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Preface

Emphasis on effect sizes is rapidly rising as at least 24 journals in various fields
require that authors of research reports provide estimates of effect size. For cer-
tain kinds of applied research, it is no longer considered acceptable only to report
that results were statistically significant. Statistically significant results indicate
that a researcher has discovered some evidence of, say, a real difference between
parameters or a real association between variables, but one of unknown size.
Especially in applied research, such statements often need to be augmented with
estimates of how different the average results for studied groups are or how strong
the association between variables is. Those who apply the results of research often
need to know more, for example, than that one therapy, one teaching method,
one marketing campaign, or one medication appears to be better than another;
they often need evidence of how much better it is (i.e., the estimated effect size).
Chapter 1 provides a more detailed definition of effect size and discussion of
those circumstances in which estimation of effect sizes is especially important.
The purpose of this book is to inform a broad readership (broad with respect to
fields of research and extent of knowledge of general statistics) about a variety of mea-
sures and estimators of effect sizes for analysis of univariate and multivariate data,
their proper applications and interpretations, and their limitations. Thus, this book
focuses on analyzing the results of a study in terms of the size of the obtained effects.

CONTENTS

The book discusses a broad variety of measures and estimators of effect sizes
for different kinds of variables (nominal, ordinal, continuous), and different cir-
cumstances and purposes. It provides detailed discussions of standardized and
unstandardized differences between means (Chapters 2, 3, 6, 7, and 11), many of
the correlational measures (Chapters 4 and 10), strength of association (Chapters
6, 7, and 10 through 12), association in contingency tables (Chapters 8 and 9), con-
fidence intervals (Chapter 2 and thereafter for many measures), and some impor-
tant less-known measures that are simple and more robust when assumptions are
violated (Chapters 5 and 9). In the interest of fairness and completeness, for cases
in which experts disagree about the appropriate measure of effect size, this book
cites alternative viewpoints.

NEW TO THIS EDITION

This second edition
* Provides updated and more detailed discussions of the univariate effect
size measures that were discussed in the first edition
¢ Adds univariate effect size measures that were not discussed in the first
edition

xiii
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* Adds figures and tables to demonstrate some important concepts
graphically

* Adds three chapters on measures of effect sizes in multiple regression,
analysis of covariance, and multivariate analysis of variance and other
multivariate methods

» Expands coverage of effect size measures for dependent groups

* Expands the discussions of confidence intervals for effect sizes

* Discusses newer robust methods

¢ Expands the discussions of commercial software and cites more free
software

* Adds pedagogical aids to all chapters: introductions, summaries, tips
and pitfalls sections, and additional problems

* Adds sections on recommendations where helpful

* Addsawebsite with datasets, http://www.psypress.com/9780415877695

The usefulness of an estimate of effect size depends on the soundness of the
underlying research method and, many believe, also on the features of the under-
lying statistical analysis; thus, this book discusses many issues involving method-
ology, psychometrics, and modern data analysis.

INTENDED AUDIENCE

The level and content of this book make it appropriate for use as a supplement for
graduate courses in statistics in such fields as psychology, education, the social
sciences, business, management, and medicine. The book is also appropriate for
use as the text for a graduate course on effect sizes, or a special-topics seminar
or independent-reading course in those fields. Because of its broad content and
extensive references, the book is also intended to be a valuable resource for pro-
fessional researchers and data analysts, graduate students who are analyzing data
for theses, and advanced undergraduates who are doing research.

To enhance its use as a resource, the book briefly mentions, and provides ref-
erences for, some topics for which constraint on length does not permit detailed
discussion. Some instructors may choose to omit such material.

With regard to the first nine chapters of the book (univariate effect sizes),
readers are expected to have knowledge of parametric statistics through facto-
rial analysis of variance as well as some knowledge of chi-squared analysis of
contingency tables. Some knowledge of nonparametric analysis in the case of two
independent groups (i.e., the Mann—Whitney U test or the equivalent Wilcoxon
W, test) would be helpful, but not essential.

With regard to the final three chapters (multivariate effect sizes), we assume
that some readers have only scant familiarity with the elements of multiple regres-
sion, analysis of covariance, and multivariate analysis of variance; thus, a brief
conceptual overview is provided before discussing effect sizes. Where graduate
students are sufficiently prepared in univariate and multivariate statistics, this
book can be used as the textbook in an advanced statistics course. Although the


http://www.psypress.com/9780415877695

Preface XV

book is not introductory with regard to statistics in general, we assume that many
readers have little or no prior knowledge of measures of effect size and their
estimation.

Chapter 1 includes a brief discussion, with many references, of the contro-
versy about null-hypothesis significance testing. However, the use of appropri-
ate effect sizes and confidence intervals for effect sizes is generally approved by
those on either side of this controversy, either for replacing or augmenting testing
for statistical significance. We note that the first edition of this book was favorably
reviewed by those on either side of this controversy.

Readers should be able to find in this book many kinds of effect sizes that they
can knowledgeably apply to many of their sets of data. We attempt to enhance
the practicality of the book by the use of worked examples that often involve real
data, for which the book provides calculations of estimates of effect sizes that
had not previously been made by the original researchers. Finally, in addition to
standard commercial software, we often cite free statistical software for special
calculations of effect sizes and confidence intervals for them.
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’I Introduction

INTRODUCTION

Simply defined for now, an effect size usually quantifies the degree of difference
between or among groups or the strength of association between variables such as
a group-membership variable and an outcome variable. This chapter introduces
the general concept of effect sizes in the contexts of null-hypothesis significance
testing (NHST), power analysis, and meta-analysis. The main focus of the rest
of this book is on effect sizes for the purpose of analyzing the data from a single
piece of research. For this purpose, this chapter discusses some assumptions of
effect sizes and of the test statistics to which they often relate.

NULL-HYPOTHESIS SIGNIFICANCE TESTING

Much applied research begins with a research hypothesis that states that there is a
relationship between two variables or a difference between two parameters, such
as means. (In later chapters, we discuss research involving more than two vari-
ables or more than two parameters.) One typical form of the research hypothesis
is that there is a nonzero correlation between the two variables in the popula-
tion. Often one variable is a categorical independent variable involving group
membership (a grouping variable), such as male versus female or Treatment a
versus Treatment b, and the other variable is a continuous dependent variable,
such as blood pressure, or score on an attitude scale or on a test of mental health
or achievement.

In the case of a grouping variable, there are two customary forms of research
hypothesis. The hypothesis may again be stated correlationally, positing a non-
zero correlation between group membership and the dependent variable, as is dis-
cussed in Chapter 4. More often in this case of a grouping variable, the research
hypothesis posits that there is a difference between means in the two popula-
tions. Although a researcher may prefer one approach, some readers of a research
report may prefer the other. Therefore, a researcher should consider reporting
effect sizes from both approaches.

The usual statistical analysis of the results from the kinds of research at hand
involves testing a null hypothesis (H,) that conflicts with the research hypothesis
typically either by positing that the correlation between the two variables is zero in
the population or by positing that there is no difference between the means of the
two populations. (Strictly, a null hypothesis may posit any value for a parameter.
When the null-hypothesized value corresponds to no effect, such as no difference
between population means or zero correlation in the population, the null hypoth-
esis is sometimes called a nil hypothesis, about which more is discussed later.)



2 Effect Sizes for Research: Univariate and Multivariate Applications

The ¢ statistic is usually used to test the H, against the research hypothesis
regarding a difference between the means of two populations. The significance
level (p level) that is attained by a test statistic such as ¢ represents the probability
that a result at least as extreme as the obtained result would occur if the H, were
true. It is very important for applied researchers to recognize that this attained
p value is not the probability that the H,, is wrong, and it does not indicate how
wrong H, is, the latter goal being a purpose of an effect size. Also, the p value
traditionally informs a decision about whether or not to reject H, but it does not
guide a decision about what further inference to make after rejecting a H,,

Observe in Equation 1.1 for ¢ for independent groups that the part of the for-
mula that is usually of greatest interest in applied research that uses a familiar
scale for the measure of the dependent variable is the numerator, the difference
between means. (This difference is a major component of a common estimator
of effect size that is discussed in Chapter 3.) However, Equation 1.1 reveals that
whether or not ¢ is large enough to attain statistical significance is not merely a
function of how large this numerator is, but depends on how large this numerator
is relative to the denominator. Equation 1.1 and the nature of division reveal that
for any given difference between means an increase in sample sizes will increase
the absolute value of 7 and, thus, decrease the magnitude of p. Therefore, a statisti-
cally significant r may indicate a large difference between means or perhaps a less
important small difference that has been elevated to the status of statistical sig-
nificance because the researcher had the resources to use relatively large samples.

Tips and Pitfalls

The lesson here is that the outcome of a ¢ test, or an outcome using another test
statistic, that indicates by, say, p < .05 that one treatment’s result is statistically sig-
nificantly different from another treatment’s result, or that the treatment variable
is statistically significantly related to the outcome variable, does not sufficiently
indicate how much the groups differ or how strongly the variables are related.
The degree of difference between groups and the strength of relationship between
variables are matters of effect size. Attaining statistical significance depends on
effect size, sample sizes, variances, choice of one-tailed or two-tailed testing, the
adopted significance level, and the degree to which assumptions are satisfied.

