity of Variances

Levene Statistic ~ dfl ~ df2  Sig. (p-value)

Crunch_Dark 3.524 1 18 0.077
Crunch_Milk 2.199 1 18 0.155
Crunch_White 1.328 1 18 0.264

the response of male and female on crunchiness in each of the three categories of the
chocolate.

Table 8.25 shows that the F value for the Dark (p = 0.000) chocolate is significant
as the p value associated with it is less than 0.0057. Thus, it can be concluded that
the null hypothesis of no difference in mean scores on Crunchiness between male
and female groups is rejected at 5% level in dark chocolate. However, F values for
the Milk and White chocolates are not significant; hence it may be inferred that the
male and female do not differ in their response on crunchiness in the milk and white
chocolates.

Means Plots (Chocolate X Sex) The means plot shown in the Figure 8.23 can be
generated by using the results of the Tables 8.25 and 8.26. This plot indicates that the
female response on the crunchiness of the dark chocolate is significantly higher than



230 MIXED DESIGN WITH TWO-WAY MANOVA

Variable: Crunchiness
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Figure 8.22 Marginal means plot of Sex X Chocolate for the data on Crunchiness

Table 8.25 F-table for Testing Significance of Sex (Between-Subjects) Effect
on Crunchiness in Each Chocolate Category

Chocolate Sumof df Mean F Sig.
Squares Square (p-value)

Crunch_Dark  Between groups  39.200 1 39200 51.882 0.000
Within groups 13.600 18 0.756
Total 52.800 19

Crunch_Milk  Between groups  14.450 1 14450  9.256 0.007
Within groups 28.100 18 1.561

Total 42.550 19

Crunch_White Between groups 3.200 1 3.200  6.000 0.025
Within groups 9.600 18 0.533
Total 12.800 19

that of the male. However, the response of male and female does not differ in the milk
as well as in the white chocolates.

Simple Effect on Flavor Simple effect on flavor will provide the detailed picture
about the subject’s response in three different types of chocolates on its flavor in
different sex groups. We shall investigate the simple effect of chocolate and sex on
flavor. Simple effect of chocolate will facilitate us to compare the subject’s response
on the flavor among three different types of chocolates in each sex group. Whereas,
the simple effect of sex will facilitate us to compare the response of male and female
on the flavor in each type of the chocolate separately.

Effect of Chocolate (Within-Subjects) Table 8.27 indicates that the sphericity is not
violated for the data in male and female category; hence we can state that the spheric-
ity is assumed.
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Figure 8.23 Marginal means plot of Chocolate X Sex for the data on Crunchiness

Table 8.26 Descriptive Statistics

95% Confidence Interval for Mean

N  Mean Std. Std. Lower Upper Minimum Maximum
Dev. Error Bound Bound

Crunch_Dark

Male 10 5.0000 0.66667 0.21082 4.5231 5.4769 4.00 6.00
Female 10 7.8000 1.03280 0.32660 7.0612 8.5388 6.00 9.00
Total 20  6.4000 1.66702 0.37276 5.6198 7.1802 4.00 9.00
Crunch_Milk

Male 10 6.7000 0.94868 0.30000 6.0214 7.3786 5.00 8.00
Female 10 5.0000 1.49071 0.47140 3.9336 6.0664 3.00 8.00
Total 20 5.8500 1.49649 0.33462 5.1496 6.5504 3.00 8.00
Crunch_White

Male 10 5.0000 0.66667 0.21082 4.5231 5.4769 4.00 6.00
Female 10 4.2000 0.78881 0.24944 3.6357 4.7643 3.00 5.00
Total 20 4.6000 0.82078 0.18353 4.2159 4.9841 3.00 6.00

Table 8.28 reveals that the F values associated with the Chocolate (Sphericity
assumed) in male (p =0.000) and female (p =0.001) sections are significant because
p-values associated with these F are less than 0.0085. Now the pair-wise compari-
son of marginal means shall be done in each sex category. Table 8.29 indicates the
mean scores of flavor for each chocolate category in male and female groups, whereas
Table 8.30 shows the pair-wise comparison of these marginal means. By combining
the results of these tables the marginal means plot of Sex X Chocolate for the data
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Table 8.27 Mauchly’s Test of Sphericity in Different Sex

Measure: Flavor

Sex Within  Mauchly’s  Approx. df  Sig. Epsilon
Subjects w Chi-Square (p-value)
Effect
Greenhouse— Huynh— Lower-
Geisser Feldt  bound
Male  Chocolate  0.968 0.256 2 0.880 0.969 1.000  0.500
Female Chocolate  0.956 0.361 2 0.835 0.958 1.000  0.500

on Flavor as shown in the Figure 8.24 can be obtained. This means plot in fact is
generated in the main outputs of the analysis in SPSS.

Means Plots (Sex X Chocolate) The means plot shown in Figure 8.24 shall be used
for comparing the mean scores of flavor in each type of chocolate in male and female
groups separately. This figure indicates that the male subjects find milk chocolate to
be more flavored in comparison to that of white as well as dark chocolate. However,
the trend is reversed in the female section. Female subjects find dark chocolate to be
more flavored in comparison to milk chocolate.

Table 8.28 F-Table for Testing Significance of Chocolate (Within-Subjects) Effects in

Each Sex Category
Measure: Flavor
Source Type III df Mean F Sig. Partial Eta
SS Square (p-value)  Squared
Sex: Male
Chocolate Sphericity assumed 29.600 2 14.800 22.705  0.000 0.716
Greenhouse—Geisser  29.600 1.939 15266 22.705  0.000 0.716
Huynh-Feldt 29.600  2.000 14.800 22.705  0.000 0.716
Lower-bound 29.600  1.000 29.600 22.705  0.001 0.716
Error (Chocolate) ~ Sphericity assumed 11.733 18 0.652
Greenhouse—Geisser 11.733  17.450  0.672
Huynh-Feldt 11.733  18.000  0.652
Lower-bound 11.733  9.000 1.304
Sex: Female
Chocolate Sphericity assumed 8.207 2 4.133 10.528  0.001 0.539
Greenhouse—Geisser ~ 8.267 1915 4316 10528  0.001 0.539
Huynh—Feldt 8.267  2.000 4.133 10.528  0.001 0.539
Lower-bound 8.267  1.000 8267 10.528  0.010 0.539
Error (Chocolate)  Sphericity assumed 7.067 18 0.393
Greenhouse—Geisser ~ 7.067 17.239  0.410
Huynh—Feldt 7.067 18.000  0.393
Lower-bound 7.067  9.000 0.785
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Table 8.29 Descriptive statistics

