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The Data Analysis Dilemma: Ban or Abandon.
A Review of Null Hypothesis Significance Testing
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Null Hypothesis Significance Testing (NHST) isreviewed in a historical context. The most vocal criticisms of NHST that
have appeared in the literature over the past 50 years are outlined. The authors conclude, based on the criticism of
NHST and the alter native methods that have been proposed, that viable alternatives to NHST are currently available.
The use of effect magnitude measureswith surrounding confidenceintervalsand indications of thereliability of the study
are recommended for individual research studies. Advances in the use of meta-analytic techniques provide us with
opportunities to advance cumulative knowledge, and all research should be aimed at this goal. The authors provide
discussions and r efer ences to mor einfor mation on effect magnitude measures, replication techniques and meta-analytic
techniques. A brief situational assessment of the research landscape and strategies for change are offered.

Itisgenerally accepted that the purpose of scientific
inquiry is to advance the knowledge base of humankind
by seeking evidence of a phenomena via valid experi-
ments. In the educational arena, the confirmation of a
phenomena should give teachers confidence in their
methods and policy makers confidence that their policies
will lead to better education for children and adults. We
approach the analysis of experimentation with the tools
of statistics, more specifically, descriptiveandinferential
statistics. Littlecontroversy surroundsthe use of descrip-
tive statistics to mirror the various states of nature,
however the use of inferential statistics has a long and
storied history. Today, there are at least four different
schools of thought on inferential significance testing.
They are the Fisherian approach, the Neyman-Pearson
school, Bayesian Inference, and Likelihood Inference. A
full description of each isbeyond the scope of this paper,
but a complete evaluation of each has been detailed by
Oakes (1986). It is fair to state that not one of these
inferential statistical methods is without controversy.

We first review the two most popular inferential
approaches, the Fisherian and Neyman-Pearson schools,
or what has come to be called null hypothesis
significance testing (NHST). We then outline some of
t h e m a i 0 r
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points found in critiques of NHST. Thirdly, we review
the changing face of social science research with short
primers on effect magnitude measures, meta-analytic
methods, and replication techniques. Next, we assess
how the devel opment of these methodsiscoming face-to-
face with the shortcomings of NHST. We outline how
the primary researcher working on a single study of a
phenomena can report more informative information
using the same data now used for NHST and at the same
time provide hisher study as the raw material for
secondary research to be used by a meta-analytic
researcher. We conclude with an assessment of the
current situation and how change could be facilitated.
Through this interchange of ideas and analysis, we can
bring some order to what appears to be a chaotic world
where the advancement of cumulative knowledge is
slowed by a lack of information provided by NHST,
misunderstandings about the meaning of NHST resullts,
frustration with conflicting results, and bias in
publication policies. Signalsin the environment seemto
indicate that discussions regarding whether NHST
should be banned or not no longer seem to be germane.
Rather, the informed stakeholders in the social sciences
seem to be abandoning NHST, and with some guidance,
we believe the transition to more enlightened statistical
methods could be accomplished with minimal disruption.

Development of Null Hypothesis Significance Testing
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To better understand how NHST achieved its status
in the socia sciences, wereview its development. Most
who read recent textbooks devoted to statistical methods
areinclined to believe statistical significancetestingisa
unified, non-controversial theory whereby we seek to
reject the null hypothesisin order to provide evidence of
theviability of the alternative hypothesis. A p-value and
an alphalevel (a) are provided to determine the proba-
bility of the evidence being due to chance or sampling
error. We also accept the fact there are at least two types
of errors that can be committed in this process. If we
reject the null hypothesis, a type | error, or a fase
positive result, can occur, and if we do not reject the null
hypothesis, atype Il error, or afalse negative result, can
occur. Most textsimply NHST isaunified theory that is
primarily the work of Sir Ronald Fisher and that it has
been thoroughly tested and is above reproach (Huberty,
1993). Nothing could be further from the truth.

The theory of hypothesis testing is not a unified
theory at all. Fisher proposed the testing of a single
binary null hypothesis using the p-value as the strength
of the satistic. He did not develop or support the
alternative hypotheses, type | and type Il errors in
significance testing, or the concept of statistical power.
Jerzy Neyman, a Polish statistician, and Egon Pearson,
son of Karl Pearson, were the originators of these
concepts. In con-trast to Fisher's notion of NHST,
Pearson and Neyman viewed significance testing as a
method of selecting a hypothesis from a date of
candidate hypotheses, rather than testing of a single
hypothesis.

Far from being in agreement with the theories of
Neyman and Pearson, Fisher was harshly critical of their
work. Although Fisher had many concerns about the
work of Neyman and Pearson, amajor concern centered
around theway Neyman and Pearson used manufacturing
acceptance decisions to describe what they saw as an
extension of Fisher’s theory. Fisher was adamant that
hypothesis testing did not involve final and irrevocable
decisions, as implied by the examples of Neyman and
Pearson. However, his criticism was not always sparked
by constructive scientific debate. Earlier in Fisher's
career, he bitterly feuded with Karl Pearson while
Pearson was the editor of the prestigious journal,
Biometrika (Cohen, 1990). In fact, the rift became so
great, Pearson refused to publish Fisher's articles in
Biometrika. Although Neyman and the younger Pearson
attempted to collaborate with Fisher after the elder
Pearson retired, the acrimony continued from the 1930's
until Fisher's death in July, 1962 (Mulaik, Raju, &
Harshman, 1997).