In applied research it is often very important to estimate how much better a statisti-
cally significantly better treatment is. It is not enough to know merely that there is sup-
posedly evidence (e.g., p < .05), or supposedly even stronger evidence (e.g., p < .0l),
that there is some unknown degree of difference in mean performance of the two
groups. If the difference between two population means is not 0 it can be anywhere
from nearly O to far from 0. If two treatments are not equally efficacious, the better
of the two can be anywhere from slightly better to very much better than the other.

For an example involving the 7 test, suppose that a researcher were to compare
the mean weights of two groups of overweight diabetic people who have under-
gone random assignment to either weight-reduction program a or b. Often the
difference in mean postprogram weights would be tested using the 7 test of a H,
that posits that there is no difference in mean weights, p, and p,, of populations
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who undertake program a or b (H: p, — u, = 0). The independent-groups  statistic
in this nil-hypothesis case is
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where Y values, s2 values, and ns are sample means, variances, and sizes, respec-
tively. Again, if the value of 7 is great enough (positive or negative) to place ¢ in
the extreme range of values that are improbable to occur if H, were true, the
researcher will reject H, and conclude that it is plausible that there is a difference
between the mean weights in the populations.

Tips and Pitfalls

Consider a possible limitation of the aforementioned interpretation of the statis-
tically significant result. What the researcher has apparently discovered is that
there is evidence that the difference between mean weights in the populations is
not zero. Such information may be of use, especially if the overall costs of the
two treatments are the same, but it would often be more informative to have an
estimate of what the amount of difference is (an effect size) than merely learning
that there is evidence of what it is not (i.e., not 0).

STATISTICALLY SIGNIFYING AND PRACTICAL SIGNIFICANCE

The phrase “statistically significant” can be misleading because synonyms of
“significant” in the English language, but not in the language of statistics, are
“important” and “large,” and we have just observed with the ¢ test, and could
illustrate with other statistics such as F and y?, that a statistically significant result
may not be a large or important result. “Statistically significant” is best thought of
as meaning “statistically signifying.” A statistically significant result is signify-
ing that the result is sufficient, by the researcher’s adopted standard of required
evidence against H,, (say, adopted significance level a < .05), to justify rejecting
H,. There are possible substitutes for the phrase “statistically significant,” such
as “result (or difference) not likely attributable to chance,” “difference beyond
a reasonable doubt,” “apparently truly (or really or convincingly) different,” and
“apparently real difference of as yet unknown magnitude.”

A medical example of a statistically significant result that would not be prac-
tically significant in the sense of clinical significance would be a statistically
significant lowering of weight or blood pressure that is too small to lower risk of
disease importantly. Also, a statistically significant difference between a standard
treatment and a placebo is less clinically significant than one of the same mag-
nitude between a standard treatment and a new treatment. A psychotherapeutic
example would be a statistically significant lowering of scores on a test of depres-
sion that is insufficient to be reflected in the clients’ behaviors or self-reports
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of well-being. Another example would be a statistically significant difference
between schoolgirls and schoolboys that is not large enough to justify a change
in educational practice (educational insignificance). Thus, a result that attains a
researcher’s standard for “significance” may not attain a practitioner’s standard
of significance.

Bloom, Hill, Black, and Lipsey (2008) and Hill, Bloom, Black, and Lipsey
(2008) discussed the use of benchmarks that proceed from effect sizes to assess
the practical significance of educational interventions. Their approach emphasizes
that it is not the mere numerical value of an effect size that is of importance but
how such a value compares to important benchmarks in a field. In clinical research,
one definition of a practically significant difference is the smallest amount of ben-
efit that a treatment would have to provide to justify all costs, including risks, of
the treatment, the benefit being determined by the patient. Matsumoto, Grissom,
and Dinnel (2001) reported on the cultural significance of differences between
Japan and the United States in terms of effect sizes involving mean differences.

Onwuegbuzie, Levin, and Leech (2003) recommended, where appropriate,
that practical significance be conveyed in terms of economic significance. For
example, when reporting the results of a successful treatment for improving the
reading level of learning-disabled children, in addition to a p level and an estimate
of a traditional effect size the researcher should report the estimated annual mon-
etary savings per treated child with respect to reduced cost of special education
and other costs of remedial instruction. Another example is a report stating that
for every dollar a state spends on education (education being a “treatment” or
“intervention”) in a state university, the state’s return benefit is eventually Y dol-
lars (Y > 1). Harris (2009) proposed as a measure of educational significance the
ratio of an effect size and the monetary cost of the intervention that brings about
that effect size. In this proposal, to be considered large such a ratio must be at
least as large as the largest such ratio for a competing intervention.

In clinical research the focus is often on the effect size for a treatment that is
intended to reduce a risk factor for disease, such as lowering blood pressure or
lowering cholesterol levels. However, the relative effect sizes of competing treat-
ments with regard to a risk factor for a disease may not predict the treatments’
relative effects on the ultimate outcomes, such as rate of mortality, because of
possibly different side effects associated with the competing treatments. This is a
matter of net clinical benefit. Similarly, in psychotherapeutic research the focus of
estimation of effect size may be on competing treatments to reduce a risk factor
such as suicidal thoughts, whereas the ultimate interest should be elsewhere, that
is, effect sizes of competing treatments with regard to suicide itself in this case.

More is written about practical significance throughout this book, including
the fact that the extent of practical significance is not always reflected by the
magnitude of an effect size. The quality of a judgment about the practical signifi-
cance of a result is enhanced by expertise in the area of research. Although effect
size, a broad definition of which is discussed in the next section, is not synony-
mous with practical significance, knowledge of a result’s effect size can inform
a subjective judgment about practical significance.
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DEFINITION, CHARACTERISTICS, AND USES OF EFFECT SIZES

We assume for now the case of the typical null hypothesis that implies that there
is no effect or no relationship between variables; for example, a null hypothesis
that states that there is no difference between means of populations or that the
correlation between variables in the population is zero. Whereas a test of statisti-
cal significance is traditionally used to provide evidence (attained p level) that a
null hypothesis is wrong, an effect size (ES) measures the degree to which such a null
hypothesis is wrong (if it is wrong). Because of its pervasive use and usefulness,
we use the name effect size for all such measures that are discussed in this book.
Many effect size measures involve some form of correlation (Chapters 4 and 10)
or its square (Chapters 4, 6, 7, 10, and 12), some form of standardized difference
between means (Chapters 3, 6, 7, 11, and 12), or the degree of overlap of distribu-
tions (Chapter 5), but many measures that will be discussed do not fit into these
categories. Again, we use the label effect size for measures of the degree to which
results differ from what is implied for them by a typical null hypothesis.

Often the relationship between the numerical value of a test statistic (7.S) and
an estimator of ES is ES, = TS/f(N), where f(N) is some function of total sample
size, such as degrees of freedom. Specific forms of this equation are available
for many test statistics, including 7, F, and y?, so that reported test statistics can
be approximately converted to indirect estimates of effect size by a reader of a
research report or a meta-analyst without access to the raw data that would be
required to estimate an effect size directly. However, researchers who work with
their own raw data (called primary researchers) and who use this book can esti-
mate effect sizes directly so they do not need to use an approximate conversion
equation to convert a value of the test statistic to an estimate of effect size.

Although some function of sample size typically appears in equations for esti-
mators of effect sizes (explicitly, or implicitly in their denominators), these func-
tions of sample sizes merely serve to compensate for the effect of sample size
elsewhere in the equation, typically the numerator. However, sample sizes can
influence the bias (often slight) of estimators in some cases. (Also, smaller sample
size results in greater sampling variability of an estimator of effect size, which
can increase the difference between the estimated effect size and the actual effect
size in the population.) In various published literatures, studies with larger sample
sizes tend to be associated with lower estimated effect sizes because attaining a
statistically significant result is often a prerequisite for publication and the smaller
a sample’s effect size the larger the sample that is needed to attain statistical sig-
nificance (Slavin & Smith, 2009).

Merely reporting an effect size without properly interpreting it adds little to
a report of research. In their study of articles that appeared in 10 journals that
publish educational research, Alhija and Levy (2009) reported that different con-
clusions could often be reached if reported effect sizes had been interpreted. The
American Educational Research Association recommends including an estimate
and interpretation of effect size for each important inferential statistic that is
reported.
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SOME FACTORS INFLUENCING EFFECT SIZES

Some important factors that influence estimates of effect size are (a) the research
design, (b) which of a variety of possibly conflicting effect sizes a researcher chooses
to report, (c) violations of assumptions such as equal variances and normality, and
(d) the reliability of the scores on the dependent variable. Other influential factors
include the nature of the participants and their variability (e.g., effect size might be
larger when participants come from populations that are homogeneous with regard
to background variables), the choice of measure of the dependent variable (alterna-
tive measures may differ in their reliability [Chapter 4] and in their sensitivity to the
effect of the independent variable), and the amount of time between administration
of a treatment and the collection of the data from which an effect size is calculated.
The magnitudes of effect sizes for gender differences in mathematics vary depend-
ing on the domain of mathematics that is being tested and the form of the test (e.g.,
multiple-choice or open-ended; Liu & Wilson, 2009).