Mean Std. Deviation N
Sex: Male
Flavor_Dark 5.3000 1.05935 10
Flavor_Milk 7.3000 0.67495 10
Flavor_White 5.1000 0.73786 10
Sex: Female
Flavor_Dark 6.3000 1.05935 10
Flavor_Milk 5.1000 0.73786 10
Flavor_White 5.3000 0.67495 10

233

Simple Effect of Sex (Between-Subjects) Table 8.31 reveals that the homogeneity of
variance assumption is not been violated because none of the p values associated with
the Levene’s statistic is less than 0.05. Thus, ANOVA for independent measures can
be applied for comparing the response of male and female on flavor in each of the
three categories of chocolate.

Table 8.32 shows that the F value for the Milk chocolate (p = 0.000) only is signif-
icant as the p value associated with it is less than 0.0057. Thus, it may be concluded
that the null hypothesis of no difference in mean scores on the Flavor between male

Table 8.30 Pair-wise Comparisons of Marginal Means in Each Sex Category

Measure: Flavor

Mean Diff. 95% ClI for Difference”
Chocolate Chocolate - Std. Sig” Lower Upper
) ) Error Bound Bound
Sex: Male
Dark Milk —2.000* 0.333 0.001 -2.978 —1.022
White 0.200 0.389 1.000 —0.940 1.340
Milk Dark 2.000* 0.333 0.001 1.022 2.978
White 2.200* 0.359 0.001 1.147 3.253
White Dark —0.200 0.389 1.000 —1.340 0.940
Milk —2.200* 0.359 0.001 -3.253 —1.147
Sex: Female
Dark Milk 1.200* 0.249 0.003 0.468 1.932
White 1.000* 0.298 0.025 0.125 1.875
Milk Dark —1.200* 0.249 0.003 -1.932 —0.468
White —0.200 0.291 1.000 —1.052 0.652
White Dark —1.000* 0.298 0.025 —1.875 -0.125
Milk 0.200 0.291 1.000 —0.652 1.052

Based on estimated marginal means.
*The mean difference is significant at the 0.0085 level.
“ Adjustment for multiple comparisons: Bonferroni.
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Variable: Flavour
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Figure 8.24 Marginal means plot of Sex X Chocolate for the data on Flavor

and female groups is rejected in relation to milk chocolate. However, F values for the
dark and white chocolates are not significant.

Means Plots (Chocolate X Sex) The means plot shown in Figure 8.25 may
be used for in-depth analysis. It can be generated by using the results of the
Tables 8.32 and 8.33. This plot indicates that the male response on the flavor of the
milk chocolate is significantly higher than that of the female.

How to Report Findings

In this illustration, mixed design with two-way MANOVA was used to investigate the
effects of Chocolate (within-subjects), Sex (between-subjects), and the interaction
between Chocolate and Sex on a group of dependent variables (taste, crunchiness,
and flavor). These hypotheses were tested at the family-wise error rate 0.05.

Assumptions The assumptions of the mixed design with two-way MANOVA were
tested which are reported as follows:

Table 8.31 Test of Homogeneity of Variances

Levene Statistic ~ dfl  df2  Sig. (p-value)

Flavor_Dark 0.107 1 18 0.747
Flavor_Milk 0.012 1 18 0.913
Flavor_White 0.012 1 18 0913
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Table 8.32 F-Table for Testing Significance of Sex (Between-Subjects) Effects
in Each Chocolate Category

Chocolate Sumof df  Mean F Sig.
Squares Square (p-value)
Flavor_Dark  Between groups 5.000 1 5.000  4.455 0.049
Within groups 20.200 18 1.122
Total 25200 19
Flavor_Milk  Between groups  24.200 1 24200 48.400 0.000
Within groups 9.000 18 0.500
Total 33200 19
Flavor_White = Between groups 0.200 1 0.200 0.400 0.535
Within groups 9.000 18 0.500
Total 9.200 19
Variable: Flavour
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Figure 8.25 Marginal means plot of Chocolate X Sex for the data on Flavor

e Since the independent variables, Chocolate and Sex, were categorical and
dependent variables (response on the taste, crunchiness, and flavor) were
continuous, the assumption about the data type holds true.

e A mixed trend of relationships was observed among the dependent variables.
This may be due to the small number of the subjects.

e Since Shapiro—Wilk statistic was found to be significant for the data set
of the wvariables Crunch_Dark, Taste_Milk, Flavor Milk, Taste_White,
Crunch_White, and Flavor_White, data in these cell was not normally

distributed.
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Table 8.33 Descriptive Statistics

N 95% Confidence Interval for Mean
Mean Std. Std. Lower Upper Minimum Maximum
Dev. Error Bound Bound

Flavor_Dark

Male 10 5.3000 1.05935 0.33500 4.5422 6.0578 4.00 7.00
Female 10 6.3000 1.05935 0.33500 5.5422 7.0578 5.00 8.00
Total 20 5.8000 1.15166 0.25752 5.2610 6.3390 4.00 8.00
Flavor_Milk

Male 10 7.3000 0.67495 0.21344 6.8172 7.7828 6.00 8.00
Female 10 5.1000 0.73786 0.23333 4.5722 5.6278 4.00 6.00
Total 20 6.2000 1.32188 0.29558 5.5813 6.8187 4.00 8.00
Flavor_White

Male 10 5.1000 0.73786 0.23333 4.5722 5.6278 4.00 6.00
Female 10 5.3000 0.67495 0.21344 4.8172 5.7828 4.00 6.00
Total 20 5.2000 0.69585 0.15560 4.8743 5.5257 4.00 6.00

e Only in three cells of male category, namely Crunch_Dark, Taste_Milk, and
Crunch_White, some outliers were detected. This may be because of small sam-
ple size and narrow range of response option.

e Assumption of equality of variances was satisfied for comparing between-
subjects factor.

e Since Box’s M test was not significant, the variance covariance matrices were
equal.

e There was no sphericity in the data.
Multivariate Effects

e Multivariate effect of between-subjects factor (sex) on the combined charac-
teristics of chocolate was not significant irrespective of the chocolate group:
Wilks’ 1=0.898, F(3,16)=0.603, p =0.623

e There was a significant multivariate effect of within-subjects factor (chocolate)
on the combined characteristics of chocolate irrespective of the sex: Wilks’
A=0.206, F(6, 13)=8.369, p=0.001.

e There was also a significant multivariate effect across the interaction between
the sex group and chocolate group: Wilks’ 1=0.060, F(6, 13)=34.203,
p=0.000.