Huberty’s (1993) review of textbooks outlines the
evolution of these two schools of thought and how they
came to be perceived as a unified theory. He found that
inthe 1930s, writers of statistics textbooks began to refer
to Fisher’ s methods, while a 1940 textbook was the first
book in which the two types of error are identified and
discussed. It was not until 1949 that specific references
to Neyman and Pearson contributions were listed in
textbooks, in spite of the fact that Neyman and Pearson’s
work was contemporary to that of Fisher. By 1950, the
two separate theories began to be unified in textbooks but
without the consent or agreement of any of the
originators. By the 1960's the unified theory was
accepted in anumber of disciplinesincluding economics,
education, marketing, medicine, occupational therapy,
psychology, social research, and sociology. At theend of
the 1980s, NHST, in its unified form, had become so
ubiquitous that over 90% of articlesin major psychology
journals justified conclusions from data anaysis with
NHST (Loftus, 1991).

Objectionsto Null Hypothesis
Statistical Testing (NHST)

Criticism of NHST provides much evidencethat itis
flawed and misunderstood by the many who routinely use
it. It has even been suggested that dependence on NHST
has retarded the advancement of scientific knowledge
(Schmidt, 1996b). Objectionsto NHST began in earnest
in the early 1950s as NHST was gaining acceptance.
While reviewing the accomplishments in statistics in
1953, Jones (1955) said, “Current statistical literature
atteststo increasing awareness that the usef ulness of con-
ventional hypothesistesting methodsis severely limited”
(p. 406). By 1970, an entire book was devoted to
criticism of NHST in wide ranging fields such as
medicine, soci-ology, psychology, and philosophy
(Morrison & Henkel, 1970).  Others, including
Rozeboom (1960), Cohen (1962), Bakan (1966), Meehl
(1978), Carver (1978), Oakes (1986), Cohen
(1994), Thompson (1995, Novem-ber) and Schmidt
(19964a), have provided compelling evidence that NHST
has serious limiting flaws that many educators and
researchers are either unaware of or have chosen to
ignore. Below, we examine some of the often quoted
arguments. They relate to: &) the meaning of the null
hypothesis, b) the concept of statistical power, c) sample
size dependence, and d) misuse of NHST information.

The Concept of a Null Hypothesis
In traditional NHST, we seek to reject the null
hypothesis (H,) in order to gain evidence of an
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alternative or research hypothesis (H,). The null
hypothesis has been referred to as the hypothesis of no
relationship or no difference (Hinkle, Wiersma, & Jurs,
1994). It has been argued that, only in the most rare of
instances, can we fail to reect the hypothesis of no
difference (Cohen, 1988; Meehl, 1967, 1978). This
statement has merit when we consider that errors can be
due to treatment differences, measurement error and
sampling error. Intuitively, we know that in nature it is
extremely rare to find two identical cases of anything.
The test of differences in NHST posits an amost
impossible situation where the null hypothesis
differences will be exactly zero. Cohen points out the
absurdity of this notion when he states, “. . . things get
downright ridiculous when . . . (the null hypothesis). . .
(states) that the effect size is 0, that the proportion of
males is .5, that the rater’s reliability is 0" (Cohen,
1994). Others have pointed out, “ A glance at any set of
statistics on total populations will quickly confirm the
rarity of the null hypothesis in nature” (Bakan, 1966).
Yet we know that there are tests where the null
hypothesis is not rejected. How can this happen given
the situation described above? To understand this we
turn to the problems associated with statistical power,
typel errors, and type Il errorsin NHST.

Typel Errors, Typell Errors, and Satistical Power

Neyman and Pearson provided uswith the two types
of errors that occur in NHST. They aretype | errors or
errors that occur when we indicate the treatment was
effective when it was not (a false positive) and type |1
errorsor errorsthat occur when we indicate there was no
treatment effect when in fact there was (afalse negative).
The probability of a type | error is the level of sig-
nificance or apha(a). Thatis, if we choose a.05 level
of significance, the probability of atype | error is .05.
The lower the value we place on alpha, for example .01,
the more exact the standard for acceptance of the null
hypothesis and the lower the probability of atypel error.
However, all thingsbeing equal, thelower the probability
of atypel error, the lower the power of the test.

Power is the probability that a statistical test will
find statistical significance (Rossi, 1997, p. 177). As
such, moderate power of .5 indicates one would have
only a50% chance of obtaining asignificant result. The
comple-ment of power (1 - power), or beta([3), isthetype
Il error ratein NHST. Cohen (1988, p. 5) pointed out the
weight-ing procedure the researcher must consider prior
to anull hypothesistest. For example, if dphais set at
.001, the risk of a type | error is minuscule, but the
researcher may reduce the power of the test to .10,
thereby setting the risk of atype Il error at (1 - .10) or

.90! A power level of .10, as in the previous example,
would mean the researcher had only a 10% chance of
obtaining significant results.

Many believe the emphasis on type | error control
used in popular procedures such as the analysis of
variancefollow up tests and the emphasis on teaching the
easier concept of type | errors may have contributed to
the lack of power we now seein statistical studies. One
only needs to turn to the popular Dunn-Bonferroni,
Scheffé, Tukey, and Newman-Keul sfollow up procedures
inthe analysis of variance to see examples of attemptsto
stringently control type | errors. However, when type |
errors are stringently controlled, the price that is paid is
a lack of control of the inversely related type Il error,
lowered test power, and less chance of obtaining a
significant result.

How much power do typical published studies have?
Cohen (1962) was one of the first to point out the
problem of low power when he reviewed 78 articles
appearing in the 1960 Journal of Abnormal and Social
Psychology. He found the mean power value of studies,
assuming a medium effect size, was only .48, where
effect sizeisthe degree to which a phenomenon existsin
a study. This finding indicated the researchers had
slightly less than a 50 - 50 chance of rejecting the null
hypothesis. For stud-ieswith small effectsthe oddswere
lower, and only when authors had large effects did they
have agood chance, approximately 75%, of rejecting the
null hypothesis.