Sometimes a clinical study is stopped ahead of schedule because the results
appear to be obviously favorable for a new treatment for a serious disease. In this
case an estimate of effect size at that point is likely to be greater than it would
have been if the study had proceeded to its scheduled end.

Some estimators of effect size are biased to an extent that depends on sample
size, as is observed throughout this book. Also, in some areas of research effect
sizes tend to be smaller in later research than in earlier research (effect size decline).
Some of the possible reasons for such a decline relate to sample size and publica-
tion bias and outcome reporting bias, which are, respectively, the disinclination
of many editors of journals to publish, and the disinclination of many researchers
to submit, reports of research whose results do not attain statistical significance.
Larger estimates of effect size in the distribution of possible sample effect sizes
will be required to attain statistical significance in an earlier study than in a later
study if the former uses smaller samples. In this case earlier published effect size
estimates will be relatively large for a particular area of research whereas later pub-
lished studies will be more likely to include relatively small estimates of effect size.

Another possible related reason for effect size decline over time is the statistical
phenomenon called “regression to the mean,” whereby an extreme sample value
of a variable is likely to be followed by a less extreme sample value. The possible
sequence of events is as follows. Because of sampling variability (greater with a
smaller sample) a given sample is likely to produce an estimate of effect size that is
greater or smaller than the population effect size. Assume the case in which it is a
greater sample effect size that is obtained (an overestimate). The greater a sample
effect size the more likely that the researcher will submit, and the editor will
accept, for publication a report of that effect size. The greater the sample effect
size the more likely that it is overestimating the population effect size and the
more likely that a second independent sample will yield a less extreme estimate.

Staines and Cleland (2007) discussed additional factors that can possibly influ-
ence the size of effect, including partial-sample bias, researcher-allegiance bias, and
wait-list-control-group bias. Such biases are especially plausible in clinical research.
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A partial-sample bias (or bias from differential attrition) occurs when participants
who drop out of a study would have contributed results that are different from the
results from remaining participants. Researcher-allegiance bias occurs when a
researcher favors one of the treatments that are being compared and the favorit-
ism results in the preferred treatment being given an unintended advantage in the
conduct of the study. For example, compared to the not-favored treatment, a favored
treatment may be administered more effectively by more experienced and more
motivated practitioners of that treatment.

A wait-list-control-group bias can occur in comparative psychotherapeutic
studies in which those of the volunteers who are randomly assigned to treatment
receive treatment promptly whereas those who are randomly assigned to be con-
trols have to wait before being treated so that nontreatment data can be collected
from them for the purpose of comparison with data from those who have already
been treated. Patients who are treated promptly have an opportunity to improve
not only from any direct benefits of treatment but also from any placebo effect
that they gain from their expectation that they will get better because they are
receiving professional help. On the other hand, members of the waiting control
group not only receive no treatment prior to the collection of outcome data but
they may well have a negative expectancy about their condition because they are
disappointed by this fact, perhaps to the point of being demoralized and having
their condition deteriorate. Negative expectancy and anxiety about possible risks
from treatment, such as drugs or surgery, can cause some people to experience
adverse effects. Such an experience is called a nocebo effect.

Effect sizes for treatments versus control comparison groups may be reduced
to the extent that receipt of treatment is perceived as probable by participants in
control groups. Particularly, signing an informed-consent form can enhance the
perceived probability of treatment and, therefore, enhance a placebo effect in such
comparison groups. Lipman (2008a) provided a concise discussion of factors that
can influence the extent of a medical placebo effect. In any study that estimates
an effect size for treatment versus control, or compares two or more such effect
sizes, the strength of the placebo(s) must be considered when interpreting the
effect size(s). Also, a nocebo effect can influence an effect size in a study in which
a nocebo effect is greater for one treatment than another.

In applied experimental research the usefulness of an estimate of effect size
depends on the external validity of the results, which is the generalizability of
the results to the kind of population to which the researcher intended to apply the
results. For example, in randomized clinical trials (RCTS, more generally random-
ized controlled trials or experimental designs), research reports should clearly
describe such factors as the research setting, criteria for inclusion and exclusion
for forming the pool of prospective participants from which random assignment
was made, demographics and clinically relevant baseline characteristics of the
participants, nature of any background treatment other than the treatment on
which the experiment is based, strength and duration of the treatment, timing of
the measurement of the outcome (follow-up?), attrition or removal of participants,
adverse effects, reliability of the scores (Chapter 4), and clinical relevance of the
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measure of the dependent variable in cases in which they are indirect measures
of the patient’s problem. Also relevant are the levels of expertise of those who are
administering the treatment(s). (In RCTs, in contrast with observational studies
that are discussed in Chapter 8, participants are randomly assigned to conditions
[e.g., treatment, control, placebo] to reduce the chance that groups will differ at
baseline with respect to variables that might influence the results [confounding
variables, e.g., gender, age] other than the variable(s) that the researcher intends
to vary [independent variables).)

There may be important differences between characteristics of the participants
in research and the people to whom the results of research are to be applied later
(e.g., health and age in clinical research). Therefore, even the results of research
that used random assignment should be said to provide evidence of the efficacy of
treatments, not direct evidence of the effectiveness of treatments. Efficacy is the
potential for effectiveness of a treatment in the realm of clinical practice because of
promising results for that treatment in earlier clinical research. The effectiveness of
a treatment is a matter of its success in actual applied settings (e.g., clinical settings).
For example, many medical journals endorse a common set of standards of quality
for RCTs known by the acronym CONSORT (Consolidated Standards of Reporting
Trials). These standards emphasize the internal validity of a clinical trial, which
addresses the issue of whether the results are correctly attributable to the treatment
variable because of control of extraneous variables that could have influenced the
results. The greatest benefit of random assignment is to bolster internal validity.
Also, nonrandom attrition of participants can undo the initial equality of samples
with respect to relevant variables in research with random assignment.

Tips and Pitfalls
Methods sections of reports of experimental studies should go beyond merely stating
that participants were randomly assigned to groups because what happens to partici-
pants between the time of their random assignment and the collection of data can
greatly influence the effect sizes and conclusions from the study. Medical research-
ers are setting a good example of becoming very much aware of this issue. Reports
of RCTs increasingly have come to distinguish among three criteria for the inclusion
or exclusion of data. First, there is the controversial intent-to-treat (or intention-to-
treat), in which the data from all those were assigned to a condition are to be included
in the analysis whether or not they received full treatment or any treatment. Second,
there is the per-protocol criterion, in which only data from those who participated
fully are included. Third, there is modified intent-to-treat, in which data from all
patients assigned to a condition are to be considered for inclusion, whether or not
the patients received treatment, but some data are to be excluded based on a pre-
determined criterion such as postrandomization discovery of a preexisting disease
in a patient other than the disease targeted by the treatment. Fidler, Faulkner, and
Cumming (2008) discussed estimation of effect sizes and construction of confidence
intervals for effect sizes for intention-to-treat and per-protocol analyses.

The best way to compare treatments is in a head-to-head comparison in an
experiment. However, in some areas of research, such as those that study the
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efficacy of a drug for attention-deficit hyperactivity disorder, direct comparison
of alternative treatments is infrequent. Instead the typical study compares a drug
with a placebo. In such cases one can compare the (a) effect sizes from experi-
ments that involved drug a and a placebo and (b) effect sizes from experiments
that involved drug b and a placebo. Such is one of the uses of effect sizes, but the
usefulness of these comparisons depends on the essential features of the studies
of drug a and drug b being comparable. The comparison of effect sizes can be
undertaken using meta-analysis, which is discussed later in this chapter. To make
an inference about the optimal or sufficient magnitude of a treatment, such as
duration of therapy or dose of a drug, primary researchers can compare the esti-
mates of effect size at each level of magnitude of the treatment.

Any effect size that is chosen from possible alternatives should be technically
appropriate while being comprehensible to policy makers, such as educational
or health officials who want to apply the results to some practical problem, and
be minimally influenced by factors other than the studied independent variables.
Such an ideal should be sought, but, as can be learned from the interpretations of
various effect sizes in this book, very difficult to realize fully. For a review of the
history of effect sizes refer to Huberty (2002).

CONTROVERSY ABOUT NULL-HYPOTHESIS
SIGNIFICANCE TESTING

It can be argued that readers of a report of applied research that involves control
or placebo groups, or that involves treatments whose costs are different, have a
right to be informed of estimates of effect sizes. Some may even argue that not
reporting such estimates in an understandable manner to those who apply the
results of research in such cases (e.g., educators, health officials, managers of
trainee programs, clinicians, governmental officials) is a kind of withholding of
evidence. Indeed, the reporting of effect sizes has been likened to telling “the
truth, the whole truth, and nothing but the truth” (Zakzanis, 2001). Increasingly,
editors of journals that publish research are recommending, or requiring (but not
necessarily enforcing), the reporting of estimates of effect sizes. For example,
the American Psychological Association and the American Educational Research
Association recommend, and the Journal of Educational and Psychological
Measurement and at least 22 other journals as of the time of this writing require,
the reporting of such estimates.

