‘.3 1 . The Loglc of Nuil Hypothesrs Slgmfrcance Test;ng (NHST)

Chapter 2 revrewed the procedures used to set up a confidence mtervai (CI) to estimate an
~ unknown population mean (1) using. information from a sample, including the sample
_mean (M), the number of cases in the sample (N), and the population standard deviation
(©).On the basis of what is known about the magnitude of sampling error, we expect values
- of the sample mean, M, to be norrna}ly distributed around a mean of |1 with a standard
devratron or standard error of Gy, The value of 0, depends on the values of o and N:

=cs/\/ﬁ.= 6

Because the theoretical drstrrbutron of sample means has a normal shape when & is
known, we can use the standard #ormal distribution to evaluate distances from the mean
of this samplmg distribution in research’ situations where the value of & is known. To set
up a CI'with a 95% level of confidence; we use the values of z that correspond to the
~middle 95% of the area in'a normal distribution (z:=—1.96 and z=+1.96), along with the
“value of Gypt0 estimate the lower and upper boundaries of the Cl. ‘About 95% of the Cls
' set up using these procedures should contarn the aetual populatron mean, u, across many
rephcatrons of this procedure, ' : z

“However, there is another way that the sample mear, M can be usedto rnake inferences
about likely valués of an unknowr populatron mean, [L. Values of the' sample mean, M, can
~ be used to tést hypothesés about a- specific value of an unknown population mean
" through the use of null hypothesis significance’ test (NHST) procedures,

What is the logic behind NHST? At the simplest level, when 2 researcher conducts a
null hypothesis significance test the fo]iowmg steps ate involved.

' First, the researcher makes a guess " about the specific value of for a popuiatron of
 interest; this gliess can be written as a formal null hypothesis (H,). For exampie, suppose
that the variable of interest is the driving speed on Route 95 (in mph) and the population of
mterest is a]l the drwers on Route 95 A researcher mrght state the foﬂowmg null hypothesrs

s

H j,L uhyp, a specrﬁc hypothesrzed vaIue, for example H : p, : _‘65 mph
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Tn words, this null hypothesis corresponds to the assumption that the unknown
population mean driving speed, [, is 65 mph. In this example, the value of 65 mph
corresponds to the posted speed limit. In a study that tests hypotheses about the value of
one population mean, using the mean from a sample drawn from the population, the
“effect” that the researcher is trying to detect is the difference between the unknown
actual population mean |1 and the hypothesized population mean . '

Next, the researcher selects a random sample from the population of all passing cats
on Route 95, measures the driving speed for this sample, and computes a sample mean,
M (e.g., the sample mean might be M = 82.5 mph).

Then, the researcher compares the observed sample mean, M (M = 82.5 mph), with the
hypothesized population mean, )L (1 = 65 mph), and asks the following question: If the
true population mean driving speed, |, is really 65 mph, is the obtained sample mean
(M =82.5 mph) a likely outcome or an unlikely outcome? A precise standard for the range
of outcomes that would be viewed unlikely is established by choosing an alpha (ct) level
and deciding whether to use a one- or two-tailed test, as reviewed later in this chapter;
in general, outcomes that would be expected to occur less than 5% of the time when H, is
true are considered unlikely.

The theoretical unlikeliness of a specific value of M (when H, is true) is evaluated by
calculating how far M is from the hypothesized value of i, in the number of standard
errors. The distance of M from a hypothesized value of |1 is called a z ratio; the areas that
correspond to values of z are evaluated using the table of the standard normal distribu-
tion in situations where the population standard deviation, &, is known:

_M"“hw
G,

z (3.2)

As discussed in Chapters 1 and 2, for a normal distribution, there is a fixed relationship
between a distance from the mean given by a z score and the proportion of the area in the
distribution that lies beyond the z score. Recall that in Chapter 2, a similar z ratio was used
to evaluate the location of an individual X score relative to a distribution of other
individual X scores. In Chapter 2, a z score was calculated to describe the distance of an
individual X score from a sample or population mean. In this chapter, the z ratio provides
information about the location of an individual sample mean, M, refative to a theoretical
distribution of many different values of M across a large number of independent samples.
Once we convert an observed sample mean, M, into a z score, we can use our knowledge
of the fixed relationship between z scores and areas under the normal distribution to
evaluate whether the obtained value of M was “close to” p == 65 and, thus, a likely outcome
when W = 65 or whether the obtained value of M was “far from” L = 65 and, thus, an
unlikely outcome when [l = 65. '

When a researcher obtains a sample value of M that is very far from the hypothesized
value of L, this translates into a large value of 2. A z ratio provides precise information
about the distance of an individual sample mean M from | in the number of standard
CLTOrS.

The basic idea behind NHST is as follows. The researcher assumes a value for the
unknown population mean, W (in this example, H;: L= 65). The researcher evaluates the
obtained value of the sample mean, M (in this case, M= 82.5), relative to the distribution



Statistical Significance Testing 83

of values of M that would be expected if |t were really equal to 65. The researcher wants
to make a decision whether to reject Hy; [1-= 65 as implausible, given the value that was
obtained for M. If the sample mean, M, is a value that is likely to occur by chance when H,
s true, the decision is not to reject H,,. If the sample mean, M, is an outcome that is very
unlikely to occur by chance when H, is true, the researcher may decide to reject H;.