With this information in hand, one would suspect
researchers would be more cognizant of the power of
their studies. However, when Sedimeier and Gigerenzer
(1989) replicated Cohen's study by reviewing 1984
articles, they found that the mean power of studies had
actually declined from .48 to .37. It should be noted that
Cohen’'s original methodology, used in these power
studies, uses sample size and Cohen’s definitions of
large, medium, and small effects size to determine power
rather than actual effect size (Thompson, 1998). As a
result, the outcomes of these studies have been
questioned. Nevertheless, they do point out the fact that
decades of warnings about low power studies had done
nothing to increase the power of studies.

One can only specul ate on the damage to cumul ative
knowledge that has been cast upon the social sciences
when study authors have only approximately a 50%
chance of rejecting the null hypothesis and getting sig-
nificant results. If the author does not obtain significant
resultsin his’her study, the likelihood of being published
is severely diminished due to the publication bias that
existsfor statistically significant results (Begg, 1994). As
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aresult there may be literally thousands of studies with
meaningful effect sizes that have been rejected for
publication or never submitted for publication. These
studies are lost because they do not pass muster with
NHST. Thisis particularly problematic in educational
research where effect sizes may be subtle but at the same
time may indicate meritorious improvements in
instruction and other classroom methods (Cohen, 1988).

Sample Sze Dependence

The power of astatistical test, or how likely the test
is to detect significant results, depends not only on the
alpha and beta levels but aso on the reliability of the
data. Reliability isrelated to the dispersion or variability
in the data, and as a result it can be controlled by
reducing measurement and sampling error. However, the
most common way of increasing reliability and
increasing the power of atest is to increase the sample
size.

With increased sample size, we incur yet another
problem, that isthe sample size dependency of tests used
inNHST. Bakan (1966) reported on the results of a bat-
tery of tests he had collected on 60,000 subjects in all
parts of the United States. When he conducted signifi-
cance tests on these data, he found that every test yielded
significant results. He noted that even arbitrary and non-
sensical divisions, such as east of the Mississippi versus
west of the Mississippi and Maine versus the rest of the
country, gave significant results. “In some instancesthe
differences in the sample means were quite small, but
nonetheless, the p values were al very low” (p. 425).
Nunnally (1960) reported similar results using
correlation coefficients on 700 subjects and Berkson
(1938) found similar problems using a chi-square test.
Berkson stated, “. . . we have something here that is apt
to trouble the conscience of areflective statistician . . . a
large sample is always better than a small sample . . .
(and) . . . if we know in advance the p will result from.
.. atest of alarge sample . . . (then) . . . there would
seem to be no usein doing it on asmaller one. . . since
the result . . . is known, it is no test at al” (p. 526).
Therefore, a small difference in estimates of population
parameters from large samples, no matter how
insignificant, yields significant results.

Ironically, if we have low test power, we cannot
detect statistical significance, but if we have high test
power, via alarge sample size, all differences, no matter
how small, are significant. Schmidt (1996a) has pointed
out a troubling problem associated with solving power
problems with large sample sizes. He suggested that
scientific inquiry can be retarded because many worth-
while research projects cannot be conducted, since the
sample sizes required to achieve adequate power may be

difficult, if not impossible, to attain. Itisnot unusual for
the educational researcher to have to settle for smaller
samples than desired. Therefore, it is not likely that
educational studies can escape the bane of low power as
long as NHST is the statistical tool used. But before we
worry too much about power problemsin NHST, perhaps
we should consider the thoughts of Oakes (1986) and
later Schmidt (19964). Schmidt noted that the power of
studies*isalegitimate concept only within the context of
statistical significance testing . . . (and) . . . if
significancetesting isno longer used, then the concept of
statistical power has no place and is not meaningful” (p.
124).

Misunderstanding of p Values

With the advent of easy to use computer programs
for statistical analysis, the researcher no longer has to
depend on tables and the manual procedures for NHST,
instead computerized statistical packages provide the
researcher with a p value that is used to determine
whether we reject, or fail to reject, the null hypothesis.
As such, p values lower than the alpha value are viewed
as argjection of the null hypothesis, and p values equal
to or greater than the alphavalue are viewed as afailure
to regject. The p vaue tells us nothing about the
magnitude of significance nor does it tell us anything
about the probability of replication of a study. The p
value's use is limited to either rejecting or failing to
reject the null hypothesis. It says nothing about the
research or aternative hypothesis (Carver, 1978). Thep
valueis primarily afunction of effect size and sampling
error (Carver, 1993). Therefore, differences of even
trivial size can be judged to be statistically significant
when sampling error is small (due to alarge sample size
and/or alarge effect size) or when sampling error islarge
(due to a small sample size and/or a small effect size).
However, NHST does not tell us what part of the
significant differencesis due to effect size and what part
is due to sampling error.

The easy access to p values via statistical software
has led in some instances to misunderstanding and
misuse of thisinformation. Since many researchersfocus
their research on p values, confusion about the meaning
of a p value is often revealed in the literature. Carver
(1978) and Thompson (1993), among others, have
indicated that users of NHST often misinterpret the
meaning of ap value as being amagnitude measure. This
is evidenced by such common phrases, as “amost
achieving significance” and “highly significant” (Carver,
1978, p. 386). They right-fully point out that many
textbooks make the same mistake and that some
textbooks have gone one step further by implying that a
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statistically significant p value indicates the probability
that the results can be replicated. This is evidenced in
statements such as “reliable dif-ference” or the “results
were reliable” (Carver, 1978, p. 385). No part of the
logic of NHST implies this.