Univariate Main Effects Since sphericity assumption was not violated for the data
on all the three dependent variables for comparing the performance across the choco-
late groups, no correction was applied.
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e The effect of Sex (between-subjects) was not significant on any of the choco-
late characteristics, that is, Taste, Crunchiness, and Flavor irrespective of the
chocolate types (dark, milk, and white)

e The effects of Chocolate on Crunchiness (p =0.000) and Flavor (p =0.000)
were significant irrespective of the sexes; however, no significant effect of
Chocolate on taste was observed.

e The interaction effect (chocolate X sex) was significant in each of the three
dependent variables; Taste (p=0.000), Crunchiness (p =0.000), and Flavor
(p=0.000)

Univariate Simple Effects
Simple effect on Taste

e Response of male subjects on the taste of the milk chocolate was significantly
higher than that of white and dark chocolates.

e Response of the female subjects on the taste of the dark chocolate was signifi-
cantly higher than that of the milk chocolate.

e Males’ response on the taste of the milk chocolate was significantly higher than
that of the females.

Simple effect on Crunchiness

e Response of male subjects on the crunchiness of the milk chocolate was signif-
icantly higher than that of white and dark chocolates.

e Response of the female subjects on the crunchiness of the dark chocolate was
significantly higher than that of the milk and white chocolates.

e Females’ response on the crunchiness of the dark chocolate was significantly
higher than that of the males.

Simple effect on Flavor

e Response of male subjects on the flavor of the milk chocolate was significantly
higher than that of the dark and white chocolates.

e Response of the female subjects on the flavor of the dark chocolate was signif-
icantly higher than that of the white as well as milk chocolates.

e Males’ response on the flavor of the milk chocolate was significantly higher
than that of the females.

Inference

On the basis of the sample observation it may be inferred that the response on the
chocolate characteristics varied among three different types of chocolates, that is,
dark, white, and milk. Response pattern in three different types of chocolates on the
overall chocolate characteristics varied in male and female.
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There was no gender preference on the response of each of the chocolate char-
acteristics irrespective of the type of the chocolates. However, response of the sub-
jects on the crunchiness and flavor among the three types of chocolates differs irre-
spective of the sexes. The pattern of response on each chocolate characteristic in
three different types of chocolates was different in male and female. The males’
response on the taste of the milk chocolate was significantly higher than that of the
females, whereas no such gender preferences were observed on taste in dark and white
chocolates.

Male subjects found taste of the milk chocolate to be the best, whereas female
subjects found dark chocolate to be the tastiest. Male subjects found milk chocolate
to be the crunchiest, whereas female responded the other way round and found dark
chocolate to be the crunchiest.

In the opinion of males the flavor of milk chocolate was the best, whereas
females preferred flavor of the dark chocolates. The males’ response on the
flavor of the milk chocolate was significantly higher than that of the females,
whereas no such preference was observed in the response for the dark and white
chocolates.

EXERCISE

8.1. Explain situations where repeated measures MANOVA can be used.

8.2. An experimenter organized a mixed MANOVA design to investigate the effect
of gender and brand on pizza quality. Six male and six female subjects were
selected in a study. Each subject was asked to eat all the three pizza and rate
their quality on three parameters; taste, spicy, and flavor. Show the layout
design in the study. Frame the research questions to be investigated.

8.3. Discuss briefly the steps involved in solving a mixed MANOVA design.
What all outputs you would like to generate if SPSS is used for solving this
design?

8.4. Identify a situation where mixed MANOVA design can be used to study the pat-
tern of response by subjects over the period of time and construct the hypothe-
ses to be tested in the design.

8.5. How the issue of inflating family-wise error rate is taken care of in this
design while doing the univariate analysis and investigating the simple
effect?

ASSIGNMENT

8.1. Consider a study in which the effectiveness of a new antidepressant drug
was tested for two months on the patients suffering from depression. Twelve
patients were randomly divided into two groups and the new drug was
administered on the six patients in the first group, whereas second group got
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the placebo. Each subject in both the groups was tested for the symptoms of
depression (hopelessness, irritability, and cognitions) before the experiment,
after one, and two months of administering the treatments. The data so
obtained in the experiment is shown in the Table 8.34. Apply two-factor
mixed MANOVA to answer the following research questions by testing the
appropriate hypotheses at 5% level.

a. Whether new drug is effective in reducing the depression in patients?

b. Whether new drug is effective in reducing each depression parameters?

¢. Whether interaction between the drug and time is significant?

d. Which duration is more appropriate in improving depression parameters?
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APPENDIX

See Tables A.1-A.4

Table A.1 The Normal Curve Area between the Mean and a Given z Value

z 0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09

0.0 0.0000 0.0040 0.0080 0.0120 0.0160 0.0199 0.0239 0.0279 0.0319 0.0359
0.1 0.0398 0.0438 0.0478 0.0517 0.0557 0.0596 0.0636 0.0675 0.0714 0.0753
0.2 0.0793 0.0832 0.0871 0.0910 0.0948 0.0987 0.1026 0.1064 0.1103 0.1141
0.3 0.1179 0.1217 0.1255 0.1293 0.1331 0.1368 0.1406 0.1443 0.1480 0.1517
0.4 0.1554 0.1591 0.1628 0.1664 0.1700 0.1736 0.1772 0.1808 0.1844 0.1879
0.5 0.1915 0.1950 0.1985 0.2019 0.2054 0.2088 0.2123 0.2157 0.2190 0.2224
0.6 0.2257 0.2291 0.2324 0.2357 0.2389 0.2422 0.2454 0.2486 0.2517 0.2549