Subsequent sections review the details involved in the NHST decision process. How can
we predict what outcomes of M are likely and unlikely to occus, given an assumed value of
W for a specific null hypothesis along with information about & and N? How can we evaluate
the likelihood of a specific observed value of M relative to the distribution of values of M that
would be expected if If, were true? What conventional standards are used to decide when an
observed value of M is so unlikely to occur when H, is true that it is reasonable to reject H

There is a bit of logical sleight of hand involved in NHST, and statisticians disagree
about the validity of this logic (for further discussion of these issues, see Cohen, 1994:
Greenwald, Gonzalez, Harris, & Guthrie, 1996). The logic that is generally used in practice
is as follows: If a researcher obtains a value of M that would be unlikely to occur if H,is
true, then the researcher rejects H, as implausible,

The logic involved in NHST is confusing and controversial for several reasons. Here are
some of the issues that make NHST logic potentialty problematic,

1. In everyday thinking, people have a strong preference for stating hypotheses that
they believe to be correct and then looking for evidence that is consistent with their
stated hypotheses. In NHST, researchers often (but not always) hope to find evi-
dence that is inconsistent with the stated null hypothesis.! This in effect creates a
double negative: Researchers often state a null hypothesis that they believe to be
incorrect and then seek (o reject that null hypothesis. Double negatives are confus-
ing, and the search for “disconfirmatory” evidence in NHST is inconsistent with
most people’s preference for “confirmatory” evidence in everyday life.

2. NHST logic assumes that the researcher has a random sample from a well-defined
population of interest and that, therefore, the mean, M, and standard deviation, s, based
on the sample data should be good estimates of the corresponding population param-
eters, |L and ©. However, in many real-life research situations, researchers wse conveni-
ence samples rather than random samples selected from a well-defined actual
population. Thus, in many research situations, it is unclear what population, if any, the
researcher is in a position to make inferences about. NHST logic works best in research
situations (such as industrial quality control studies) where the researcher is able to
draw a random sample from the entire population of interest (c.g., a random sample
from all the products that come off the assembly line). NHST is more problematic in
situations where the study uses a convenience sample; in these situations, the researcher
can at best make tentative inferences about some hypothetical broader population that
has characteristics similar to those of the sample (as discussed in Chapter 1),

3. As pointed out by Cohen (1994) and many other critics, NHST does not tell
rescarchers what they really want to know. Researchers really want to know, given

the value of Min a batch of sample data, how likely it is that H,, the null hypothesis,
is correct, However, the probability estimate obtained using NHST refers to the
probability of something quite different. A p value is 7ot the conditional probability
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that H, is correct, given a sample value of M. It is more accurate to interpret the p
value as the theoretical probability of obtaining a value of M farther away from the
hypothesized value of p than the valuc of M obtained in the study, given that the
null hypothesis H, is correct. When we use a z ratio to look up a p value, as dis-
cussed later in this chapter, the p value is the (theoretical) probability of obtaining
an observed value of M as large as or larger than the one in the sample data, given
that H, is correct and given that all the assumptions and procedures involved in
NHST are correct. If we obtain a value of M that is very far away from the hypoth-
esized value of the population mean, [t (and that, therefore, would be very unlikely
to occur if H, is correct), we typically decide to reject Hy as implausible, Theoretically,
setting up the decision rules in this manner yields a known risk of committing a
Type L error (a Type I error occurs when a researcher rejects I, when I, is correct),

Given these difficulties and the large number of critiques of NHST that have been
published in recent years, why do rescarchers continue to use NHST? NHST logic provides a
way to make yes/no decisions about null hypotheses with a (theoretically) known risk of
Type I etror. Note, however, that this estimated risk of Type I error is correct only when all
the assumptions involved in NHST procedures are satisfied and all the rules for conducting
significance tests are followed. In practice, because of viclations of assumptions and
departures from the ideal NHST procedure, the actual risk of Type I error is often higher
than the expected risk given by the choice of the ot level for the statistical significance test.

In real-world situations, such as medical research to assess whether a new drug sig-
nificantly reduces disease symptoms in a sample compared with an untreated control
population, researchers and practitioners need to make yes/no decisions about future
actions: Is the drug effective, and should it be adopted as a medical treatment? For such
situations, the objective yes/no decision standards provided by NHST may be useful,
provided that the limitations of NHST are understood (Greenwald et al., 1996). On the
other hand, when research focuses more on theory development, it may be more appro-
priate to think about the results of each study as cumulative evidence, in the manner
suggested by Rozeboom (1960): “The primary aim of a scientific experiment is not to
precipitate decisions, but to make an appropriate adjustment in the degree to which one
... believes the hypothesis ... being tested” (p. 420).

Type | Versus Type il Error

Two different types of errors can occur when statistical significance tests are used to make
binary decisions about the null hypothesis. [n other words, a researcher who uses NHST
typically reports one of two possible decisions about the status of H;: either “reject H,” or
“do not reject H," In actuality, H, may be either true or false. When we evaluate whether
an NHST decision is correct, there are thus four possible outcomes; these are summarized
in Table 3.1. There are two possible correct decisions: A researcher may decide to reject H,
when H, is actually false; a researcher may decide not to reject H, when H, is true. On the
other hand, there are two different possible types of error. A researcher may reject H,
when it is actually correct; this is called a Type I error. A researcher may fail to reject H,
when H, is actually false; this is called a Type Il error.
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Actual State of the World

Researcher Decision  H o Is True Ho Is False
Refect H, Type I error {cg) Correct decision (1 — )
Do not reject H, Correct decision (1 — o) Type Il error ()

The symbols o and [ in Table 3.1 correspond to the theoretical risk of committing a
Type I error (1) and a Type 1T error ([3).

When the null hypothesis is actually correct, a researcher may obtain a large difference
between the sample mean, M, and the actual population mean, L (because of sampling
error), that leads to an (incorrect) decision to reject Hy; this is called a Type I error. When
a researcher commits a Type I error, he or she rejects the null hypothesis when in fact the
null hypothesis correctly specifies the value of the population mean.

The theoretical risk of committing a Type I error is related to the choice of the alpha
(o) level; if a researcher sets the alpha level that is used to look up values for the reject
regions at ¢, = .05, and if all other assumptions of NHST are satisfied, then in theory, the
use of NHST leads to a 5% risk of rejecting I, when H, is actually correct. The theoretical
risk of Type I error can be reduced by making the alpha level smaller—for example, set-
ting o; at .01 rather than the conventional .05.

On the other hand, when the null hypothesis is incorrect (i.e., the population mean is
actually different from the value of 1 that is stated in the null hypothesis), the researcher
may fail to obtain a statistically significant outcome, Failure to reject H, when H, is incor-
rect is called a Type IT error. The probability of failing to reject H, when H, is incorrect—
that is, the risk of committing a Type II error—is denoted by p.