Thompson (1995, November) has noted that many
researchers use the p value as a vehicle to “avoid
judgment” (p. 10). He implies that when a significant
result is obtained, the analyst is generally provided with
the confidence to conclude higher analysis. The devo-
tion to p values to determine if a result is statistically
significant suspends further analysis. Analysis should
continueto determineif the statistically significant result
is due to sampling error or due to effect size. For this
information, the researcher will need to determine the
effect size, using one of many available effect magnitude
measures.  He/she will then construct confidence
intervalsto assess the effect of samplesizeand error. As
alast step, he/she will look to other methods to provide
an indication of thereplicability of theresults. With this
information in hand, the researcher can then not only
better assess hisher results but can also provide more
guidance to other researchers.

Asthisbrief summary has shown, the simplicity and
appeal of the dichotomous decision rule, posited by p
values, is alluring. But, it can lead to misinterpretation
of statistical significance, and more importantly it can
dis-tract us from a higher goal of scientific inquiry.
That is, to determine if the results of a test have any
practical value or not.

Defenders of NHST

With the plethora of shortcomings of NHST that
have been documented for over 60 years, one would
suspect there are few defenders of a procedure that
suffers from so many weaknesses. In fact, Oakes (1986)
has expressed, “It is extraordinarily difficult to find a
statistician who argues explicitly in favor of retention of
significancetests’ (p. 71). Schmidt (1996a) reported that
afew psychologists have argued in favor of retention of
NHST, but “all such arguments have been found to be
logicaly flawed and hencefalse” (p.116). Asinall areas
of endeavor, changeisoften difficult to accept, especially
movement away from a phenomenon that has become an
integral part of the work of so many people for so many
years.

Winch and Campbell (1969), Frick (1996), and
Cortina and Dunlap (1997) are among those who have
spoken for the retention of significance testing.
However, all of these defenders acknowledge the
problematic nature and limited use of NHST. Winch and

Campbell (1969), while defending NHST, stated, “ . . .
we advocate its use in a perspective that demotes it to a
relatively minor role in the valid interpretation of . . .
comparisons’ (p. 140). The timidity of the typica
defense was echoed by Levin (1993), when he stated, “ .

. until something better comes along significance
testing just might be science’ s best aternative” (p. 378).

With few strident defenders and almost universal
detractors, the salient question is where do we go from
here? Since our hallmark statistical test isflawed, do we
have a replacement? We not only believe there is a
replacement available now, but the replacement methods
have the potential, if properly used, to move us out of the
current morass described by Meehl (1978) more than 20
years ago. He described a situation in social sciences
where theories are like fads. They come to the forefront
with aflurry of enthusiasm, then they slowly fade away
as both positive and negative results are gleaned from
empirical data, and the results get more and more
confusing and frustrating. This typical mixture of
negative and positive findings is most likely the result of
low power studies that sometimes reach statistical
significance and sometimes do not.

Instead of all research effort contributing to the body
of research knowledge, only the studies that are lucky
enough to reach statistical significance vialarge sample
size, or via chance, ever reach the research community.
We would like to see a situation where all studies that
were adequately designed, controlled, and measured
would be reported, regardless of statistical significance.
Below, we provide brief primers, along with appropriate
references, to the tools that we believe will eventually
replace the much flawed NHST.

Effect Magnitude Measures

In search of an alternativeto NHST, methodol ogists
have devel oped both measures of strength of association
between the independent and dependent variables and
measures of effect size. Combined, these two categories
of measures are caled “effect magnitude measures’
(Maxwell & Delaney, 1990). Table 1 provides infor-
mation on the known effect magnitude measures.

Tablel
Effect Magnitude Measures

Measures of Strength

of Association Measures of Effect Size

T R, RE, 1, N2, Mot Cohen (1988) d, f, g, h,q, w

Cohen (1988) f2 Glass (1976) ¢
Contingency coefficient Hedges (1981) g
Cramer (1946) v Tang (1938) @
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Fisher (1921) z
Hays (1963) «? and p,
Kelly (1935) €2
Kendall (1963) W

a
Tatsuoka (1973) i ¢

Note. Eta squared (n? in ANOVA , called the correlation
ratio, is the sum of squares (SS) for an effect divided by the
SS.a- R? is the proportional reduction in error, or PRE,
measure in regression. R? is the SSgyeqon divided by SSqy
Both n? and R? are analogous to the coefficient of
determination (r?). Adapted fromKirk, “Practical significance:
A concept whose time has come.”  Educational and
Psychological Measurement, 56(5), p.749. Copyright 1996 by
Sage Publication, Inc. Adapted with permission.

Measures of association are used for examining
proportion of variance (Maxwell & Delaney, 1990, p.
98), or how much of the variahility in the dependent vari-
able(s) isassociated with the variation in theindependent
variable(s). Common measures of association are the
family of correlation coefficients (r), eta squared (n? in
ANOVA, and R? (proportional reduction in error) in
regression analysis.

Measuresof effect sizeinvolveanayzingdifferences
between means. Any mean difference index, estimated
effect parameter indices, or standardized difference
between means qualify as measures of effect size. It
should be noted that effect size indices can be used with
data from both correlational and experimental designs
(Snyder & Lawson,1993). Both measures of association
and effect size can provide us with measures of practical
significance when properly used.