(continued)

Repeated Measures Design for Empirical Researchers, First Edition. J. P. Verma.
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Table A.1 (Continued)

z 0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09

0.7 0.2580 0.2611 0.2642 0.2673 0.2704 0.2734 0.2764 0.2794 0.2823 0.2852
0.8 0.2881 0.2910 0.2939 0.2967 0.2995 0.3023 0.3051 0.3078 0.3106 0.3133
0.9 03159 03186 0.3212 0.3238 0.3264 0.3289 0.3315 0.3340 0.3365 0.3389
1.0 0.3413 0.3438 0.3461 0.3485 0.3508 0.3531 0.3554 0.3577 0.3599 0.3621
1.1 0.3643 0.3665 0.3686 0.3708 0.3729 0.3749 0.3770 0.3790 0.3810 0.3830
1.2 0.3849 0.3869 0.3888 0.3907 0.3925 0.3944 0.3962 0.3980 0.3997 0.4015
1.3 0.4032 0.4049 0.4066 0.4082 0.4099 0.4115 0.4131 0.4147 0.4162 0.4177
1.4 04192 04207 0.4222 0.4236 0.4251 04265 0.4279 0.4292 0.4306 0.4319
1.5 0.4332 0.4345 04357 0.4370 0.4382 0.4394 0.4406 0.4418 0.4429 0.4441
1.6 0.4452 0.4463 0.4474 0.4484 0.4495 0.4505 0.4515 0.4525 0.4535 0.4545
1.7 0.4554 0.4564 0.4573 0.4582 0.4591 0.4599 0.4608 0.4616 0.4625 0.4633
1.8 0.4641 0.4649 0.4656 0.4664 0.4671 0.4678 0.4686 0.4693 0.4699 0.4706
1.9 04713 04719 04726 04732 0.4738 0.4744 0.4750 0.4756 0.4761 0.4767
2.0 04772 04778 0.4783 0.4788 0.4793 0.4798 0.4803 0.4808 0.4812 0.4817
2.1 04821 0.4826 0.4830 0.4834 0.4838 0.4842 0.4846 0.4850 0.4854 0.4857
22 04861 0.4864 0.4868 0.4871 0.4875 0.4878 0.4881 0.4884 0.4887 0.4890
2.3 0.4893 0.4896 0.4898 0.4901 0.4904 0.4906 0.4909 0.4911 0.4913 0.4916
24 04918 0.4920 0.4922 0.4925 0.4927 0.4929 0.4931 0.4932 0.4934 0.4936
2.5 0.4938 0.4940 0.4941 0.4943 0.4945 0.4946 0.4948 0.4949 0.4951 0.4952
2.6 0.4953 0.4955 0.4956 0.4957 0.4959 0.4960 0.4961 0.4962 0.4963 0.4964
2.7 0.4965 0.4966 0.4967 0.4968 0.4969 0.4970 0.4971 0.4972 0.4973 0.4974
2.8 0.4974 0.4975 0.4976 0.4977 0.4977 0.4978 0.4979 0.4979 0.4980 0.4981
2.9 0.4981 0.4982 0.4982 0.4983 0.4984 0.4984 0.4985 0.4985 0.4986 0.4986
3.0 0.4987 0.4987 0.4987 0.4988 0.4988 0.4989 0.4989 0.4989 0.4990 0.4990
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Table A.2 F-Table

: Critical Values a = 0.05

245

vw/v, 12 3 4 5 6 7 8 9 10 11 12
3 1013 955 928 9.2 901 894 889 885 88 879 876 874
4 771 694 659 639 626 6.16 609 604 600 596 594 5091
5 6.61 579 541 519 505 495 488 482 477 474 470 4.68
6 599 5.4 476 453 439 428 421 415 410 406 403 4.00
7 559 474 435 412 397 387 379 373 368 3.64 3.60 3.57
8 532 446 407 3.84 3.69 3.58 350 344 339 335 331 328
9 512 426 3.86 3.63 348 337 329 323 3.8 3.14 3.10 3.07
10 496 410 371 348 333 322 314 307 3.02 298 294 291
11 484 398 359 336 320 3.09 301 295 290 285 282 279
12 475 389 349 326 3.1 3.00 291 285 280 275 272 2.69
13 467 381 341 3.8 303 292 283 277 271 267 263 260
14 460 374 334 311 296 285 276 270 265 260 257 2.53
15 454 368 329 3.06 290 279 271 264 259 254 251 248
16 449 363 324 301 285 274 266 2.59 254 249 246 242
17 445 359 320 296 281 270 261 255 249 245 241 238
18 441 355 316 293 277 266 258 251 246 241 237 234
19 438 352 3.3 290 274 263 254 248 242 238 234 231
20 435 349 3.10 287 271 260 251 245 239 235 231 228
2 430 344 305 282 266 255 246 240 234 230 226 223
24 426 340 301 278 262 251 242 236 230 225 222 218
26 423 337 298 274 259 247 239 232 227 222 218 215
28 420 334 295 271 256 245 236 229 224 219 215 212
30 417 332 292 269 253 242 233 227 221 216 213 2.09
35 412 327 287 264 249 237 229 222 216 211 208 2.04
40 408 323 284 261 245 234 225 218 212 208 204 2.00
45 406 320 281 258 242 231 222 215 210 205 201 197
50 403 3.8 279 256 240 229 220 213 207 203 199 1.95
60 400 3.15 276 253 237 225 217 210 204 199 195 1.92
70 398 3.3 274 250 235 223 214 207 202 197 193 1.89
80 396 311 272 249 233 221 213 206 200 195 191 1.88
100 394 3.09 270 246 231 219 210 203 197 193 189 185
200 389 3.04 265 242 226 214 206 198 193 1.88 1.84 1.80
500  3.86 3.01 262 239 223 212 203 196 1.90 185 181 1.77
1000 3.85 3.00 261 238 222 211 202 195 1.89 184 180 176
>1000 1.04 3.00 261 237 221 210 201 194 188 18 179 175