Researchers want the risk of both types of error (& and B) to be reasonably low.
The theoretical risk of Type I error, 0., is established when a researcher selects an
alpha level {often ¢ = .05) and uses that alpha level to decide what range of values
for the test statistic such as a z or £ ratio will be used to reject H,,. If all the assump-
tions involved in NHST are satisfied and the rules for significance testing are fol-
lowed, then in theory, the risk of committing a Type I error corresponds to the alpha
level chosen by the researcher. Howevet, if the assumptions involved in NHST proce-
dures are violated or the rules for conducting hypothesis tests are not followed, then
the true risk of Type I error may be higher than the nominal alpha level, that is,
higher than the alpha level named or selected by the investigator as the desired stan-
dard for risk of Type I error.

The risk of committing a Type II error depends on several factors, including sample
size. Factors that influence the theoretical risk of committing a Type Il error are discussed
in Section 3.9 on statistical power. Statistical power is the probability of correctly rejecting
1T, when I, is false, denoted as (1 — B). Therefore, the statistical power (1 — B) is the
complement of the risk of Type IT error (B); factors that increase statistical power also
decrease the risk of Type Il error.
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Formal NHST Procedures: The z Test for a
Null Hypothesis About One Population Mean

Lef’s consider an application of NHST to a research question about the value of one unknown
population mean, L1, in a situation where the population standard deviation, G, is known.?
The first step is to identify a variable and population of interest. Suppose that a researcher
wants to test a hypothesis about the mean intelligence score for a population of all the
residents in a large nursing home. The variable of interest is a score on a widely used
intelligence quoticnt (1Q) test, the Wechsler Adult Intelligence Scale (WAIS). These scores are
normally distributed; in the IQ test norms, the scores are scaled to have a mean of | = 100
points and a population standard deviation of & = 15 points for the overall adult pepulation.

Obtaining a Random Sample From the Population of Interest

Suppose that the entire nursing home population consists of hundreds of residents and
the director can afford to test only N=36 people, Therefore, the researcher plans to obtain a
random sample of N= 36 persons from the population of the entire nursing home and to
compute the mean 1Q score, M, for this sample. The mean IQ score for the sample, M, will be
used to decide whether it is plausible to believe that the mean IQ for the entire nursing home
population is equal to 100, the mean value of the IQ for the general adult population.

Formulating a Null Hypothesis (H,) for the One-Sample z Test

Next the researcher sets up a null hypothesis that specifies a “guessed” value for an
unknown population mean. One possible null hypothesis for the nursing home study is
based on the norms for 1Q scores; for the general adult population, there is a mean IQ of
100 points. The researcher could state the following null hypothesis:

Hyu =, in this example, Hy: 41 = 100, (3.3)

In this example, H;: B = 100, where [ is the unknown population mean for the variable of
interest (1Q) in the population of interest (all the nursing home residents), and {,_ is the
mean IQ from the WAIS test norms. In words, then, the researcher hypothesizes that the
1Q for the nursing home population corresponds to an average ability level compared with
the intelligence for the general population.

Note that there are several likely sources of values for ].Lhﬁ, the hypothesized population
mean. When the variable of interest is a standardized psychological test, the value of 1, ,
might be selected based on knowledge of the normative values of scores. A researcher might
select the overall population mean as the point of reference for hypothesis tests (as in this
example) or use a cutoff value that corresponds to a clinical diagnosis as the point of refer-
ence for hypothesis tests. For example, on the Beck Depression Inventory (Beck, Ward,
Mendelson, Mock, & Erbaugh, 1961}, a score of 19 or more corresponds to moderate to
severe depression, A researcher might set up the null hypothesis that the mean depression
score for a population of nursing home patients equals or exceeds this cutoff value of 19
points, Similarly, for physiological measures, such as systolic blood pressure, a clinical cutoff
value (such as 130 mm Hg, which is sometimes used to diagnose borderline hypertension)
might be used as the value of |1, . A legal standard (such as the posted speed limit on a
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highway, as in the earlier example) is another possible source for a specific value of Hy- In
industrial quality control applications, the hypothesized population mean, M, often cor-
responds to some production goal or standard. For example, B. Warner and Rutledge (1999)
tested the claim of a cookie manufacturer that the population mean number of chocolate
chips in each bag of cookies was equal to or greater than 1,000.

Most applications of NHST presented subsequently in this book involve testing null
hypotheses that correspond to an assumption that there is no difference between a pair of
means for populations that have received different treatments, or no relationship between
a pair of variables, rather than hypotheses about the value of the population mean for
scores on just one variable,

Formulating an Alternative Hypothesis (H,)

The alternative hypothesis (sometimes called the research hypothesis), H,, can take
one of three possible forms. The first form is called a nondirectional or two-tailed alterna-
tive hypothesis:

Hy: pL# 100, (3.4)

Using this alternative hypothesis, the researcher will reject H, for values of M that are
either much higher or much lower than 100. This is called a nondirectional or two-tailed
test; when we figure out a decision rule (the ranges of values of M and z for which we will
reject Hy), the reject region includes outcomes in both the upper and lower tails of the
sampling distribution of M, as shown in Figure 3.1, For o = .05, two-tailed, we would
reject Hy for obtained values of z < —1.96 and z > +1.96.

do not reject
H,

- reject

0

Y

1025 : i
-1.96 0.00 +1.96

NOTES: Reject regions for a z ratio for o == .05, two-tailed: Reject H, for z < ~1.96 and for z > +1.96; do not reject 5, for values
of zbetween ~1.96 and z = +1.96,

For a normal distribution, the proportion of the area that lies in the tail below z = -1.95 is .025, and the proportion of the area
that lies in the tail above  =+1.96 is .025, Therefore, the part of the distribution that is “far” from the center of the distuibution,
using 0. == .05 as the criterion for far, corresponds to the range of z values less than ~1.96 and greater than +1.96.
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The second and third possible forms of H,, the alternative hypothesis, are called one-
tailed or directional alternative hypotheses. They differ in the direction of the inequality
that is stated—that is, whether the true population mean is predicted to be lower than or
higher than the specific value of {1 stated in the null hypothesis. The second form of H, is
a one-tailed test that corresponds to a reject region in the lower tail of the distribution of
outcomes for M.