Tips and Pitfalls

There is disagreement regarding when estimates of effect sizes should be reported.
On the one hand is the view that traditional NHST is meaningless because no nil
hypothesis (i.e., no difference or zero correlation) can be literally true (at least
for populations of infinite size measured on continuous variables). For example,
according to this view no two or more population means can be exactly equal to
all decimal places. (Consult Mulaik, Raju, & Harshman, 1997, for an opposing
view.) Therefore, from this point of view that implies that no effect size can be
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exactly zero, the task of a researcher is to estimate the size of this “obviously”
nonzero effect. Those who are in this camp believe that not reporting an effect
size when the researcher concludes that the results are statistically “insignificant”
is equivalent to treating such effect sizes as if they were known to be equal to
zero when in fact they are not known to be equal to zero. (From the review of the
magnitudes of many obtained effect sizes by Lipsey and Wilson [1993], Hunter
and Schmidt [2004] estimated that 99.3% of the null-hypothesized 0 differences
from research on psychological treatments are wrong [although it is possible that
this percentage is somewhat positively biased].) The opposite opinion is that sig-
nificance testing is paramount and that effect sizes are to be reported only when
results are found to be statistically significant. For further discussions relating
to this debate consult Anderson, Burnham, and Thompson (2000), Barnette and
McLean (1999), Browne (2010), Carver (1978), Cortina and Landis (in press), Fan
(2001), Hedges and Olkin (1985), Howard et al., (2009a,b), Hunter and Schmidt
(1990), Knapp (2003), Knapp and Sawilowsky (2001), Levin and Robinson
(2003), Onwuegbuzie and Levin (2003, 2005), Roberts and Henson (2003),
Robinson and Levin (1997), Rosenthal, Rosnow, and Rubin (2000), Rosnow and
Rosenthal (1989), Sawilowsky (2003a, 2003b, 2007a), Sawilowsky and Yoon
(2002), Snyder and Lawson (1993), Staines and Cleland (2007), Thompson (1996,
2007), Vacha-Haase and Thompson (2004), and the articles in volume 33 (2004)
of the Journal of Economics.

As we discuss in Chapters 3 and 6, many estimators of effect size tend to
overestimate effect sizes in the population, overestimation that is called positive
or upward bias. A major question that is debated is whether or not this upward
bias of estimators of effect size is large enough (it is often very small except
when sample sizes are very small) so that the reporting of a bias-based nonzero
estimate of effect size will seriously inflate the overall estimate of effect size in
a field of study when the null hypothesis is true (i.e., there is actually zero effect
in the population) and the results are statistically insignificant. Those who are
not concerned about such bias urge the reporting of all effect sizes, statistically
significant or not significant, to improve the accuracy of meta-analyses. Their rea-
soning is that such reporting will avoid the problem of inflating overall estimates
of effect size in the literature that would result from not including the smaller
effect sizes that arise from primary studies whose results did not attain statistical
significance.

Some are of the opinion that effect sizes are more important in applied research,
in which one may be interested in whether or not the effect size is estimated to be
large enough to be of practical use. In contrast, in theoretical research one may
only be interested in whether or not results support a theory’s prediction, say, for
example, that mean a will be greater than mean b. In cases in which it is obvious
that a traditional null hypothesis that posits a value of O for a parameter is wrong
the research should address the question of how far from O the parameter is by
estimating an effect size. For example, it is obvious that in the general population

the size of children’s vocabularies is positively correlated with their age (r,,,, > 0),
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so research in that area would most usefully focus on constructing a confidence
interval for the effect size, r,,, as is discussed in Chapter 4. In cases in which a
parameter is obviously not zero, one can also test a null hypothesis that posits that
the parameter is equal to some specified nonzero value or conduct equivalence

testing as is discussed in Chapters 2, 5, and 8.

PURPOSE OF THIS BOOK

It is not necessary for this book to discuss the controversy about NHST further
because the purpose of this book is to inform readers about a variety of measures
of effect size and their proper applications and limitations. Regardless of one’s
position about NHST, most researchers agree that estimates of effect size are often
important for interpreting and reporting results. One reason that a variety of effect
size measures is needed is that different kinds of measures are appropriate depend-
ing on whether variables are scaled categorically, ordinally, or continuously (and
also sometimes depending on certain characteristics of the sampling method, and
the research design and purpose, that are discussed where pertinent in later chap-
ters). The results from a given study often lend themselves to more than one type
of measure of effect size. These different measures can sometimes provide very
different, even conflicting, perspectives on the results. Consumers of the results
of research, including editors of journals, those in the news media who convey
results to the public, and patients who are giving supposedly informed consent
to treatment, often need to be made aware of the results in terms of alternative
measures of effect sizes to guard against the possibility that biased or unwitting
researchers have used a measure that makes a treatment appear to be more effec-
tive than another measure would have done. Some of the topics in Chapter 8 exem-
plify this issue particularly well. Also, alternative measures should be considered
when the statistical assumptions of traditional measures are not satisfied.

Data sets can have complex characteristics. For example, traditionally research-
ers have focused on the effects of independent variables on just one characteristic
of distributions of data, their centers, such as their means or medians, representing
the effect on the typical (average) participant. However, a treatment can also have an
effect on aspects of a distribution other than its center, such as its tails (Chapter 5).
Treatment can have an effect on the center of a distribution and/or the variability
around that center. For example, consider a treatment that increases the scores of some
experimental-group participants and decreases the scores of others in that group, a
treatment X subject interaction. The result is that the variability of the experimental
group’s distribution will be larger or smaller (may be greatly so) than the variability
of the control or comparison group’s distribution. Whether there is an increase or
decrease in variability of the experimental group’s distribution depends on whether
it is the higher- or lower-performing participants who are improved or worsened by
the treatment. In such cases the centers of the two distributions may be nearly the
same whereas the treatment in fact has had an effect on the tails of a distribution.
However, it is quite likely that a treatment will have an effect on both the center and
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the variability of a distribution because it is common to find that distributions that
have higher means than other distributions also have the greater variabilities.

As is demonstrated in later examples in this book, by applying a variety of
appropriate estimates of measures of effect size to the same set of data, research-
ers and readers of their reports can gain a broader perspective on the effects of
an independent variable. In some later examples we observe that examination
of estimates of different kinds of measures of effect size can greatly alter one’s
interpretation of results and of their importance. Also, any appropriate estimate
of effect size that a researcher has calculated must be reported in order to guard
against a biased interpretation of the results. However, we acknowledge, as will
be observed from time to time in this book, that there can be disagreement among
experts about the appropriate measure of effect size for certain kinds of data.

There are several excellent books that discuss effect sizes. Although this book
cites this work when relevant, most of these books treat the topic in a differ-
ent context (power analysis or meta-analysis) and for a purpose that is different
from the purpose of this book, as we briefly discuss in the next two sections of
this chapter.

POWER ANALYSIS

Some books consider effect sizes in the context of estimation of statistical
power for determining needed sample sizes for planned research (Cohen, 1988;
Kraemer & Thiemann, 1987; Murphy & Myors, 2008). The power of a statisti-
cal test is the probability that use of the test will lead to rejection of a false H,,.
Statistical power decreases as population effect size decreases and increases as
sample size increases, so deciding the minimum effect size that one is interested
in having one’s research detect is very important for researchers who are plan-
ning research. Books on power analysis are very useful for planning research,
as they take into account power-determining factors such as the magnitude of
effect that the research is intended to detect, the researcher’s adopted alpha level,
likely variances (influenced by factors that are discussed in this book such as the
research design and the reliability of the scores), and maximum available sample
sizes. (The use of such factors, including expected effect size, to estimate needed
sample sizes is an example of what is called a frequentist approach. Discussion of
an alternative Bayesian approach to estimating needed sample size can be found
in Pezeshk, Maroufy, and Gittens [2009].)

The report by the American Psychological Association’s Task Force on
Statistical Inference urged researchers to report obtained estimates of effect sizes
to facilitate future power analyses in a researcher’s field of interest (Wilkinson &
APA Task Force on Statistical Inference, 1999). (However, an appropriate kind of
effect size for power analysis may sometimes not be an appropriate kind of effect
size for data analysis [Feingold, 2009; Raudenbush & Liu, 2001].) Free applets for
calculating power and estimating needed sample sizes for planned research are
available, courtesy of Russell Lenth (2006), at http://www.stat.iowa.edu/~rlenth/
Power/.
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REPLICATION AND META-ANALYSIS

A single study is rarely definitive. Several books cover estimation of effect sizes
in the context of meta-analysis. Meta-analytic methods are procedures for quan-
titatively summarizing the effect sizes from a set of related research studies in a
specific area of research (replicated, i.e., repeated, studies). “Meta” in this context
means “beyond” or “more comprehensive.” Synonyms for meta-analyzing such
sets of effect sizes include quantitatively integrating, combining, synthesizing, or
cumulating them. Again, each individual study in the set of meta-analyzed stud-
ies is called primary research. In many applied areas, such as medical practice,
effect sizes from meta-analyses are becoming major determinants of the treat-
ments that are considered to constitute the best evidence-based practice.