(continued)
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Table A.2 (Continued)

vi/v, 13 14 15 16 17 18 19 20 22 24 26 28

3 873 871 870 8.69 8.68 867 8.67 866 865 864 863 8.62
4 5890 587 586 584 583 582 581 580 579 577 576 5.5
5 4.66 4.64 4.62 460 459 458 457 456 454 453 452 450
6 398 396 394 392 391 390 3.88 3.87 386 3.84 383 382
7 355 353 351 349 348 347 346 344 343 341 340 3.39
8 326 324 322 320 3.19 3.17 3.16 3.15 3.13 3.12 3.10 3.09
9 3.05 3.03 3.01 299 297 296 295 294 292 290 289 287
10 2.89 286 2.85 283 281 280 279 277 275 274 272 271
11 276 274 272 270 2.69 267 266 2.65 263 261 259 258
12 266 264 262 260 258 257 256 254 252 251 249 248
13 2.58 255 253 251 250 248 247 246 244 242 241 239
14 251 248 246 244 243 241 240 239 237 235 233 232
15 245 242 240 238 237 235 234 233 231 229 227 226
16 240 237 235 233 232 230 229 228 225 224 222 221
17 235 233 231 229 227 226 224 223 221 219 217 2.16
18 231 229 227 225 223 222 220 219 217 215 213 212
19 228 226 223 221 220 218 217 216 213 211 210 2.08
20 225 223 220 218 217 215 214 212 210 2.08 207 2.05
22 220 217 215 213 211 210 2.08 207 205 203 201 2.00
24 215 213 211 209 207 205 204 203 200 198 197 1.95
26 212 209 207 205 203 202 200 199 197 195 193 191
28 209 206 204 202 200 199 197 196 193 191 190 1.88
30 206 204 201 199 198 196 195 193 191 189 187 1.85
35 201 199 196 194 192 191 189 188 185 1.83 1.82 1.80
40 1.97 195 192 190 1.89 187 1.8 184 181 1.79 177 1.76
45 194 192 189 187 186 184 182 181 178 176 1.74 1.73
50 192 189 1.87 185 183 1.81 180 1.78 1.76 1.74 1.72 1.70
60 1.89 1.86 184 182 180 178 1.76 1.75 172 1.70 1.68 1.66
70 1.86 1.84 181 179 177 175 174 1.72 170 1.67 1.65 1.64
80 1.84 182 179 177 175 173 1.72 170 1.68 1.65 1.63 1.62

100 1.82 1.79 177 175 1.73 171 1.69 168 1.65 163 1.61 1.59
200 1.77 174 172 1.69 1.67 166 1.64 162 160 157 155 1.53
500 1.74 171 1.69 166 1.64 1.62 161 159 156 154 152 1.50
1000 1.73 170 168 1.65 1.63 1.61 160 158 155 153 151 149
>1000 1.72 1.69 1.67 1.64 1.62 161 159 157 154 152 150 148
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Table A.2 (Continued)

247

vi/v, 30 35 40 45 50 60 70 80 100 200 500 1000 >1000
3 8.62 8.60 859 859 858 857 857 856 855 854 853 853 854
4 575 573 572 571 570 5.69 5.68 5.67 5.66 565 564 5.63 5.63
5 450 448 446 445 444 443 442 442 441 439 437 437 436
6 381 3.79 3.777 376 3.75 3.74 3.73 3.72 3.71 3.69 3.68 3.67 3.67
7 338 336 3.34 333 332 330 329 329 327 325 324 323 3.23
8 3.08 3.06 3.04 3.03 3.02 3.01 299 299 297 295 294 293 293
9 286 2.84 283 2.81 280 279 278 277 276 273 272 271 2.71
10 270 2.68 2.66 2.65 2.64 262 2.61 2.60 259 256 255 2.54 2.54
11 257 2.55 253 252 251 249 248 247 246 243 242 241 241
12 247 244 243 241 240 238 237 236 235 232 231 230 2.30
13 238 236 234 233 231 230 228 227 226 223 222 221 221
14 231 228 227 225 224 222 221 220 2.19 216 2.14 214 2.3
15 225 222 220 219 218 216 215 2.14 212 210 2.08 2.07 2.07
16 219 217 215 2.14 212 211 2.09 208 207 204 202 2.02 201
17 215 212 210 2.09 2.08 2.06 2.05 203 2.02 199 197 197 1.96
18 2.11 2.08 206 2.05 204 202 200 199 198 195 193 192 192
19 2.07 2.05 203 201 200 198 197 196 194 191 1.89 188 1.88
20 204 2.01 199 198 197 195 193 192 191 188 1.86 1.85 1.84
22 198 196 194 192 191 1.89 188 1.86 1.85 1.82 1.80 1.79 1.78
24 194 191 189 188 186 1.84 183 182 1.80 1.77 1.75 1.74 1.73
26 190 1.87 1.85 1.84 182 1.80 1.79 1.78 1.76 1.73 1.71 1.70 1.69
28 1.87 184 1.82 1.80 1.79 1.77 1.75 1.74 1.73 1.69 1.67 1.66 1.66
30 1.84 181 1.79 1.77 176 1.74 1.72 1.71 170 1.66 1.64 1.63 1.62
35 1.79 176 1.74 172 1.70 1.68 1.66 1.65 1.63 1.60 157 157 1.56
40 1.74 172 1.69 1.67 1.66 1.64 1.62 161 159 155 153 152 151
45 1.71 1.68 1.66 1.64 1.63 1.60 159 1.57 155 1.51 149 148 1.47
50 1.69 1.66 163 1.61 1.60 1.58 156 1.54 152 148 146 145 1.44
60 1.65 1.62 1.59 157 156 153 152 150 148 144 141 140 1.39
70 1.62 159 157 155 153 150 1.49 147 145 140 137 136 1.35
80 1.60 157 154 152 151 148 146 145 143 138 135 134 1.33
100 1.57 154 152 149 148 145 143 141 139 134 131 130 1.28
200 1.52 148 146 143 141 139 136 135 132 126 122 121 1.19
500 148 145 142 140 138 135 132 130 128 121 1.16 1.14 1.12
1000 1.47 143 141 138 136 133 131 1.29 126 1.19 1.13 1.11 1.08
>1000 146 142 140 137 135 1.32 130 128 125 1.17 1.11 1.08 1.03
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Table A.3 F-Table: Critical Values a =0.01

v, 12 3 4 5 6 7 8 9 10 11 12

3 34.12 30.82 29.46 28.71 28.24 2791 27.67 27.49 27.35 27.23 27.13 27.05
4 21.20 18.00 16.69 15.98 15.52 15.21 14.98 14.80 14.66 14.55 14.45 14.37
5 16.26 13.27 12.06 11.39 10.97 10.67 10.46 10.29 10.16 10.05 9.96 9.89
6 13.75 1092 9.78 9.15 875 847 826 810 798 787 779 772
7 1225 955 845 785 746 7.19 699 684 672 6.62 654 647
8 1126 865 7.59 701 6.63 637 6.18 6.03 591 581 573 5.67