H:p < 100. (3.5)

If we use the alternative hypothesis stated in Equation 3.5, we will reject H, only for
values of M that are much lower than 100. This is called a directional or one-tailed test.
The decision to reject H, will be made only for values of M that are in the lower tail of the
sampling distribution, as illustrated in Figure 3.2.

The third and last version of the alternative hypothesis is stated in Equation 3.6:

H: > 100, - (3.6)

If we use the alternative hypothesis specified in Equation 3.6, we will reject fI; only for
values of M that are much higher than 100. This is also called a directional or one-tailed
test; the decision to reject H, will be made only for values of M that are in the upper ftail
of the sampling distribution of values of M, as shown in Figure 3.3; we reject H, only for
large positive values of z.

do not reject

~1.645 0.00

NOTES: Reject region for a one-tailed test, ¢t== .05, shown as the shaded area in the lowes tail of the normaf distzibution. This
reject region is for the directional alternative hypothesis If,: 1t < 100, Refect H, if obtained z < —1.645. Do not reject H, if obtained
zvalue is = -1.645.



334 9

335 ¢

Statistical Significance Testing 89

do not reject region reject region

-
«

. e
100 104.11 value of M
0.00 1.645 value of z

NOTES: X-axis shows values of M end corresponding values of z, The reject regions for the one-tailed test, &t = .05, correspond
to the shaded area in the upper tai of the normal distribution. For the directional test (with Hyz b > 100), we would reject H, for
values of M >> 104,11 that correspond to values of z > +1.645.

In the following example, we will test the null hypothesis, H,: . = 100, against the
alternative hypothesis, I7,: |1 > 100. The choice of H;: |1 > 100 as the alternative hypoth-
esis means that we will reject H, only if the sample mean, M, is substantially greater than
100 IQ points; that is, we will use the reject region shown in Figure 3.3,

Choosing a Nominal Alpha Level

Next the researcher must choose a nominal alpha level or level of significance. The
nominal alpha level is a theoretical risk of committing a Type I erros, that is, the probabil-
ity of rejecting the null hypothesis H,: i = 100 when the null hypothesis Hyu=100is
actually correct. We call this a nominal alpha levél because it is named or nominated as a
standard for making judgments about statistical significance by the researcher. A nominal
alpha level is chosen arbitrarily by the researcher. Following the example set by Sir Ronald
Fisher, most users of statistics assume that an ¢ value of .05 represents an acceptably
small risk of Type I error in most situations. However, in exploratory research, investiga-
tors are sometimes willing to use alpha levels (such as o = .10) that correspond to a
higher risk of Type I error. Sometimes, investigators prefer to use smaller alpha levels;
0t =.01 and ¢=.001 are common choices when researchers want to keep the theoretical
risk of Type I error very small,

Determining the Range of z Scores Used to Reject H,

Next we need to use the alpha level and the choice of a nondirectional or directional
alternative hypothesis to formulate a decision rule: For what range of values of z will we
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decide to reject H,? When we set 0. = .05 as the acceptable level of risk of Type I error
and use a one-tailed test with the reject region in the upper tail, our refect region is the
range of z scores that corresponds to the top 5% of the area in a normal distribution.
The z value that corresponds to a .05 proportion of area in the upper tail of a normal
distribution can be found in the table in Appendix A, “Proportions of Area Under a
Standard Normal Curve” The column that corresponds to “Area C” is examined to
locate the table entries that are closest to a proportion of .05 of the area in the upper
tail; from the second page of this table in the far right-hand column, we find that an
area of .0505 corresponds to z=+1.64, and an area of .0495 corresponds to z = +1.65.
An area of exactly .05 corresponds to a z value of +1.645." In other words, when a vari-
able (such as the value of M across many samples drawn randomly from the same
population) has a normal distribution, 5% of the outcomes for the normally distributed
variable will have z values > ++1.645, or, to say this another way, z scores > -+1.645 cor-
tespond to the top 5% of outcomes in a normal distribution.

The graph in Figure 3.3 shows a normal distribution; the tail area that lies beyond the
critical value of z=+1.645 is shaded. A decision rule based on o= .05 and a one-tailed
or directional version of the alternative hypothesis H, that should theoretically give us a
5% risk of Type I error is as follows:

Reject H, for obtained values of z > +1.645.

Do not reject H, for obtained values of z < +1.645.

Recall that the z value shown in Equation 3.2 provides information about the direction
and magnitude of the difference between an obtained sample mean, M, and the hypoth-
esized population mean, 1, stated in the nufl hypothesis. A large value of z cotresponds to
a value of M that is “far away” from the hypothesized value of 1.

Determining the Range of Values of M Used to Reject H,

It is helpful to understand that the “reject” regions for the outcome of the study can
also be stated in terms of values obtained for M, the sample mean. For a critical value
of z {such as--1,645) that is obtained from a table of the standard normal distribution,
we can figure out the corresponding value of M that would be used to make a decision
whether to reject H, if we know the hypothesized value of |t and the calculated value of
Oy

Recall that from Equation 3.2, z= (M — |4, }/G,,. In this example, the hypothesized

population mean p = 100 and o, =G /N :15,’\/% =2.50 . We can translate the
reject regions {given above in ranges of values for the z ratio) into reject regions given in
terms of values of M, the sample mean, In this problem, we obtain a z score to evalu-
ate the location of any specific sample mean, M, relative to [, , by computing the
corresponding z value: (M - )0, = (M - 100)/2.5. We can rearrange this equa-
tion to calculate the value of M (M) that corresponds to a specific critical value
of z, z

critical®

ritical
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If
Zeciical = Moo — My Ty

then
Zcritical X GM = (Mcritical - “’hyp) )