Replicating studies means replicating methods, but does not necessarily mean
obtaining replicated results, as we discuss later with regard to what are called
moderator variables. Ioannidis (2005) discussed many factors that can influence
the probability that a finding from a single study is true (critique by Goodman &
Greenland, 2007). Vickers’ (2006, 2008a) discussions of errors in recording
and entering data further support the need for replication of important studies.
Schmidt (2009) discussed different meanings and implementations of replication
and offered recommendations.

Among other procedures, an early form of meta-analysis includes testing for
homogeneity (i.e., equality) of the estimates of effect size from each primary
study using the Q statistic or more recently proposed alternatives, such as I’
(Borenstein et al., 2009). In the traditional meta-analytic method, if the esti-
mated effect sizes from the primary (i.e., underlying) studies are declared to
be homogeneous, they are averaged (weighting each primary estimate by the
inverse of its sampling variance) to make the best estimate of the effect size
in the population. If the primary estimates are declared to be heterogeneous
(unequal), the meta-analyst in this type of meta-analysis then tests for modera-
tor variables that may be responsible for the varying effect sizes. Moderator
variables may be found to be varying characteristics of the participants across
the primary studies (e.g., gender, age, ethnicity, educational level, or severity
of illness) or varying kinds of designs across the primary studies (e.g., experi-
mental versus nonexperimental designs or between-groups versus within-groups
designs). Hunter and Schmidt (2004) generally opposed testing for homogeneity of
effect sizes (also consult Schmidt, Oh, and Hayes, 2009). Construction of confi-
dence intervals for the population effect size estimated from a meta-analysis can
also be very informative, but problematic methods of meta-analysis may result
in greatly overstated confidence levels (Bonett, 2009a; Schmidt et al., 2009).
The construction of confidence intervals from primary research is discussed in
Chapter 2 and thereafter throughout this book.

Among other factors, the accuracy of a meta-analysis depends on the represen-
tativeness of the primary studies on which it is based. Meta-analyses in many areas
may overestimate effect size because some studies with effect sizes that are truly
nonzero, but still too small to attain statistical significance, will have been excluded
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from the literature because of publication bias (Ferguson & Brannick, in press) and
outcome reporting bias. Consult Borenstein et al. (2009) for further discussion.

Tips and Pitfalls

To accommodate readers of reports of primary research, especially readers who
are meta-analysts, authors of such reports should not only include an estimate of
effect size but also provide all of the summary statistics (e.g., means and vari-
ances in many cases) that readers may need to be able to calculate their preferred
estimators of effect size, which may not be the type that was reported. Reporting
effect sizes enables more informative comparison of results with earlier reported
results and facilitates any later meta-analysis of such results. Meta-analyses that
use previously reported effect sizes that had been directly calculated by primary
researchers on their raw data will be more accurate than those that are based
on effect sizes that had to be retrospectively estimated by meta-analysts using
approximately accurate equations to convert the primary studies’ reported test
statistics to estimates of effect size. Effect sizes are often not reported in older
articles or in articles that are published in journals that do not strictly require
such reporting, nor are raw data typically conveniently available to meta-analysts.
Therefore, as previously mentioned, books on meta-analytic methods include
equations for converting previously reported test statistics into individual esti-
mates of effect size that meta-analysts can then average.

For those who do not have access to the raw data, Walker (2005) provided IBM
SPSS syntax for calculating many estimates of effect sizes for the univariate and
multivariate cases of two independent groups either from test statistics (e.g., £)
or from descriptive statistics. Again, when raw data are available, more accurate
estimation of effect sizes can be made using the equations in this book.

Consider a set of primary studies in each one of which the dependent variable
is some measure of mental health and the independent variable is membership
in either a treated group or a control group. Most such studies yield a moderate
value for estimated effect size (i.e., therapy usually seems to help, at least mod-
erately), some yield a high or low positive value (i.e., therapy seems to help very
much or very little), and a very small number of studies yield a negative value for
the effect size, indicating possible harm from the therapy. Again, no one piece
of primary research is necessarily definitive in its findings because of sampling
variability and the previously discussed possibly moderating variables that vary
among the individual studies, factors such as the nature of the therapy, diagnostic
and demographic characteristics of the participants across the studies, kind of
test of mental health, and characteristics of the therapists. An early example of a
meta-analysis is the averaging of the effect size estimates from many such studies
by Smith and Glass (1977). Consult Staines and Cleland (2007) for a discussion of
possible biases of underestimation and overestimation of effect sizes in primary
and meta-analytic studies.

Because the focus of this book is on direct estimation of effect sizes from the raw
data of a primary research study, there will only be occasional mention of meta-
analysis in later chapters. There are several approaches to meta-analytic methods.
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Books that cover these methods include those by Borenstein et al. (2009) and
Hunter and Schmidt (2004). The journal Research Synthesis Methods is devoted
to methodology in meta-analysis and related topics.

ASSUMPTIONS OF TEST STATISTICS AND EFFECT SIZES

When statisticians create a new test statistic or measure of effect size they often
do so for populations that have certain characteristics, which are called assump-
tions. For the ¢ test, F' test, and some common examples of effect sizes, two of
these assumptions are that the populations from which the samples are drawn are
normally distributed and have equal variances. The latter assumption is called
homogeneity of variance or homoscedasticity (the latter from Greek words for
“same” and “scattered”). When data come from populations with unequal vari-
ances this violation of homoscedasticity is called heterogeneity of variance or het-
eroscedasticity. When researchers use statistical tests whose developers assumed
homoscedasticity, the researchers are likely not strictly holding this assumption
but are assuming that the populations do not differ enough in their variances to
invalidate the results of the test. However, many statistical tests may be more
sensitive to seemingly small violations of assumptions than researchers realize.
Throughout this book we observe how violation of assumptions can affect estima-
tion and interpretation of effect sizes, and we discuss some alternative methods
that accommodate such violations. There is a trend toward the use of modern
methods that are more robust against violation of assumptions. (However, we
observe later in this book that interpretation of inferential statistics that involve
robust alternatives to the mean and variance can sometimes be problematic.)

Tips and Pitfalls

Often a researcher asserts that an effect size that involves the degree of difference
between two means (Chapter 3) is significantly different from zero because sig-
nificance was attained when comparing the two means by a ¢ test. However, suf-
ficient nonnormality and heteroscedasticity can result in the shape of the actual
sampling distribution of the test statistic departing sufficiently from the theo-
retical sampling distribution of 7 (or F) so that, unbeknownst to the researcher,
the actual p value for the result is importantly different from the p value that
is observed in a printout. Even slight nonnormality can lower statistical power
greatly (e.g., Wilcox, 2008a), and nonnormality can also inflate the probability
of rejecting a true null hypothesis (Type I error) (Keselman, Algina, Lix, Wilcox, &
Deering, 2008). Also, we observe in Chapter 3 that the usual interpretation of a
widely used effect size involving the difference between two means is invalid
under nonnormality.

It is well known that the rate of Type I error for the 7 test and F test is increased
in the case of unequal sample sizes if sample sizes and variances of populations
are negatively related, regardless of normality and sample sizes (e.g., Keselman
et al., 2008). Also, even if sample sizes are equal and there is normality, when
samples are small enough (maybe each n < 7), heteroscedasticity can inflate the
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rate of Type I error for the independent-groups ¢ test beyond what is indicated by
the observed p value (Ramsey, 1980; also consult Algina, Oshima, & Lin, 1994).

Tips and Pitfalls

Traditionally, many researchers have not been concerned about heteroscedasticity
unless ratios of sample variances exceeded 3, but even under slight nonnormality
a ratio of variances in the population as low as 1.5 can cause the 7 test to begin
to falter. In this case a ratio of variances in the population that is equal to 1.5 can
result in an apparent p < .05 masking an actual p = .075 for the ¢ test (Reed &
Stark, 2004). Considering the relatively low power of traditional tests of homosce-
dasticity (Grissom, 2000), a ratio of variances in the population that is equal to 1.5
would likely be very difficult to detect.

For references and further discussions of the consequences of, and solu-
tions to, violation of assumptions on ¢ testing and F' testing, consult Sawilowsky
(2002), Wilcox (2005a), and Wilcox and Keselman (2003). When incorrect con-
clusions from research jeopardize public health and safety, a data analyst has a
special responsibility to deal with statistical assumptions correctly. Ramsey and
Ramsey (2007) discussed the relative conservativeness of robust tests of equality
of two variances.

Christensen (2005) noted that if results lead to rejection of a nil hypothesis
it could be that the nil hypothesis is indeed false or it could mean only that one
or more assumptions have been violated. If the latter were the case some would
argue that there would thereby be insufficient evidence that an effect size involv-
ing the difference between two means is different from zero. Christensen also
discussed how in the analysis of variance very small values of F, which are usu-
ally ignored by researchers, or large values of F, sometimes can be attributed to
heteroscedasticity or other problems with the data.

Huberty’s (2002) article on the history of effect sizes noted that heteroscedas-
ticity is common but has been given insufficient attention in discussions of effect
sizes. This book attempts to redress this shortcoming. The fact that nonnormality
and heteroscedasticity can affect estimation and interpretation of effect sizes is of
concern and discussed throughout this book because real data often exhibit such
characteristics, as is documented in the next section.