9 10.56 8.02 699 642 6.06 580 561 547 535 526 5.18 5.11
10 10.04 756 655 599 5.64 539 520 5.06 494 485 477 471
11 9.65 721 622 567 532 507 489 474 463 454 446 440
12 933 693 595 541 5.06 482 4.64 450 439 430 422 416
13 9.07 6770 574 521 486 4.62 444 430 4.19 410 4.02 3.96
14 886 6.51 556 5.04 470 446 428 4.14 403 394 386 3.80
15 8.68 636 542 489 456 432 414 400 3.89 3.80 3.73 3.67
16 853 623 529 477 444 420 403 389 378 3.69 3.62 3.55
17 8.40 6.11 519 4.67 434 410 393 379 3.68 359 352 346
18 829 6.01 509 458 425 401 3.84 371 3.60 351 343 3.37
19 819 593 5.01 450 4.17 394 377 3.63 352 343 336 3.30
20 8.10 5.85 494 443 410 387 3.70 356 346 337 329 3.23
22 795 572 482 431 399 376 359 345 335 326 3.18 3.12
24 7.82 561 472 422 390 3.67 3.50 336 326 3.17 3.09 3.03
26 772 553 4.64 414 382 359 342 329 3.18 3.09 3.02 2.96
28 7.64 545 457 407 375 353 336 323 3.12 3.03 296 2.90
30 7.56 539 451 4.02 3.70 347 330 3.17 3.07 298 291 284
35 742 527 440 391 359 337 320 3.07 296 288 280 2.74
40 731 518 431 383 351 329 312 299 289 280 273 2.66
45 723 511 425 377 345 323 3.07 294 283 274 267 261
50 7.17 5.06 420 3.72 341 3.19 3.02 289 279 270 263 2.56
60 7.08 498 413 3.65 334 312 295 282 272 263 256 2.50
70 7.01 492 407 3.60 329 307 291 278 267 259 251 245
80 696 488 4.04 356 326 3.04 287 274 264 255 248 242

100 690 482 398 351 321 299 282 269 259 250 243 237
200 6.76 471 3.88 341 3.11 289 273 2.60 250 241 234 227
500 6.69 4.65 3.82 336 3.05 284 268 255 244 236 228 222
1000 6.66 4.63 3.80 334 3.04 282 266 253 243 234 227 220
>1000 1.04 4.61 3.78 332 3.02 280 264 251 241 232 225 219
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Table A.3 (Continued)

vi/v, 13 14 15 16 17 18 19 20 22 24 26 28

3 26.98 26.92 26.87 26.83 26.79 26.75 26.72 26.69 26.64 26.60 26.56 26.53
4 14.31 14.25 14.20 14.15 14.11 14.08 14.05 14.02 13.97 13.93 13.89 13.86
5 9.82 977 9.72 9.68 9.64 9.61 958 955 951 947 943 940
6 7.66 7.61 756 752 748 745 742 740 735 731 728 7.25
7 641 636 631 628 624 621 6.18 6.16 6.11 6.07 6.04 6.02
8 561 556 552 548 544 541 538 536 532 528 525 522

9 505 5.01 496 492 489 486 483 481 477 473 470 4.67
10 465 460 456 452 449 446 443 441 436 433 430 427
11 434 429 425 421 418 415 412 410 406 4.02 399 396
12 410 4.05 401 397 394 391 388 386 382 3.78 375 3.72
13 391 386 3.82 3.78 3.75 3.72 3.69 3.66 3.62 359 356 3.53
14 375 370 3.66 3.62 359 356 3.53 351 346 343 340 3.37
15 3.61 356 352 349 345 342 340 337 333 329 326 324
16 350 345 341 337 334 331 328 326 322 3.18 315 3.12
17 340 335 331 327 324 321 3.19 316 3.12 3.08 3.05 3.03
18 332 327 323 319 316 3.13 3.10 3.08 3.03 3.00 297 294
19 324 319 315 3.12 3.08 3.05 3.03 3.00 29 292 289 287
20 318 3.13 3.09 3.05 3.02 299 296 294 290 2.86 283 2.80
22 3.07 3.02 298 294 291 288 285 283 278 275 272 2.69
24 298 293 289 285 282 279 276 274 270 2.66 263 2.60
26 290 286 2.82 278 275 272 269 266 262 258 255 253
28 284 279 275 272 268 265 263 260 256 252 249 246
30 279 274 270 266 2.63 260 257 255 251 247 244 241
35 269 264 260 256 253 250 247 244 240 236 233 231
40 261 256 252 248 245 242 239 237 233 229 226 223
45 255 251 246 243 239 236 234 231 227 223 220 2.17
50 251 246 242 238 235 232 229 227 222 218 215 212
60 244 239 235 231 228 225 222 220 215 212 208 2.05
70 240 235 231 227 223 220 218 215 211 207 203 2.01
80 236 231 227 223 220 217 214 212 207 203 200 197

100 231 227 222 219 215 212 209 207 202 198 195 192
200 222 217 213 209 206 203 200 197 193 189 185 1.82
500 217 212 207 204 200 197 194 192 187 183 1.79 1.76
1000 215 210 206 202 198 195 192 190 185 181 1.77 1.74
>1000 2.13 2.08 2.04 200 197 194 191 188 183 179 176 1.73