Rearranging the expression above to isolate the value of M on one side of the equation
yields the following equation for M_.., the boundary of the reject region in terms of

outcome values for M, the sample mean:

Mc:itical = [Zcritical x GM] + u‘hyp' (37)

Equation 3.7 tells us the value of the sample mean, M (M_,, ), that corresponds to a
specific critical value of z (such as z = +1.645). Using the specific numerical values of U,
and G, in this situation and the critical value z = +1.645, we can calculate the boundary
for the reject region in terms of values of the sample mean, M:

M= [+1.645 X 2.5] + 100 = 104,11,
Figure 3.3 shows the value of M that corresponds to the critical value of z for a direc-
tional test with o =.05. A critical value of M was calculated given specific numerical
values of 1L and G, and the critical value of M appears on the X axis of the normal distri-
bution. Given 6 = 15, N = 36, and ©,, = 2.50, and H; {1 == 1, _ = 100, we can state the
decision rule in terms of obtained values of z (as at the end of the previous section);

Reject H, for any sample mean that corresponds to a value of 7 > +1.645.

But we can also state our decision rule directly in terms of values of the sample mean. Tn
this case, we would reject H, for obtained sample values of M > -+104.11.

It may be helpful to stop and think about the reasoning behind this decision rule.
Knowledge about sampling error that was reviewed in Chapter 2 makes it possible for us
to predict the amount of variation in the magnitude of M when samples of N cases are
randomly drawn from a population with known values of |1 and G. In other words, given
specific numerical values of Nand ¢ and an assumed value of u, _ stated in & null hypoth-
esis, we can predict the distribution of values of M that are expected to occur if H, is true.
If all our assumptions are correct, if N =36 and ¢ = 15, and if L= 100, then the values of
M should be normally distributed around a mean of 100 with a standard deviation or
standard error of G, where G, =15/+/36 =2.5. This corresponds to the distribution
that appears in Figute 3.3, If |1 is really 100, then most sample values of M dre expected to
be “fairly close to” this population mean of 100. We use an alpha level (such as o = .05)
and an alternative hypothesis (such as H,: 1L > 100) to decide what set of outcomes for the
sample mean, M, would be less consistent with the null hypothesis than with the alterna-
tive hypothesis. In this example, using the alternative hypothesis H: i > 100, we will
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reject H, and prefer H, only for values of M that are substantially greater than 100.
Because we have set the nominal alpha level at o0 = .05 and this alternative hypothesis
corresponds to a one-tailed test with a reject region that corresponds to values of M that
ate greater than 100, we identify the top 5% of possible values of M as the set of outcomes
that are least likely to occur when H, is correct. Because the top 5% of the area in a normal
distribution corresponds to a z score location of -+1.645 standard deviations or standard
errors above the mean, we decide to use only those values of M that correspond to dis-
tances from the mean greater than z=+1.645 as evidence o reject Hy. We can convert this
2 score distance into a corresponding value of the sample mean, M, using Equation 3.7.
If H, is true, then 95% of the time, we would expect to observe an outcome value for M
that is less than or equal to M= 104.11.If H, is true, we would expect to observe values of
M > 104.11 only 5% of the time.

The basic idea behind NHST can be summarized as follows. The researcher chooses 2
nominal alpha level and formulates a null and an alternative hypothesis. The alpha level
and hypotheses are used to decide whether to use a one- or two -tailed reject region for the
decision about H, and how much area to include in one or both tails. For example, when
we use a one-tailed test with H.: & > 100 and 0,= .05, we reject H, for the range of values
of M that corresponds to the top 5% of values for M that we would expect to see across
many samples if H, were true.

Note that the probability that we can assess when we conduct a significance test esti-
mates how likely the obtained value of M is, given the assumption that H, is correct. If we
obtain 4 value of M in our sample that is very unlikely to arise just by chance due to
sampling error when H, is correct, it is reasonable to make the decision to reject H.If we
obtain a value of Min our sample that is very likely to arise just by chance due to sampling
error when H, is correct, it is more reasonable to make the decision to not reject H,
The specific criterion for “very unlikely” is determined by the nominal alpha level (usu-
aily, ot = 05) and the choice of an alternative hypothesis (H,) that corresponds to a reject
region that includes one tail or bath tails of the distribution.

Suppose the researcher collected IQ scores for a sample of nursing home patients
and obtained a sample mean M = 114.5 points. In the situation described in this sec-
tion, with N'= 36,0 = 15, Hy; u= 100, and H,: | > 100, this value of M would lead to a
decision to reject H,, If the population mean were really equal to 100 points, the prob-
ability of obtaining a sample mean greater than 104.11 would be, in theory, less than
59%. Thus, based on our understanding of sampling error, a sample mean of M= 114.5
falls within a range of values of M that are theoretically very unlikely outcomes if H,is
correct.

Reporting an “Exact” p Value

Most introductory textbooks present NHST as a yes/no decision tule about Hy, If the
obtained value of z exceeds the critical values of # (that correspond to the chosen alpha
level and directional or nondirectional alternative hypothesis) or if the obtained value of
M exceeds the critical value of M that corresponds to this critical value of z, the researcher
decision is to reject Hy. If the obtained value of z does not exceed the critical value(s) of 2
that correspond to the criteria (such as o= .05, one-tailed), the researcher decision is to
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not reject Hy. However, there is another way of reporting the outcome for a significance
test; an “exact” p value can be repotted, in addition to or instead of a decision whether
to reject H,

What is an exact p value? The exact p value is the (thearetical) probability of obtaining
a sample mean, M, farther away from the hypothesized value of . $pecified in the null
hypothesis than the value of M in the sample in the study, if H,, s actually correct. For a
sample mean, the exact p value for a one-tailed test corresponds to the proportion of
outcomes for the sample mean that would be theoretically expected to be greater than the
obtained specific value for the sample mean if H, were true. We can determine an exactp
value that corresponds to a sample value of M, given that we have the following informa-
tion: the value of  specified in the null hypothesis, information on whether the test is
onte- or two-tailed, and the value of 6,

To determine an exact one-tailed p value for an obtained sample mean, M, of 106 (we
continue to use Hy: ph= 100, H;: it > 100, and o, = 2.5), we first compute the correspond-
ing value of z that tells us how far the sample mean, M, is from the hypothesized value of
W (in the number of standard errors):

z= (M - W, = (106 - 100)/2.5 = 2.40.