Independence of scores is the very important assumption that the probability
of each score in a group is not conditional on any other score in the group. For
example, in research that compares the effectiveness of methods of teaching in
elementary school, a disruptive child in a classroom will likely have a low score
on the test of achievement that is the measure of the dependent variable and will
also likely cause a lowering of scores of some other children in the classroom.
In general, individual scores are less likely to be independent when treatment is
administered to a group jointly instead of individually. Examples of the use of
such jointly treated groups include research on group therapy, social interaction,
classrooms or sets of two or more learners, and groups of job trainees. Stevens
(2009) provided extensive discussion of the seriousness of violation of this
assumption, including the facts that random sampling and random assignment do
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not eliminate the problem. In the case of tests for differences between or among
independent groups, such as the between-groups ¢ or F tests, it is also assumed
that the scores in one group are independent of (i.e., not conditional on) the scores
in any other group, as is discussed in Chapter 2. Violation of independence of
scores can greatly inflate the rate of Type I error (e.g., consult Table 6.1 on p. 220
in Stevens) and distort estimates of effect sizes by influencing variances.

VIOLATIONS OF ASSUMPTIONS SUGGESTED BY REAL DATA

Unfortunately, violations of assumptions are commonly suggested by real data
and often in combinations of violations. Micceri (1989) presented many examples
of nonnormal data, reporting that only approximately 3% of data in educational
and psychological research have the appearance of near-symmetry and light
tails as in a normal distribution. Wilcox (1996) illustrated how two distributions
can appear to be normal and appear to have very similar variances when in fact
they have very different variances, even a ratio of variances greater than 10 to
1. Distributions of biomedical and ecological data have often been described as
lumpy, irregular, skewed, and heavy-tailed. Because many measures of depen-
dent variables in behavioral and biomedical research allow only positive values,
positive skew, which is discussed later, is likely.

Tests of normality differ in various ways, including the characteristics of nor-
mality that they address and the manner in which they measure these characteris-
tics. Seir (2002) evaluated the performances of 10 tests of normality with respect
to their power and rate of Type I error for a wide range of sample sizes and distri-
butions. Thadewald and Biining (2007) reported comparisons of power of various
tests of normality depending on the nature of the departure from normality.
Coin (2007) reported that many tests of normality were insensitive to nonnormal
symmetrical distributions.

In a review of the literature Grissom (2000) noted that there are theoretical
reasons to expect, and empirical results to document, likely heteroscedasticity
throughout various areas of research. When raw data that are amounts or counts
have some zeros (such as the number of alcoholic drinks consumed by some
patients during an alcoholism rehabilitation program) group means and variances
are often positively related (e.g., Sawilowsky, 2002). Therefore, distributions for
samples with larger means often have larger variances than those for samples
with smaller means, resulting in the possibility of heteroscedasticity. Again,
homoscedasticity and heteroscedasticity are characteristics of populations, not
samples, but these characteristics may not be accurately reflected by comparison
of variances of samples taken from those populations because the sampling vari-
ability of variances is high. Refer to Sawilowsky for a discussion of the implica-
tions of the relationship between means and variances, including citations of an
opposing view.

Sample distributions with greater positive skew tend to have the larger means
and variances, again suggesting possible heteroscedasticity. Positive skew roughly
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means that a distribution is not symmetrically shaped because its right tail is more
extensive than its left tail, the opposite being true for negative skew. Examples of
positive skew include distributions of data from studies of difference thresholds
(sensitivity to a change in a stimulus), reaction time, latency of response, time
to complete a task, income, length of hospital stay, and galvanic skin response
(emotional palm sweating). Malgady (2007) proposed an effect size for skew that
is based on the value of skew relative to its maximum possible value, so this effect
size ranges from O to 1.

Tips and Pitfalls

The problem of heteroscedasticity is often addressed by transforming the data to
logarithms in an attempt to reduce the relationship between the means and vari-
ances. It would be beyond the scope of this book to discuss the possible failure of
results from transformed data to apply to the original data; results such as p levels,
confidence levels, effect sizes (Ruscio, 2008a), and inferences about main effects
and interaction effects.

There are reasons for expecting heteroscedasticity in data from research on the
efficacy of a treatment. First, a treatment may be more beneficial for some partici-
pants than for others, or even harmful for others. If this variability of responsive-
ness to treatment differs from treatment group a to treatment group b because
of the natures of the treatments that are being compared, heteroscedasticity may
result. For example, Lambert and Bergin (1994) found that there is deterioration
in some patients in psychotherapy, usually more so in treated groups than in con-
trol groups. Mohr (1995) cited negative outcomes from therapy for some adults
with psychosis. Also, some therapies may increase the violence of certain kinds
of offenders (Rice, 1997).

Second, suppose that the measure of the dependent variable does not sufficiently
cover the range of the underlying variable that it is supposed to be measuring (the
latent variable). For example, a paper-and-pencil test of depression may not be
covering the full range of depression that can actually occur in depressives. In this
case a ceiling or floor effect can produce a greater reduction of variabilities within
those groups whose treatments most greatly decrease or increase their scores.

A ceiling effect occurs when the highest score obtainable on a measure of the
dependent variable does not represent the highest possible standing with respect
to the latent (underlying) variable. For example, a classroom test is supposed to
measure the latent variable of students’ knowledge, but if the test is too easy a
student who scores 100% may not have as much knowledge of the material as
is possible, and another student who scores 100% may have even greater knowl-
edge that the easy test does not enable that student to demonstrate. A floor effect
occurs when the lowest score obtainable on a measure of the dependent variable
does not represent the lowest possible standing with respect to the latent variable.
For example, a screening test for memory disorder may be so difficult for the
participants that among those memory-impaired patients who score 0 on the test
there may be some who actually have even a poorer memory than the others who
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scored 0, but who cannot exhibit their poorer memory because scores below 0 are
not possible. In addition to lowering an estimate of effect size, a ceiling effect can
inflate the rate of Type I error.

Heteroscedasticity can also result from outliers, which are typically defined
roughly as extremely atypically high or low scores. Outliers may merely reflect
recording errors or another kind of research error, but they are common and
should be reported as possibly reflecting an important effect of a treatment on a
small minority of participants, or an indication of an important characteristic of
a small minority of the participants. (Consult Vickers, 2006, for a checklist for
avoiding recording errors and errors in data entry, data analysis, and manuscript
preparation.) Outliers may arise from a small sub-population that differs from a
larger sub-population from which most of the scores come.

Wilcox (2001, 2003) discussed a simple method for detecting outliers and also
provided S-PLUS and R software functions for such detection (Wilcox, 2003,
2005a). This method is based on the median absolute deviation (MAD). The
MAD is defined and discussed as one of the alternative measures of variability
in the last two sections of this chapter. Wilcox and Keselman (2003) further dis-
cussed detection and treatment of outliers and their effect on statistical power.
Wilcox’s code for R software for detecting outliers is freely downloadable from
http://www-rcf.usc.edu/~rwilcox. Researchers should reflect on the possible rea-
sons for any outliers and about what, if anything, to do about them in the analysis
of their data. It is unlikely that a single definition or rule for dealing with outliers
will be applicable to all data.

An overview of major developments in the detection of outliers was provided
by Hadi, Imon, and Werner (2009). Again, we are concerned about outliers here
because of the possibility that they may result in heteroscedasticity that can make
the use of statistical tests and certain measures of effect size problematic.

The assumption of homoscedasticity amounts to an assumption that a ratio of
variances in populations equals 1. Data support the theoretical expectation that
heteroscedasticity is common. Wilcox (1987) found that ratios of largest to small-
est sample variances, called maximum sample variance ratios (VRSs), exceeding
16 are not uncommon, and there are reports of sample VRs above 566 (Keselman
etal., 1998). Because of the great sampling variability of variances one can expect
to find some sample VRs that greatly exceed the population VRs, especially when
sample sizes are small. However, in a study of gender differences using ns > 100, a
sample VR was approximately 18,000 (Pedersen, Miller, Putcha-Bhagavatula, &
Yang, 2002). Grissom (2000) found that research reports in a single issue of the
Journal of Consulting and Clinical Psychology contained sample VR values of
3.24, 4.00 (several), 6.48, 6.67, 7.32, 7.84, 25.00, and 281.79.

Groups that are formed by random assignment are expected to represent, by
virtue of truly random assignment, populations with equal variances prior to
treatment. However, preexisting groups often seem to represent populations with
different variances. Humphreys (1988) discussed why gender differences in vari-
ability may be more important than gender differences in means.
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Tips and Pitfalls

Because treatment can affect the variabilities as well as the centers of distribu-
tions, and because changes in variances can be of as much practical significance as
are changes in means, researchers should think of variances not just with regard to
whether or not their data satisfy the assumption of homoscedasticity, but as infor-
mative aspects of treatment effect. For example, Skinner (1958) predicted that pro-
grammed instruction, contrasted with traditional instruction, would result in lower
variances in achievement scores. Similarly, in research on the outcome of therapy
more support would be given for the efficacy of a therapy if it were found that the
therapy not only results in a “healthier” mean on a test of mental health, but also
in less variability on the test when contrasted with a control group or alternative
therapy group. Also, a remedial program that is intended to raise all participants’
competence levels to a minimally acceptable level could be considered to be a
failure or a limited success if it brought the group mean up to that level but also
greatly increased variability in part by lowering the performance of some partici-
pants. For example, a remedial program increased mean scholastic performance
but also increased variability (Bryk, 1977; Raudenbush & Bryk, 1987). Keppel
(1991) presented additional examples of treatments affecting variances. Bryk and
Raudenbush (1988) presented methods in clinical outcome research for identify-
ing the patient characteristics that result in heteroscedasticity and for separately
estimating treatment effects for the identified types of patients. Consult Wilcox
(2003) and Singh, Goyal, and Gil (2010) for discussions of comparing variances.