(continued)
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Table A.3 (Continued)

vi/lv, 30 35 40 45 50 60 70 80 100 200 500 1000 >1000

3 26.50 26.45 26.41 26.38 26.35 26.32 26.29 26.27 26.24 26.18 26.15 26.13 26.15
4 13.84 13.79 13.75 13.71 13.69 13.65 13.63 13.61 13.58 13.52 13.49 13.47 13.47
5 9.38 933 929 926 924 920 9.18 9.16 9.13 9.08 9.04 9.03 9.02
6 723 718 7.14 7.1 7.09 7.06 7.03 7.01 699 693 690 6.89 6.89
7 599 594 591 588 586 582 580 578 5.75 5.70 5.67 5.66 5.65
8 520 5.15 5.12 5.09 507 5.03 501 499 496 491 488 487 4.86
9 4.65 4.60 457 454 452 448 446 444 442 436 433 432 432
10 425 420 417 4.14 412 408 4.06 4.04 4.01 3.96 393 392 3091
11 394 389 386 3.83 3.81 3.78 3.75 3.73 3.71 3.66 3.62 3.61 3.60
12 3770 3.65 3.62 3.59 3.57 3.54 3.51 349 347 341 338 337 3.36
13 351 346 3.43 340 338 3.34 332 330 3.27 322 3.19 3.18 3.17
14 335 330 327 324 322 3.8 3.16 3.14 3.11 3.06 3.03 3.01 3.01
15 321 3.17 3.13 3.10 3.08 3.05 3.02 3.00 298 292 2.89 288 2.87
16 310 3.05 3.02 299 297 293 291 289 2.86 281 278 276 2.75
17 3.00 296 292 289 287 283 281 279 276 271 2.68 2.66 2.65
18 292 2.87 284 281 278 275 272 271 2.68 2.62 259 258 257
19 284 280 276 2.73 271 2.67 265 2.63 2.60 255 251 250 249
20 278 273 2.69 2.67 264 2.61 258 256 254 248 244 243 242
22 2,67 2.62 258 255 253 250 247 245 242 236 233 232 231
24 2.58 253 249 246 244 240 238 236 233 227 224 222 221
26 250 245 242 239 236 233 230 228 225 219 216 214 213
28 244 239 235 232 230 226 224 222 219 213 2.09 2.08 2.07
30 239 234 230 227 225 221 218 2.16 213 2.07 203 202 201
35 228 223 219 216 214 210 2.07 205 2.02 196 192 190 1.89
40 220 2.15 211 208 206 202 199 197 194 187 1.83 182 1.81
45 2.14 2,09 205 2.02 200 196 193 191 188 1.81 1.77 175 1.74
50 2.10 2.05 201 197 195 191 188 1.86 182 1.76 1.71 1.70 1.69
60 203 198 194 190 188 1.84 1.81 1.78 1.75 1.68 1.63 1.62 1.60
70 198 193 189 1.85 1.83 1.78 1.75 1.73 1.70 1.62 157 156 1.54
80 194 189 185 1.82 1.79 1.75 1.71 1.69 1.65 1.58 153 151 1.50
100 1.89 1.84 1.80 1.76 1.74 1.69 1.66 1.63 1.60 152 147 145 1.43
200 1.79 1.74 169 1.66 1.63 1.58 155 152 148 139 133 130 1.28
500 1.74 1.68 1.63 1.60 157 1.52 148 145 141 131 123 120 1.17
1000 1.72 1.66 1.61 1.58 154 150 146 143 138 128 1.19 1.16 1.12
>1000 1.70 1.64 159 1.56 153 148 144 141 136 125 1.16 1.11 1.05
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Table A.4 Critical Values of Studentized Range Distribution (¢) for Familywise
ALPHA = 0.05

Denominator Number of Groups (Treatments)

DF 3 4 5 6 7 8 9 10
1 26.98 32.82 37.08 40.41 43,12 4540 4736  49.07
2 8.33 9.80 10.88 11.73 12.43 13.03 13.54 13.99
3 591 6.83 7.50 8.04 8.48 8.85 9.18 9.46
4 5.04 5.76 6.29 6.71 7.05 7.35 7.60 7.83
5 4.60 5.22 5.67 6.03 6.33 6.58 6.80 7.00
6 4.34 4.90 5.31 5.63 5.90 6.12 6.32 6.49
7 4.17 4.68 0.06 5.36 5.61 5.82 6.00 6.16
8 4.04 4.53 4.89 5.17 5.40 5.60 5.77 5.92
9 3.95 4.42 4.76 5.02 5.24 5.43 5.60 5.74
10 3.88 4.33 4.65 491 5.12 5.30 5.46 5.60
11 3.82 4.26 4.57 4.82 5.03 5.20 5.35 5.49
12 3.77 4.20 4.51 4.75 4.95 5.12 5.26 5.40
13 3.73 4.15 4.45 4.69 4.88 5.05 5.19 5.32
14 3.70 4.11 4.41 4.64 4.83 4.99 5.13 5.25
15 3.67 4.08 4.37 4.60 4.78 4.94 5.08 5.20
16 3.65 4.05 4.33 4.56 4.74 4.90 5.03 5.15
17 3.63 4.02 4.30 4.52 4.71 4.86 4.99 5.11
18 3.61 4.00 4.28 4.49 4.67 4.82 4.96 5.07
19 3.59 3.98 4.25 4.47 4.65 4.79 4.92 5.04
20 3.58 3.96 4.23 4.45 4.62 4.77 4.90 5.01
21 3.57 3.94 4.21 4.42 4.60 4.74 4.87 4.98
22 3.55 3.93 4.20 4.41 4.58 4.72 4.85 4.96
23 3.54 391 4.18 4.39 4.56 4.70 4.83 4.94
24 3.53 3.90 4.17 4.37 4.54 4.68 4.81 4.92
25 3.52 3.89 4.15 4.36 4.53 4.67 4.79 4.90
26 3.51 3.88 4.14 4.35 4.51 4.65 4.77 4.88
27 3.51 3.87 4.13 4.33 4.50 4.64 4.76 4.86
28 3.50 3.86 4.12 4.32 4.49 4.63 4.75 4.85
29 349 3.85 4.11 4.31 4.48 4.61 4.73 4.84
30 349 3.85 4.10 4.30 4.46 4.60 4.72 4.82
31 348 3.84 4.09 4.29 4.45 4.59 4.71 4.81
32 348 3.83 4.09 4.28 445 4.58 4.70 4.80
33 347 3.83 4.08 4.28 4.44 4.57 4.69 4.79
34 3.47 3.82 4.07 4.27 443 4.56 4.68 4.78
35 3.46 3.81 4.07 4.26 4.42 4.56 4.67 4.77
36 3.46 3.81 4.06 4.26 4.41 4.55 4.66 4.76
37 345 3.80 4.05 4.25 4.41 4.54 4.66 4.76
38 345 3.80 4.05 4.24 4.40 4.53 4.65 4.75
39 3.45 3.80 4.04 4.24 4.39 4.53 4.64 4.74
40 3.44 3.79 4.04 423 4.39 4.52 4.63 4.74
41 344 3.79 4.04 4.23 4.38 4.52 4.63 4.73
42 3.44 3.78 4.03 4.22 4.38 4.51 4.62 4.72