The use of a directional or one-tailed alternative hypothesis (H,: 11 > 100) means that
we need to look at only one tail of the distribution-—in this case, the area in the upper tail,
the area that lies above a 2 score of +2.40. From the table of areas that correspond to z
score distances from the mean in Appendix A, we find that the tail area to the right of 7 = -
2.40 is .0082, or .8% of the area. This value, .0082, is therefore the exact one-tailed p value
that corresponds to a z value of +2.40; that is, exactly .0082 of the area in a normal distri-
bution lies above z = +2.40. This can be interpreted in the following manner. If H, is
correct, the (theoretical) likelihood of obtaining a sample mean larger than the one in this
sample, M = 106, is .0082. Because this is a very unlikely outcome when H, is correct, it
seems reasonable to doubt that 7, is cortect. :

When a program such as SPSS is used to compute a significance test, an exact p value
is generally reported as part of the results (often this is denoted by sig, which is an abbre-
viation for “statistical significance level’). Where there is a possibility of using a one-
tailed or two-tailed test, it is usually possible to select either of these by making a check
box selection in one of the SPSS menus.

In practice, users of SPSS and other statistical programs who want to make a binary
decision about a null hypothesis (i.c., cither “reject H,” or “do not reject H,”) make this
decision by comparing the obtained p value that appears on the SPSS printout with a
preselected alpha level. If the p value reported on the SPSS printout is less than the prese-
lected nominal alpha level (usually o, = .05), the decision is to reject H,. If the p value
reported on the SPSS printout is greater than the preselected alpha level, the decision is to
not reject H, '

Recent changes in publication guidelines in some academic disciplines such as psy-
chology call for the reporting of exact p values. The fifth edition of the Publication Manual
of the Ametican Psychological Association (APA, 2001) summarized these recommenda-
tions as follows:
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Two types of probabilities ate generally associated with the reporting of
significance levels in inferential statistics. One refers to the a prioti probability
you have selected as an acceptable risk of falsely rejecting a given null hypothesis.
This probability, called the “alpha level” (or “significance level”), is the probability
of a Type I error in hypothesis testing and is commonly set at .05 or .01, The other
kind of probability, the [exact] p value (or significance probability), refers to the
a posteriori likelihood of obtaining a result that is as extreme as or more extreme
than the observed value you obtained, assuming that the null hypothesis is true.
... Because most statistical packages now report the {exact] p value (given the
null and alternative hypotheses provided) and because this probability can be
interpreted according to either mode of thinking, in general it is the exact
probability (p value) that should be reported. (pp. 24-25)

When it is inconvenient to report exact p values—for example, in large tables of
correlations—it is common practice to highlight the subset of statistical significance tests
in the table that have p values below conventional prespecified alpha levels. It is fairly
common practice to use one asterisk (*) to indicate p < .05, two asterisks (**) for p < .01,
and three asterisks (***) for p < .001. When an exact p value is reported, the researcher
should state what alpha level was selected. To report the numerical results presented ear-
lier in this section, a researcher could write either of the following,

Results

Version 1 (statement whether the obtained exact p value was less than an a
priori alpha level): '

The null-hypothesis that the mean [Q for the entire population of nursing
home residents was equal to the general population mean for all adults (H,;
it = 100) was tested using a directional alternative hypothesis (H,: p > 100) and
o = .05. The obtained sample mean IQ was M = 106 for a random sample of
N = 36 residents. Because the population standard deviation, o, was known,
a z test was used to test statistical significance. The z value for this sample mean
was statistically significant; z = +2.40, p < .05, one-tailed. Thus, given this
sample mean, the null hypothesis that the mean IQ for the entire population of
nursing home residents is equal to 100 was rejected.

Version 2 (report of exact p value):

For all significance tests in this research report, the significance level that was
used was o, = .05, one-tailed. The sample mean 1Q was M = 106 for a random
sample of N = 36 residents. Because the population standard deviation, o, was
known, a z test was used to test statistical significance. The z value for this
sample mean was statistically significant, z = +2.40, p = .008, one-tailed.

Most statistical programs report p values to three decimal places. Sometimes an exact
obtained p value has zeros in the first three decimal places and appears as 000 on the
printout. Note that p represents a theoretical probability of incortectly rejecting H, and
this theoretical risk is never 0, although it becomes smaller as the value of z increases.
When SPSS shows a significance value of 000 on the printout, this should be reported as
P < 001 rather than as p = .000.




3.4 ¢

341 ¢

Statistical Significance Testing 95

Common Research Practices Inconsistent
With Assumptions and Rules for NHST

NHST assumes that we have a random sample of N independent observations from the
population of interest and that the scores on the X variable are quantitative and at least
approximately intervalfratio level of measurement. It is desirable that the scores on the X
variable be approximately normally distributed. If scores on X are at least approximately
normally distributed, then the distribution of values of M approaches a normal
distribution shape even for rather small values of N and rather small numbers of samples;
however, even when scores on the original X vatiable are nonnormally distributed, the
distribution of values of M is approximately normal, provided that the value of Nin each
sample is reasonably large and a large number of samples are obtained.

The rules for NHST (when the population standard deviation o is known) involve the
following steps. First select a nominal alpha level and state a null and an alternative
hypothesis. Next, take a random sample from the population of interest and compute the
sample mean, 3; evaluate how far this sample mean, M, is from the hypothesized value of
the population L, by calculating a z ratio, Then use a decision rule based on the alpha
level and the nature of the alternative hypothesis (i.c., a one-tailed or two-tailed reject
region) to evaluate the obtained z value to decide whether to reject H,, or report the exact
one- or two-tailed p value that corresponds to the obtained value of zand state the alpha
level that should be used to decide whether this obtained p value is small cnough to judge
the outcome “statistically significant.” The risk of Type I error should, theoretically, cor-
respond to the nominal alpha level if only one significance test is conducted and the deci-
sion rules are formulated before looking at the numerical results in the sample.