Measures of Association

Kirk (1996) hasreviewed the history of the develop-
ment of these measures. Oddly, it was noted that Ronald
Fisher, the father of NHST, was one of the first to
suggest that researchers augment their tests of
significance with measures of association (p. 748). Kirk
found that effect magnitude measures other than the
traditional measures of variance-accounted-for, such as
r?, arerarely found in the literature (p. 753). He believes
this is due not to an awareness of the limitations of
NHST but rather to the widespread use of regression and
correlation procedures that are based on the corréelation
coefficient. However, the low instance of use of these
measures could be due to their lack of availability in
popular statistical software.

Snyder and Lawson (1993) have warned us of the
perils of indiscriminate use of measures of association.
They indicate that experimental studies and more homo-

geneous samples result in smaler measures of
association and that studies that involve subject-to-
variable ratios of 5:1 or less will usually contain
noteworthy positive bias (p. 339). Issues such as the
study design (fixed or random effects designs) and
whether we are using univariate or multivariate measures
also impact the choice of measure of association. In
general, formulas designed to estimate measures of
association in other samplesareless biased than formulas
designed for estimating measures of asso-ciation in the
population. Also, astudy that has alarge effect size and
alarge sample size will typically need no correction for
bias, however smaller effect sizes and smaller sample
sizesshould use measures corrected for positivebias. For
a detailed explanation of appropriate measures of
association as well as computational form-ulas, the
reader isreferred to either Snyder and Lawson (1993) or
Maxwell and Delaney (1990). Various measures of
association are shown in Table 1.

Measures of Effect Sze

Perhaps no one has done more than Jacob Cohen to
make researchers aware of the use of effect size
measures, as well as the praoblem of low test power in
NHST. Cohen (1988) aso provides us with definitions
of effect size as well as conventions that can be used in
the absence of specific information regarding a
phenomenon. The various effect size measures are
outlined in Table 1. Effect size is defined “without any
necessary implication of causality . . . (as) . . . the degree
to which the phenomenon is present in the population .
..or...thedegreeto which the null hypothesisisfalse’
(p. 9). Cohen further states, “the null hypothesis always
means the effect size is zero” (p. 10). A generalized
form of effect sized is used for independent samplesin
aone-tailed, directional case:

d= W-H, /0

whered is the effect sizeindex for thet test for means,
K, and ., are population means, and o is the population
standard deviation. As such, the value of the difference
in the population means is divided by the population
standard deviation to yield a standardized, scale
invariant, or metric-free, estimate of the size of the effect.

Substituting sample statistics in the formula as esti-
mates of the population parameters can also be applied.
The standard deviation can either be the standard devia-
tion of acontrol group, assuming equality of variance, or
aternatively the pooled (within) population standard
devi-ation can be used (Wolf, 1986). Cohen has
developed methods of converting most of the popular
significance tests to effect size measures. For example,
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there are effect size measures for differences between
correlation coefficients (qg), differences between
proportions (h), the chi-squaretest for goodnessof fit and
contingency tables (w), ANOVA and ANCOVA (f),
multiple regression and other multivariate methods (f?).
The reader is referred to Cohen (1988) for a full
treatment of this subject.

Interpreting Effect Sze

V ariousinterpretation methods have been devel oped
for effect size measures. Cohen (1988) developed three
measures of overlap or U measures. With the
assumptions of normality and equality of variance
satisfied, and with two populations, A and B, U, is
defined asthe percentage of combined areanot shared by
the two populations distributions. U, isthe percentagein
the B population that exceeds the same percentage in the
A population. U, isthe percentage of the A population
which the upper haf of the cases of the B population
exceeds. Cohen provides tables to determine the U
measures for effect sizes0 - 4 (p. 22). The U, measure of
overlap can be interpreted using the tabled values of the
standard normal distri-bution. For example, if effect
size, d, is.5 (amedium effect), the area under the normal
curve would be .6915 (.5 +.1915). This means that the
treatment effect would be expected to move a typical
person from the 50th percentile to the 69th percentile of
the control group. Generally, the result of this outcome
is graphically displayed for easier interpretation. The
reader is referred to Glass (1976) for one of the earliest
uses of thisinterpretive device.

Rosenthal and Rubin (1982) have described a
method for evaluating the practical significance of the
effect size measures that has shown promise. This
procedure trans-formsr, or other effect measures, to chi-
square (x°) to form abinomial effect sizedisplay (BESD)
for 2 x 2tables. Therelatively easy calculations provide
us with the estimated difference in success probabilities
between the treatment and control groups. This method
holds promise, but criticism has surfaced that attacks the
method as distorting the data (M cGraw, 1991), especially
in cases where differences are highly divergent from 50-
50 (Strahan, 1991), and as misinterpreting the data
(Crow, 1991). Rosenthal (1991) hasresponded by noting
that this method is context specific and was not intended
to assess dl situations. As a result, caution should be
exer-cised when using BESD tables, especially in cases
where differences in treatment and control groups are
large.

Interpretation of the effect sizeis best accomplished
by comparing the study effect size to the effect size of
similar studies in the field of study. Methods for deter-

mining a general effect sizein aparticular field of study
have been limited to studies of the median effect size of
studies in a particular journal (Haase, Waechter, &
Solomon, 1982). Thistype of study converts traditional
test statistics into a distribution of effect sizes and
provides a convenient method of comparing results of a
single test to that of resultsin the field as awhole. We
believe more studies of this type, along with periodic
updates, would provide the primary researcher with the
most valid assessment of a particular effect size. Inlieu
of this type of information, Cohen (1988) has provided
general conventions for the use of effect size. A small
effect isdefined as .2, amedium effect as .5, and alarge
effect as .8. Cohen warns that these conventions are
anal ogous to the conventions for significance levels (a =
.05) and should be used with great caution, and only in
the case where previous research is unavailable (p. 12).
How-ever, Kirk (1996) has noted that the average effect
size of observed effects in many fields approximates .5
and the meaning of effect size remains the same without
regard to the effect size measure. In general, the ultimate
judgment regarding the significance of the effect size
measure “rests with the researcher’s persona value
system, the research questions posed, societal concerns
and the design of a particular study” (Snyder & Lawson,
1993, p. 347). Both Snyder and Lawson (1993) and
Thompson (1993a, pp. 365-368) provide very readable
information on the calculation, as well as the use and
limitations of univariate and multivariate effect
magnitude measures.