EXPLORING THE DATA FOR A POSSIBLE EFFECT
OF A TREATMENT ON VARIABILITY

Because treatment often has an effect on variability, and unequal variances can
influence the choice of a measure of effect size, it is worthwhile to consider the
topic of exploring the data for a possible effect of treatment on variability. Also,
as we soon observe, there sometimes are limitations to the use of the standard
deviation as a measure of variability, and many common measures of effect size
involve a standard deviation in their denominators. Therefore, in this section we
also consider the use of alternative measures of variability.

Tips and Pitfalls

An obvious approach to determining whether or not a treatment has had an effect
on variability would be to apply one of the common tests of homoscedasticity
(typically outputted by statistical software) to determine if there is a statistically
significant difference between the variances of the two samples. This approach
is problematic because the traditional tests of homoscedasticity often produce
inaccurate p values when sample sizes are small (say, each sample n < 11) or
unequal, or distributions are not normal, and have low power even under nor-
mality. However, Wilcox (2003, 2005a) provided an S-PLUS software function
for a bootstrap method for comparing two variances, a method that appears to
produce accurate p values and acceptable power. A basic bootstrap method is
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briefly described in Chapter 2. Bonett (2006) proposed a method for constructing
a confidence interval for the ratio of two standard deviations (or two variances) for
the case of dependent groups under nonnormality. For references and more details
about traditional tests of homoscedasticity consult Grissom (2000).

SEQUENTIAL TESTING

It is common, and facilitated by major statistical software packages, to test for
homoscedasticity and then conduct or report a conventional ¢ test that assumes
homoscedasticity if the difference in variances is not statistically significant. Some
of those who require statistically significant results to justify reporting effect sizes
for such results might be inclined to adopt such a sequence of testing. (The same
sequential method is also common prior to conducting a conventional F' test in
the case of two or more means.) If the difference in variances is significant, the
researcher forgoes the traditional 7 test for the Welch ¢ test that does not assume
homoscedasticity, as is discussed in Chapter 2. However, this sequential proce-
dure is problematic not only because of likely low power for the test of homosce-
dasticity but because of the resulting increase in rate of Type I error for the test
on means. A Type I error defeats the goal of many researchers of reporting an
effect size only for statistically significant results. For discussions of the problem
of sequential testing consult Sawilowsky and Spence (2007) and Serlin (2002). As
Serlin noted, such inflation of Type I error can also result from the use of a test of
symmetry to decide if a subsequent comparison of groups is to be made using a
normality-assuming statistical test or a nonparametric test. Recently, some stat-
isticians have come to recommend foregoing testing of assumptions and instead
using a robust test, especially when the robust test has statistical power that is
competitive with the power of the nonrobust test when assumptions are satisfied.
Although traditional inferential methods may often not be powerful enough
to detect heteroscedasticity or yield accurate p values, researchers should at least
report s? for each sample for informally comparing sample variabilities, and per-
haps report other measures of the samples’ variabilities, to which we now turn
our attention. These measures of variability are less sensitive to outliers and skew
than are the traditional variance and standard deviation, and they can provide bet-
ter measures of the typical deviation from average scores under those conditions.
Again, heteroscedasticity can invalidate some measures of effect size, as will be
observed throughout this book. Also, we note in Chapter 3 and thereafter that these
alternative measures of variability can also be of use in estimating an effect size.

VARIANCE AND RANGE

Recall that the variance of a sample, 52, is the mean of squared deviations of raw
scores from the mean:

Y-Y)
st = Z(n) 1.2)
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or, when the variance of a sample is used as an unbiased estimator of a population
variance:

Y-Y)
Sz =Z’(1_1) (13)

The variance and standard deviation will be observed in later chapters to be
involved in various kinds of effect sizes. Unless otherwise noted in this book, s?
will denote an unbiased estimate of population variance. Observe in Equations
1.2 and 1.3 that one or a few extremely outlying low or extremely outlying high
scores can have a great effect on the variance. An outlying score contributes
(adds) 1 to the denominator while contributing a large amount to the numera-
tor because of its large squared deviation from the mean, whereas each small or
moderate score contributes 1 to the denominator while contributing only a small
or moderate amount to the numerator.

A statistic or a parameter is said to be nonresistant if only one or a few outliers
can have a relatively large effect on it. Thus, the variance and standard deviation are
nonresistant. Therefore, although presenting the sample variances or standard devi-
ations for comparison across groups can be of use in a research report, researchers
should consider additionally presenting an alternative measure of variability that is
more resistant to outliers than the variance or standard deviation is.

Also, the median is a more outlier-resistant measure of a distribution’s location
(center) than is the arithmetic mean because the median, as the middle-ranked
score, is influenced by the ranking, not the magnitude, of scores. The mean of raw
scores, as we noted is true of the variance, has a numerator that can be greatly
influenced by each extreme score, whereas each extreme score only adds 1 to the
denominator. Consult Wilcox (2005a) for a discussion of resistance and different
kinds of robustness, and for S-PLUS and R software functions for robust compar-
ison of two variances and for constructing a confidence interval for 67 — 03, the
difference between two populations’ variances. (Unfortunately, the terminology
and connotations for “robustness” are used inconsistently in the literature.) We
previously cited in this chapter free access to Wilcox’s code for R.

The range is not very useful as a measure of variability because it is extremely
nonresistant. The range, by definition, is only sensitive to the most extremely high
score and the most extremely low score, so the magnitude of either one of these
scores can have a great effect on the range. However, researchers should report
the lowest and highest score within each group because it can be informative to
compare the lowest scores across the groups and to compare the highest scores
across the groups. Also, the range can provide information about possible floor
or ceiling effects.

WINSORIZED VARIANCE

Among the measures of variability within a sample that are more resistant to
outliers than are the variance, standard deviation, and range, we consider the
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Winsorized variance, the MAD, and the interquartile range, each of which will
be observed in later chapters to be applicable, but not widely used, for concep-
tualizing an effect size. Calculation of one or more of these measures for each
sample should also be considered for an informal exploration of a possible effect
of an independent variable on variability. However, again we note that if groups
have not been randomly formed, a posttreatment difference in variabilities of the
samples may not necessarily be attributable, or entirely attributable, to an effect
of treatment. Although the measures of variability that we consider here are not
new to statisticians, they are only recently becoming widely known to researchers
through the writings, frequently cited here, of Rand R. Wilcox.

The steps that follow for calculating a Winsorized variance, which is named
for the statistician Charles Winsor, are clarified by the worked example in the next
section. To calculate the Winsorized variance of a sample:

1. Order the scores in the sample from the lowest to the highest.

2. Remove the most extreme .cn of the lowest scores and remove the same
.cn of the most extreme of the highest scores of that sample, where .c is a
proportion (often .2) and # is the total sample size. If .cn is not an integer
round it down to the nearest integer.

3. Call the lowest remaining score Y; and the highest remaining score Y},.

4. Replace each of the removed lowest scores with .cn repetitions of ¥; and
replace each of the removed highest scores with .cn repetitions of Yy, so
that the total size of this reconstituted sample returns to its original size.

5. The Winsorized variance, svzv, is simply the unbiased variance (i.e., n — 1
in the denominator) of the reconstituted scores. The deviation scores
whose squares are averaged in the Winsorized variance are the devia-
tions of the reconstituted scores around the arithmetic mean of these
reconstituted scores (i.e., the Winsorized mean), not around the original
mean.

Depending on various factors, the amount of Winsorizing (i.e., removing and
replacing) that is typically recommended is .c = .10, .20, or .25. The greater the
value of c¢ that is used the more the researcher is focusing on the variability of
the more central subset of data. For example, when .c = .20, more than 20% of the
scores would have to be outliers before the Winsorized variance would be influ-
enced by outliers. Wilcox (1996, 2003) provided further discussion, references,
and an S-PLUS software function (Wilcox, 2003) for calculating a Winsorized
variance. However, of the alternatives to the nonresistant s that we discuss
here, we believe that s; may be the most grudgingly adopted by researchers for
two reasons. First, many researchers may balk at the uncertainty regarding the
choice of a value for c¢. Second, although Winsorizing is actually a decades-old
procedure that has been used and recommended by respected statisticians, the
procedure may seem to some researchers (excluding the present authors) to be
“hocus-pocus.” For similar reasons some instructors may refrain from teaching
this method to students because of concern that it would encourage them to devise
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their own less justifiable methods for altering data. For a method that is perhaps
less psychologically and pedagogically problematic than Winsorizing, but, as we
exemplify in later chapters, also less wide-ranging in its possible applications to
effect sizes, we turn now to the MAD.