The goal of NIIST is to be able to make a reject/do not reject decision about a null
hypothesis, with a known risk of committing a Type I error. The risk of Type I error
should correspond to the nominal alpha level when the assumptions for NHST are satis-
fied and the rules are followed. Ideally, the researcher should be able to identify the popu-
lation of interest, identify the members of that population, and obtain a truly random
sample from the population of interest. The researcher should state the null and alterna-
tive hypotheses and select an alpha level and formulate a decision rule (the ranges of
values of z for which T, will be rejected) before looking at the value of the sample mean,
M, and a cotresponding test statistic such as z. The researcher should conduct only one
statistical significance test or only a limited number of statistical significance tests,

In practice, researchers often violate one or more of these assumptions and rules, When
assumptions are violated and these rules are not followed, the actual risk of Type I error may
be higher than the nominal o= 0 level that the researcher sets up as the standard.

Use of Convenience Samples

One common violation of the rules for NHST involves sampling, Ideally, the sample
should be selected randomly from a well-defined population, In laboratory research,
investigators often work with convenience samples (as discussed in Chapter 1). The con-
sequence of using convenience samples is that the convenience sample may not be repre-
sentative of any specific real-world population. A convenience sample may not provide
adequate information to test hypotheses about population means for any well-defined
real-world population.
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3.4.2 ¢ Modification of Decision Rules After the Initial Decision

Second, researchers occasionally change their decisions about the alpha level and/or
whether to perform a two-tailed/nondirectional test, versus a one-tailed/directional test,
after examining the obtained values of M and z. For example, a researcher who obtains a
sample mean that corresponds to a z value of +1.88 would find that this z value does not lie
in the range of values for the decision to reject H, if the criterion for significance that is used
is o = .05, two-tailed. However, if the researcher subsequently changes the alpha level to
o, = .10, two-tailed, or to or = .05, one-tailed (after examining the values of M and z), this
would redefine the decision rules in a way that would make the outcome of the study “sta-
tistically significant” This is not a legitimate practice; just about any statistical outcome can
be judged significant after the fact if the researcher is willing to increase the alpha value to
make that judgment. Another way of redefining the decision rules after the fact would be to
change IT; for example, if the researcher cannot reject Hy; lL= 100 and wants to reject Hy, he or
she might change the null hypothesis to H,;: 11 = 90.It should be clear that reverse engineering
the decision rules to reject H, based on the obtained value of M for a sample of data is not a
legitimate practice, and doing this leads to a much higher risk of committing a Type I error.

3.4.3 ¢ Conducting Large Numbers of Significance Tests

344 ¢

Another common deviation from the rules for NHST occurs in exploratory research. In
some exploratory studies, researchers run a large number of tests; for example, a researcher
might want to evaluate whether each of 200 Pearson correlations differs significantly from
hypothesized correlations of 0. One way of thinking about the nominal alpha level is as a
prediction about the number of Type I errors that can be anticipated when large numbers of
significance tests are performed. If we set up a decision rule that leads to a Type I error 5%
of the time when Hj is actually correct, it follows that—even if we generated all the scores
in our study using a random number generator and, in the population, all the vatiables in
our study had correlations of 0 with each other-—we would expect that if we ran 100 cor-
relations and tested each one for statistical significance, we would find approximately 5 of
these 100 correlations statistically significant. In other words, we would expect to find about
5 significant correlations that are statistically significant even if we generate the data using
a process for which the real population correlations are 0 among all pairs of variables. When
a researcher reports a large number of significance tests, the likelihood that at least one of
the outcomes is an instance of a Type I error increases as the number of tests increases.

The increased risk of Type I error that arises when a large number of statistical sig-
nificance tests are performed is called an inflated risk of Type I error. When a researcher
reports significance tests for 100 correlations using o = .05 as the nominal criterion for
the significance of each individual correlation, the true risk of committing at least one
Type I ertor in the set of 100 statistical significance tests is typically substantially greater
than the nominal alpha level of .05.

Impact of Violations of Assumptions on Risk of Type | Error

It is extremely important for researchers to understand that an exact p value, or a
statement that the obtained p value is smaller than some preselected alpha value such
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as o = .05, involves making a theotetical estimate of the risk of committing a Type I

error that is based on a large number of assumptions and conditions. An estimated risk
of Type I error can be expected to be accurate only when a large number of assump-
tions about the procedure are met. If the researcher begins with a well-defined actual
popuiation; if the scores on the variable of interest are quantitative and reasonably close
to intervalfratio level of measurement; if the researcher decides upon H,, H, and o
prior to examining the data; if the researcher obtains a random sample of independent
observations from the population of interest; and if the researcher performs only one
statistical significance test, then the presclected alpha level theoretically corresponds to
the risk of Type I error. When one or more of these assumptions are not satisfied, then
the actual risk of Type I error may be considerably higher than the nominal alpha level,
Unfortunately, in many real-life research situations, one or more of these conditions are
frequently not satisfied.

Strategies to Limit Risk of Type I Error
Use of Random and Representative Samples

For all types of research, both experimental and nonexperimental, samples should be
tepresentative of the populations about which the researcher wants to make inferences.
When the population of interest can be clearly defined, all members can be identified, and
a representative sample can be obtained by using random selection methods (passibly
combined with systematic sampling procedures such as stratification), then the applica-
tion of NHST logic to sample means provides a reasonable way of making inferences
about corresponding population means. However, in some research domains, the use of
convenience samples is common. As discussed in Chapter 1, some convenience samples
may not correspond to any well-defined real-life population. This fack of correspondence
between the sample in the study and any well-defined real-world population can make
the use of NHST procedures invalid.