Confidence Intervals

The traditional NHST provides us only with infor-
mation about whether chanceis or is not an explanation
for the observed differences. Typicaly, the use of confi-
denceintervalsistreated as an alternativeto NHST since
both methods provide the same outcome. Point estimates
of differences, surrounded by confidence intervals,
provide al the information that NHST does, but addi-
tionally they provide the degree of precision observed,
while requiring no more data than NHST. Surprisingly,
based on areview of recent literature, the superiority of
this method is not recognized or has been ignored by the
research community (Kirk, 1996, p. 755). Why should
we routinely report confidence intervals? Not only do
they serve to remind the researcher of the error in his/her
results and the need to improve measurement and
sampling techniques, they aso provide a basis for
assessing the impact of sample size. Note that
confidence intervals are an analogue for test power. A
larger sample size, higher power test will have asmaller
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confidence interval, while a smaller sample size, lower
power test will have alarger confidence interval.

Work on asymmetric confidence intervals and
expanding the use of confidence intervals to apply to
multivariate techniques and causal models has been
underway for some time. Many of the methods have
been available but were so complex that they were
seldom used. However, the use of high speed computers
makes calculations of these confidence intervals more
realistic. A detailed look at more recent and appropriate
appli-cationsof confidenceinterval shavebeen described
by Reichardt and Gollob (1997) and Serlin (1993).

In summary, thereisamultitude of effect magnitude
measures available to provide the practical significance
of effectsrevealed in astudy. When used in combination
with confidence intervals that describe sampling error,
magnitude measures present the researcher with more
information than is provided by NHST. However, the
use of these measures has not yet received widespread
acceptance by the research community. We believe the
lack of acceptance is due not to active resistance but to a
lack of familiarity with effect magnitude measures and
confidence intervals when compared with NHST. Some
may argue that the interpretation of these measures is
more subjective than the dichotomous interpretation of
significance tests. However, those arguments fail to
consider the subjectivity of the significance level in
NHST and the general subjective nature of all empirical
science (Thompson, 1993).

Simulated Replications

Fisher (1971), among others, has acknowledged the
need for replication of studiesin order to verify results
and, in the current vernacular, to advance cumulative
knowledge. However, there are many factors working
against replication studies. Among them are a genera
disdain for non-original research by journal editors and
dissertation committees, lack of information on another’s
study to replicateit, and the bias that isimplied when the
researcher replicates his’her own study. Additionally,
replication of one's own study immediately following its
completion is likely to invoke a strong fatigue factor.
Nevertheless, some indication of the likelihood of
replicability of resultsisin the interest of good science.

Fortunately, there are alternatives to full-scale repli-
cation. Schmidt (1996a) has noted that the power of a
test provides us with an estimate of the probability of
replication (p.125), and Thompson (1993a) describes
three methods that can be used to indicate the likelihood
of replication. Two of the methods, crossvalidation and
thejackknife techniques, use split samplesto empirically

compare results across the sample splits.  The third
method, bootstrapping, involves sampling equal size
samples with replacement from the original data set.
After several thousand iterations, oneis provided with an
analogue to the sampling distribution of means. The
resulting data have avariety of usesincluding estimating
the standard error of the means, developing confidence
intervalsaround the estimate of the popul ation mean, and
providing a vehicle for viewing the skewness and
kurtosis in a simulated population distribution.
Thompson pointed out two practical usesof the bootstrap
method: 1) to descriptively evaluate the stability of the
results of the study, and 2) to make inferences using
confidence intervals (p. 372). Statistical software
designed by researchers for the specific purpose of
conducting bootstrap studies are available (p. 369). The
one thing the researcher should always consider when
conducting a bootstrap study is the inherent limitations
of the original datathat are carried over to the bootstrap
method. As aresult, caution and thoughtfulness in the
interpretation of data are called for in this, as in al
statistical analyses. In summary, the reporting of studies
should include some indication of the replicability of the
data. No matter what method the author chooses, it will
provide more informa-tion than is available from NHST.