~
)

343 3.78 4.03 4.22 4.37 4.50 4.62 4.72
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Table A.4 (Continued)

Denominator Number of Groups (Treatments)

DF 3 4 5 6 7 8 9 10

44 343 3.78 4.02 4.21 4.37 4.50 4.61 4.71
45 343 3.77 4.02 4.21 4.36 4.49 4.61 4.71
46 343 3.77 4.02 4.21 4.36 4.49 4.60 4.70
47 3.42 3.77 4.01 4.20 4.36 4.49 4.60 4.70
48 3.42 3.76 4.01 4.20 4.35 4.48 4.59 4.69
49 342 3.76 4.01 4.19 4.35 4.48 4.59 4.69
50 3.42 3.76 4.00 4.19 4.34 4.47 4.58 4.68
51 3.41 3.76 4.00 4.19 4.34 4.47 4.58 4.68
52 341 3.75 4.00 4.18 434 4.47 4.58 4.67
53 3.41 3.75 3.99 4.18 4.33 4.46 4.57 4.67
54 3.41 3.75 3.99 4.18 4.33 4.46 4.57 4.67
55 341 3.75 3.99 4.18 4.33 4.46 4.57 4.66
56 3.41 3.75 3.99 4.17 4.33 4.45 4.56 4.66
57 3.40 3.74 3.98 4.17 432 4.45 4.56 4.66
58 3.40 3.74 3.98 4.17 4.32 4.45 4.56 4.65
59 3.40 3.74 3.98 4.17 432 4.44 4.55 4.65
60 3.40 3.74 3.98 4.16 431 4.44 4.55 4.65
61 3.40 3.74 3.98 4.16 4.31 4.44 4.55 4.64
62 3.40 3.73 3.97 4.16 431 4.44 4.55 4.64
63 3.40 3.73 3.97 4.16 431 4.43 4.54 4.64
64 3.39 3.73 3.97 4.16 4.31 4.43 4.54 4.64
65 3.39 3.73 3.97 4.15 4.30 4.43 4.54 4.63
66 3.39 3.73 3.97 4.15 4.30 443 4.54 4.63
67 3.39 3.73 3.97 4.15 4.30 4.43 4.53 4.63
68 3.39 3.73 3.96 4.15 4.30 4.42 4.53 4.63
69 3.39 3.72 3.96 4.15 4.30 4.42 4.53 4.62
70 3.39 3.72 3.96 4.14 4.29 4.42 4.53 4.62
71 3.39 3.72 3.96 4.14 4.29 4.42 4.53 4.62
72 3.38 3.72 3.96 4.14 4.29 4.42 4.52 4.62
73 3.38 3.72 3.96 4.14 4.29 4.41 4.52 4.62
74 3.38 3.72 3.95 4.14 4.29 4.41 4.52 4.61
75 3.38 3.72 3.95 4.14 4.29 4.41 4.52 4.61
76 3.38 3.72 3.95 4.14 4.28 441 4.52 4.61
77 3.38 3.71 3.95 4.13 4.28 4.41 4.51 4.61
78 3.38 3.71 3.95 4.13 4.28 4.41 4.51 4.61
79 3.38 3.71 3.95 4.13 4.28 4.40 4.51 4.60
80 3.38 3.71 3.95 4.13 4.28 4.40 4.51 4.60
81 3.38 3.71 3.95 4.13 4.28 4.40 4.51 4.60
82 3.38 3.71 3.95 4.13 4.28 4.40 4.51 4.60
83 3.38 3.71 3.94 4.13 4.27 4.40 4.50 4.60
84 3.37 3.71 3.94 4.13 4.27 4.40 4.50 4.60
85 3.37 3.71 3.94 4.12 4.27 4.40 4.50 4.60
86 3.37 3.71 3.94 4.12 4.27 4.39 4.50 4.59

87 3.37 3.70 3.94 4.12 4.27 4.39 4.50 4.59
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Table A.4 (Continued)

Denominator Number of Groups (Treatments)

DF 3 4 5 6 7 8 9 10
88 3.37 3.70 3.94 4.12 4.27 4.39 4.50 4.59
89 3.37 3.70 3.94 4.12 4.27 4.39 4.50 4.59
90 3.37 3.70 3.94 4.12 4.27 4.39 4.50 4.59
91 3.37 3.70 3.94 4.12 4.26 4.39 4.49 4.59
92 3.37 3.70 3.94 4.12 4.26 4.39 4.49 4.59
93 3.37 3.70 3.93 4.12 4.26 4.39 4.49 4.59
94 3.37 3.70 3.93 4.11 4.26 4.38 4.49 4.58
95 3.37 3.70 393 4.11 4.26 4.38 4.49 4.58
96 3.37 3.70 3.93 4.11 4.26 4.38 4.49 4.58
97 3.37 3.70 393 4.11 4.26 4.38 4.49 4.58
98 3.37 3.70 393 4.11 4.26 4.38 4.49 4.58
99 3.37 3.70 3.93 4.11 4.26 4.38 4.49 4.58
100 3.37 3.70 393 4.11 4.26 4.38 4.48 4.58

Adapted and abridged from the Tables for Statisticians, E. S. Pearson and H. O. Hartley, Vol. 1, 3rd edition.
pp. 176—177. Copyright © 1966, Biometrika Trustees. Used with permission.
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