MEDIAN ABSOLUTE DEVIATION

The MAD for a sample is calculated as follows:

1. Order the sample’s scores from the lowest to the highest.

2. Find the median score, Mdn. If there is an even number of scores in a
sample there will be two middle-ranked scores tied for the median. In
this case calculate Mdn as the mid-point (arithmetic mean) of these two
scores.

3. For each score in the sample find its absolute deviation from the sample’s
median by successively subtracting Mdn from each Y, score, ignoring
whether each such difference is positive or negative, to produce the set
of deviations |Y, — Mdnl, ..., 1Y, — Mdnl.

4. Order the absolute deviations, |Y; — Mdnl, from the lowest to the highest,
to produce a series of increasing absolute numbers.

5. Obtain the MAD by finding the median of these absolute deviations.

The MAD is conceptually more similar to the traditional s than to s? because the
latter involves squaring deviation scores whereas the MAD does not square devia-
tions. The MAD is much more resistant to outliers than is the standard deviation.
Under normality the MAD = .6745s. Wilcox (2003) provided an S-PLUS software
function for calculating the MAD. Calculation by hand is demonstrated in the
next section. Bonett and Seier (2003) proposed a method for constructing a con-
fidence interval for the ratio of two mean absolute deviations from the median,
and they discussed other robust methods that are applicable when distributions
are extremely nonnormal.

QUANTILES

The final measure of variability that is discussed here is the interquartile range,
which is based on quantiles. A quantile is roughly defined here as a score that
is equal to or greater than a specified proportion of the scores in a distribution.
Common examples of quantiles are quartiles, which divide the data into succes-
sive fourths of the data: .25, .50, .75, and 1.00. The second quartile, Q, (.50 quan-
tile), is the overall median (Mdn) of the scores in the distribution, that is, the score
that has .50 of the scores ranked below it. The first quartile, O, (.25 quantile), is
the median of the scores that rank below the overall Mdn, that is, the score that
outranks 25% of the scores. The third quartile, Q; (.75 quantile), is the median of
the scores that rank above the overall Mdn, that is, the score that outranks 75%
of the scores. The more variable a distribution is the greater the difference there
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should be between the scores at Q, and Q,, at least with respect to variability of
the middle bulk of the data. A measure of such variability is the interquartile

range, R;,, which is defined as

R, =05 -0 1.4

For normal distributions the approximate relationship between the ordinary s and
R, is s = 75R;.. When using statistical software packages researchers should try
to ascertain how the software is defining quantiles because only a rough defi-
nition has been given here for our purposes and definitions vary. For example,
consider the following small set of data that was presented for illustration of the
problem to a statistical listserve by Dennis M. Roberts: 25, 30, 33, 39, 39, 40, 59,
67, 69, 94, 130. For these data, most software algorithms that were tested yield
0, =33 and Q; = 69, but some yield Q, = 36 and Q, = 68, and another yields
0, =32.25 and Q; = 67.5. Some software provide options for the algorithms that
are to be used for the calculation.

There are additional measures that are more resistant to outliers than are s?
and s, but discussion of these would be beyond the scope of this book. Note that
what we loosely call a measure of variability in this book is technically called a
measure of a distribution’s dispersion or scale.

GRAPHICAL METHODS

Graphical methods for exploring differences between distributions in addition
to differences between their means will be cited in Chapter 5. One such graphic
depiction of data that is relevant to the present discussion and which research-
ers are urged to present for each sample is a boxplot (see Figure 1.2). Statistical
software packages vary in the details of the boxplots that they present, but gen-
erally included are the range, median, first and third quartiles so that the inter-
quartile range can be calculated, and outliers that can also give an indication
of skew. Unfortunately, an outlier that is not detected using a boxplot may still
importantly distort results of data analysis. Many statistical software packages
produce two or more boxplots in the same figure for direct comparison. Trenkler
(2002) provided software for a more detailed comparison of two or more box-
plots. Boxplot methods should detect outliers while avoiding misclassifying a
non-outlier as an outlier. One method may be better at detection whereas another
method may be better at avoiding such misclassification (Carter, Schwertman, &
Kiser, 2009).

A change or changes in location, variability, and/or shape of a distribution
after treatment can be depicted graphically by a bihistogram. A bihistogram can
be produced using the Dataplot free software, which is available at the time of
this writing at http:/www.itl.nist.gov/div898/handbook/eda/section3/bihistog.
htm. Informative discussions of a variety of ways to convey results graphically
can be found in Cleveland (1994) and Lane and Sandor (2009).


http://www.itl.nist.gov/div898/handbook/eda/section3/bihistog.htm
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26 Effect Sizes for Research: Univariate and Multivariate Applications

WORKED EXAMPLES OF MEASURES OF VARIABILITY

Consider the following real data that represent partial data from research on mothers
of schizophrenic children (one of the two groups in research that will be discussed
in detail where needed in Chapter 3): 1, 1, 1, 1, 2, 2, 2, 3, 3, 7. The possible scores
ranged from O to 10. Observe in Figure 1.1 that the data are positively skewed.

Standard software output, or simple inspection of the data, yields for the
median of the raw scores Mdn = 2. As should be expected, because positive skew
pulls the very nonresistant mean to a value that is greater than the median, ¥ >
Mdn in the present case; specifically, ¥ = 2.3. Observe that although 9 of the 10
scores range from 1 to 3, the outlying score, 7, causes the range to be 6. Software
output yields for the unbiased estimate of population variance for these data s> =
3.34. Although the present small set of data is not ideal for justifying the applica-
tion of the alternative measures of variability, it serves to demonstrate the calcula-
tion of the Winsorized variance and the MAD. Again, many statistical software
packages calculate R;,. For this example, the calculation yields R;, = 2.

We presented a value for R;, for the current data only for completeness. Recall
that there is a variety of algorithms used by software packages to calculate quar-
tiles and that results such as the current R,, = 2 may differ across different pack-
ages. Moreover, knowledge of the R, is of little value in the present case of a very
small set of data with many ties.

Step 1 for calculating the Winsorized variance (55, ), ordering the scores from
the lowest to the highest, has already been done. For step 2, we use ¢ = 20, so .cn =
.2(10) = 2. Therefore, we remove the 2 lowest scores and the 2 highest scores,
which leaves 6 of the original 10 scores remaining. Applying step 3, ¥; = 1 and
Yy = 3. Applying step 4, we replace the two lowest removed scores with two rep-
etitions of ¥} = 1, and we replace the two highest removed scores with two repeti-
tions of Yy = 3, so that the reconstituted sample of n = 10is 1, 1, 1, 1,2, 2,2, 3, 3,
3. Although steps 1 through 4 have not changed the left side of the distribution,
the reconstituted data clearly are more symmetrical than before because of the
removal and replacement of the outlying score, 7. For step 5, we use any statistical
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FIGURE 1.1 Skewed data (n = 10).
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software to calculate, for the reconstituted data, the unbiased s? of Equation 1.3
to find that s, =.767. Observe that because of the removal and replacement of
the outlier (Y; = 7), as expected, s2 < % that is, .767 < 3.34. Also the mean of the
reconstituted data, ¥, = 1.9 is closer to the median, Mdn = 2, than was the origi-
nal mean, Y =2.3. The range had been 6 but it is now 2, which well describes the
reconstituted data in which every score is between 1 and 3, inclusive.

To calculate the MAD for the original data, we proceed to step 3 of that method
because for step 1, ordering the scores from the lowest to the highest was previ-
ously done, and for step 2, we have already found that Mdn = 2. For step 3, we
now find that the absolute deviation between each original score and the median
isll-2I=1,1-2I=1,1-2I=1,1-2I=1,12-21=0,12-21=0,12-2I=0,
3-2I=1,13-2I=1,and |7 — 2l = 5. For step 4, we order these absolute devia-
tions from the lowest to the highest: 0,0, 0, 1, 1, 1, 1, 1, 1, 5. For step 5, we find by
inspection that the median of these absolute deviations is 1; that is, the MAD = 1.

With regard to the usual intention that the standard deviation measure within
what distance from the mean the typical below-average and typical above-average
scores lie, consider the following facts about the present data. Nine of the 10 origi-
nal scores (Y, =7 being the exception) are within approximately 1 point of the mean
(Y = 2.3) but the standard deviation of these skewed data is s = (s?)"2 = (3.34)"2 =
1.83, a value that is nearly twice as large as the typical distance (deviation) of the
scores from the mean. In contrast the Winsorized standard deviation, which is

Sy = (sgV )1/2 =(.767)""* = .876, is close to the typical deviation of approximately 1
point for the Winsorized data and for the original data. Note that the MAD too is
more representative of the typical amount of deviation from the original mean than
the standard deviation is; that is, MAD = 1. However, the mere demonstration of
the methods in this section with a single small set of data does not rise to the level
of mathematical proof or even strong empirical evidence of their merits. Interested
readers should refer to Wilcox (1996, 1997, 2003) and the references therein.

In the boxplots in Figure 1.2 for the current data, the asterisk indicates the
outlier, the middle horizontal line within each box indicates the median, the black
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FIGURE 1.2 Boxplots of original and Winsorized data.