Meta-analysis

Meta-analysis is defined as, “. . . the statistical
analysis of a large collection of analysis results from
individual studies for the purpose of integrating the
findings” (Glass, 1976, p. 3). In the past, subjective
literature reviews or simplistic vote counting of
significant and non-significant results were used. Light
and Pillemer (1984) described these methods as
subjective, scien-tifically unsound, and aninefficient way
to extract useful information. Cooper and Hedges (1994)
describing the early meta-analyses stated, “research
synthesisin the 1960s was at best an art, at worst aform
of yellow journalism” (p. 7). However, thefield of meta-
analysis has seen a burst of activity since Glass (1976)
first coined the term and used Cohen’s effect size and
overlap measures to analyze psychotherapy outcome
research. Glass paved the way for a plethora of meta-
analytic studies in the 1980s and 1990s that used effect
size as the dependent variable. Cooper and Hedges
(1994) observed that “much of the power and flexibility
of quantitativeresearch synthesisisowed to the existence
of effect size estimators such asr and d” (p. 24). The
power of these statistics comes from their ability to
measure the effects in terms of their own standard
deviations.
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With the advancesin the development of effect size
measures and meta-anal ytic techniques, thefield of meta-
analysis now has a body of statistics specifically for
combining theresults of studies (Hedges& Olkin, 1985).
Additionally, many of the early methods of meta-analysis
have been “standardized” and many of the early
criticisms of meta-analysis (Wittrock, 1986) have been
addressed (Cooper & Hedges, 1994). Today, we see the
role of metaanalysis taking on more and more
importance in scientific inquiry. Thisisevidenced by a
growing number of meta-analytic studies published in
journals that formerly refused to publish literature
reviews, as well as shifting patterns of citations in the
literature (Schmidt, 1996a). In a recent development,
meta-analytic methods have now been broadened to the
empirical study of variability of test score reliability
coefficients across samples. This reliability
generalization method aong with extant validity
generalization methods makes meta-analysis an even
more powerful method of data synthesis (Vacha-Haase,
1998). Theinterested reader should consult Cooper and
Hedges' (1994) text on methods, statisticsand limitations
of current meta-analytic practices. The development of
meta-analysis as an “independent specialty within the
stetistical sciences” (p. 6) alows the secondary
researcher to use sound statistical methods to combine
the results of years of research to interpret a phenomena.

Research Registries

Despite the fact that many of the methods of meta-
analysis come from the socia sciences, the more
dramatic use of these methods has been in the field of
health care. This devel opment was most likely due to the
availahility of registries of studiesinthe health carefield.
By tracking all known research studiesin specialty areas,
the field had a wealth of data to draw upon. Meta-
analysis has been so successful in medical research that
federal legislation has authorized creation of an agency
for health care policy research that is required to develop
guidelines based on a systematic synthesis of research
evidence (Cooper & Hedges, 1994, p. 7).

One of the problems facing the registries in health
careis lack of knowledge in the field about their avail-
ability. Thereare so many registriesfor so many clinica
trials that registries of registries have had to be formed.
In the social sciences we can learn alesson from the ad
hoc nature of establishing registriesthat hasdevelopedin
medical science. Dickersin (1994) notes that the
institutional review system for research registration
already exists for all research involving human subjects.
She has identified a national system that exists in Spain

that mandates cooperation between local institutional
review boards and a centralized national board (p. 71).
With the availability of high speed electronic transfer of
data, what would have seemed like a pipe dream some
years ago now has the possibility of becoming areality.
A national system for the social sciences, working
through local review boards, could be stimul ated through
con-certed action by a coalition of professional
organizations and the federal government. However, if
government intervention is unthinkable, perhaps
professional organi-zations could muster the manpower
and resourcesto de-vel op research registriesin education
and/or psychology.

Where We Go from Here

Based on our review of the arguments and logic of
NHST and the vast literature on augmentation and
replacement methods, we have come to the conclusion
(albeit not a unique or new conclusion) that individual
studies can best be analyzed by using point estimates of
effect size as a measure of the magnitude of effect and
confidence limits as a measure of the sampling error.
Reporting these findings will provide more detailed
information and certainly more raw information than is
contained in significance tests (Schafer, 1993). Addi-
tionally, individual studies should indicate the likelihood
of replication through the use of simulation methods. The
researchers who believe the p value provides this infor-
mation are thinking appropriately, but incorrectly, in that
replication is the only way to reach consensus on the
evidenceprovided by individual studies. However, statis-
tical toolsthat simulate replications are the best methods
of providing evidence of replicability, short of full-scale
replication. We also believe the academic community
should rethink the importance and the role of full-scale
replication studiesin scientific investigation and promote
them to a status equal to that of original research. These
recommendations should bring some order to the chaotic
situation that currently existsintheanalysis of individual
studies. Using the described methods and with the
availa-hility of research registries, the meta-analytic
researcher will have access to more studies (including
those formerly unsubmitted or rejected as non-
significant), and the studies will be reported in a manner
that is more conducive to meta-analytic studies.

We believe a mgjor advancement of knowledge will
comefromasynthesisof many individual studiesregard-
ing a particular phenomenon using meta-analytic
methods. With the primary researcher providing raw
materials, the meta-analytic secondary researcher can
analyze trends in various areas of research endeavor and
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provide the raw materials for more rational educational
policy.

Changing Times

There are signs that the mountain of criticism that
has befallen NHST hasfinally reached fruition. Thereis
evidence in the research environment that change is
taking place and the abandonment of NHST for the use
of point estimates of effect sizewith confidenceintervals
isunderway. In 1996, the American Psychol ogical Asso-
ciation’s Board of Scientific Affairsformed atask force
to study and make recommendations about the conduct of
dataanalysis (APA Monitor, 1997). Theinitial report of
the committee fell short of recommending a ban on
NHST, however it did report that “ . . . (data analysis) .
. . include both direction and size of effect and their
confidence intervals be provided routinely . . .” (APA
Science Agenda, 1997, p. 9). Two years earlier, and
almost unnoticed, the fourth edition of the APA
Publication Manual (1994) stated, “Y ou are encouraged
to provide effect-size information. . . whenever test
statistics and samples sizes are reported” (p. 18). Kirk
(1996) reported the APA is also seeking involvement
from the AERA, APS, Division 5, the Society for
Mathematical Psychology and the American Statistical
Association in its study of the NHST issue (p. 756).
Schmidt (1996a) reported that studies today are more
likely to report effect sizes, and “it is rare today in
industrial/organizational psychology for a finding to be
touted as important solely on the basis of itsp value” (p.
127). Additionally, government entities are now seeing
the importance of meta-analytic studies and the effect
size measures they use and are calling for more studiesto
guide policy decisions (Sroufe, 1997). Popular statistical
softwareisal so being reprogrammed to provide measures
of power and effect size (J. McLean, persona com-
munication, November 12, 1997).

Despite the fact that Michigan State has reformed its
graduate statistics course sequence in psychology to in-
cludeteaching of effect size measures and ade-emphasis
of NHST (Schmidt, 1996a), it is acknowledged that
“there have been no similar improvements in the
teaching of quantitative methods in graduate and
undergraduate programs’ (p. 127). Thismirrorsareport
(Aiken, West, Secrest, & Reno, 1990) that reviewed
Ph.D. programs in psychology and concluded that “the
statistics. . . curriculum has advanced little in 20 years”
(p. 721). Thompson (1995) has also noted that hisreview
of AERA publications and of papers presented at (the)
annual meetings suggest that the calls for new methods
haven't affected contemporary practice. Based on our
own knowledge of teaching methods and statistics

textbooks, we do not believe the academic community or
textbook publishers have changed appreciably since the
1990 report issued by Aiken, et al. (1990).

Strategies for Change

We respect democratic principles so we cannot in
good faith call for aban on significance testing since this
would represent censorship and infringement on indi-
vidual freedoms. However, we believe that most statisti-
cians would welcome orderly change that would lead to
abandonment of NHST. In noway would it prohibit the
diehard researcher from using NHST, but al emphasis
would be on improved methods of legitimate research.
These methods would be directed at ways and means of
facilitating meta-analytic studies. This would include
editorial policies that require: a) vaidity and reliability
measures on al instruments used; b) use of appropriate
effect magnitude measures with confidence intervals to
describe studies; c) use of information such as effect size
studies of the phenomena of interest, BESD methods,
oddsratio’s, Cohen’ seffect sizeinterpretations and other
measures to interpret the results; and d) an indication of
the replicability of the results obtained using bootstrap or
other legitimate methods. Educational research registries
would be put in place to attempt to replicate the registries
that have demonstrated success in the health care field.
Statistical software would be modified to emphasize the
procedures and caveats for the newer statistical methods
(including meta-analysis), and textbooks would be
revised to reflect the changes in emphasis.

We see the various stakeholders, or interest groups,
in the discussion we have presented as: @) professional
associations, b) journal editors, ) researchers, d) edu-
cators, €) statistics textbook writers, and f) statistical
software developers. The first stepsin replacing NHST
havetaken placewith professional organizationsaddress-
ing theissue of NHST. We believe this step will eventu-
aly influence editoria policies used by journal editors.
This, we believe, will bethecritical path for changesince
it will, in turn, influence the researchers' data analyses
and writings, as well astheir educational practices.

For the above scenario to occur with minimal
disruption, a joint project of the leading professional
organizations needs to take the first step with a well
developed master plan for change. Prominent practi-
tioners, not dissimilar from the extant APA task force on
significance testing, would outline a general framework
for change following suggestions outlined in this and
other works that have taken a critical ook at the issues
surrounding current research practice.

Following the development of the general plan,
several other task forcesof prominent practitionerswould
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be formed to flesh out the detailsfor the master plan. We
envision these task forces addressing theissues of editor-
ial policiesfor scholarly journals, revisionsrequiredto be
made by textbook and statistical software publishers, and
development of research registries. Once the individua
task forces had reported, their work would be put out for
review and comment by the interested professionals.

Theoriginal master plan task forcewould coordinate
the final development of the master plan, based on the
input of the various task forces and the public comment.
The professional organization would then announce the
date for the change-over that would give all stakeholders
time to prepare. An analogy would be the rollout of a
new computer operating system, where software
developers, vendors and users are aware of and prepared
for the change that is going to take place long before it
actually occurs. Users are kept aware of the progress of
change through periodic, well publicized and distributed
infor-mation. This process would allow an orderly and
expe-dited process. We would envision the above
described process entailing approximately 24 to 36
months of concerted effort.

Summary

With the evidence that has been provided, it is rea
sonable to state that NHST, with its many shortcomings,
has failed in its quest to move the socia sciences toward
verisimilitude and may have actually stymied the
advance-ment of knowledge. NHST promised an
improved method of determining the significance of a
study, and no doubt was enlightening in the 1930s when
researchers were saddled with fewer methods of inquiry.
Some sixty years later, we can now state that methods
with thetrack record of NHST have no placein scientific
inquiry. In the past, we may have had to tolerate the
shortcomings of NHST because there were no viable
aternatives. Today viable and continually evolving
aternatives are available. The use of effect magnitude
measures, replication meas-ures, and the statistics that
drive meta-analytic studies are no longer embryonic, and
we believe they merit a central rolein scientific inquiry.

The loss of NHST techniques will not mean that
older studies are meaningless. In fact, many studies that
havefailed to passthe NHST test and were not published
or presented can be resurrected and updated with effect
size measures. As aresult, the loss of NHST will not
retard the growth of scientific knowledge but will,
ironically, advance scientific knowledge. We strongly
believe amgjor step in advancing cumulative knowledge
will bethe establishment of research registriesto compile
all studies of aparticular phenomenon for meta-analysis.

Contro-versy will always surround statistical studies, and
this paper in no way proposes that current effect
magnitude measures and meta-analytic techniques are
without limitations. We will see misuses of the measures
that we propose, just as we have seen misuses of NHST,
but we should remain vigilant and not alow these
misuses to be institutionalized as they apparently have
been with NHST. With change, the new century
promises more advanced and enlightened methods will
be available to help forge more rational public policies
and advance the cumulative knowledge of educational
research, in particular, and the social sciences, in
general.
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