Adherence to the Rules for NHST

It is dishonest to change the decision standards (the alpha level and the choice of a
directional vs. nondirectional research hypothesis) after examining the outcome of a
study. In the extreme, if a researcher is willing to raise the alpha level high enough, just
about any outcome can be judged statistically significant, The risk of Type I error can be
limited by adhering to the rules for NHST, for example, deciding on the alpha level before
looking at data. :

Limit the Number of Significance Tests

A simple way of limiting the risk of Type I error is to conduct only one significance test
or a limited number of significance tests. It is generally easier to limit the number of tests
in experimental studies that involve manipulating just one ot two variables and measur-
ing just one or two outcomes; the number of possible analyses is limited by the small
number of variables.
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Researchers often find it more difficult to limit the number of significance tests in
nonexperimental, exploratory studies that include measures of large numbers of vari-
ables. It is relatively commeon to report dozens, or even hundreds, of correlations in large-
scale exploratory studies. One possible way foi researchers to reduce the risk of Type I
error in exploratory studies is to decide ahead of time on a limited number of analyses
(instead of running a correlation of every variable with every other variable). Another
strategy is to make specific predictions about the pattern of outcomes that is expected
(e.g., what pairs of variables are expected to have correlations that are large positive, large
negative, or close to 0?) and then to assess how closely the set of obtained correlations
matches the predicted pattern (Westen & Rosenthal, 2003).

When researchers set out to do exploratory nonexperimental research, however, they
often do not have enough theoretical or empirical background to make such detailed
predictions about the pattern of outcomes. The next few sections describe other ways of
trying to limit the risk of Type I error in studies that include large numbers of analyses.

Bonferroni-Corrected Per-Comparison Alpha Levels

A commonly used method in limiting the risk of Type I error when multiple signifi-
cance tests are performed in either experimental or exploratory studies is the Bonferroni
correction. Suppose that the rescarcher wants to conduct k = 3 different significance
tests—for example, significance tests about the means on three variables such as intelli-
gence, blood pressure, and depress;on for the nursing home population. The researcher
wants the overall “experiment-wise” risk of Type I error for this entire set of k=3 tests to
be limited to .05. The overall or experiment-wise ¢ is denoted by EW,, = .05. (The term
experiment-wise is commonly used to describe an entire set of mgmﬁcance tests even when
the study is not, strictly speaking, an experiment.) To limit the size of the experiment-wise
Type I error risk, the researcher may decide to use a more conservative “cortected” alpha
level for each test. The Bonferroni correction is quite simple. The per-comparison alpha
level (PC,) is given as follows:

PC, = EW /k, | (3.8)

where
EW_ is the experiment-wise o;, often set at EW,=.05,and

ks the rumber of significance tests performed in the entire experunent or study.

For example, if the researcher wanted to set up three different z tests (one each to test
hypotheses about the population means for intelligence, blood pressure, and depression
for the nursing home population) and keep the experiment-wise overall risk of Type 1
error limited to .05, the researcher could use a per-comparison alpha level of PC, =
EW /k = .05/3 =017 as the criterion for statistical significance for each of the individual
Z tests,

The advantage of the Bonferroni correction procedure is its simplicity; it can be used
in a wide range of different situations. The disadvantage is that when the number of tests
(k) becomes very large, the per-comparison alpha levels become so small that very few
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outcomes can be judged statistically significant. Relative to many other methods of trying
to control the risk of Type T error, the Bonferroni procedure is very conservative.
One way to make the Bonferroni procedure somewhat less conservative is to set the
experiment-wise alpha to a larger value (such as EW, = .10 instead of .05).

Replication of Outcome in New Samples

A crucial consideration in both experimental and nonexperimental research is
whether a statistically significant finding from a single study can be replicated in later
studies. Even in a carefully controlled experiment that includes only one statistical sig-
nificance test, 2 decision to reject H, may be an instance of Type I error. Because of sam-
pling error, a single study cannot provide conclusive evidence for or against the null
hypothesis; in addition, any single study may have methodological flaws. When a statisti-
cally significant difference is found between a sample mean and a population mean using
the one-sample z test, it is important to replicate this finding across new samples. If the
statistically significant finding is actually an instance of ‘Iype I error, it is not likely to
occur repeatedly across new samples. If successive samples or successive studies replicate

~ the difference, then each replication should gradually increase the researcher’s confidence

3.5.6 ¢

that the outcome is not attributable to Type I error.

Cross-Validation

Cross-validation is a method that is related to replication. In a cross-validation study, the
researcher typically begins with a large sample. The cases in the sample are randomty
divided into two separate datasets (a data sampling procedure in SPSS can be used to
obtain a random sample, either a specific number of cases or a percentage of cases from
the entire dataset). The first dataset may be subjected to extensive exploratory analyses; for
example, many one-sample z tests may be run on different variables, or many correlations
may be run. After running many cxploratory analyses, the researcher chooses a limited
number of analyses that are theoretically interesting. The researcher then runs that small
number of analyses on the second half of the data, to assess whether significant z tests or
correlations can be replicated in this “new” set of data. A cross-validation study is a useful
way of trying to reduce the risk of Type I error. If a pair of variables X and Y are signifi-
cantly correlated with each other when the researcher runs a hundred correlations on the
first batch of data but are not significantly correlated in the second batch of data, it is
reasonable to conclude that the first significant corzelation may have been an instance of
Type I error. If the X, ¥ correlation remains significant when this analysis is performed on
a second, new set of data, it is less probable that this correlation is a Type I error,

To summarize, in experiments, the most commonly used method of controlling Type I
ertor is to limit the number of significance tests that are conducted. If a large number of
follow-up tests such as comparisons of many pairs of group means are performed,
researchers may use “protected” tests such as the Bonferroni-corrected PG, levels to
control the risk of Type T error. In nonexperimental or exploratory studies that include
measurements of large numbers of variables, researchers often do not limit the number
of significance tests. However, they may try to limit the risk of Type I errot by using
Bonferroni-corrected alpha levels or by running cross-validation analyses. For both
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experimental and nonexperimental research, the replication of statistically significant
outcomes across new samples and new studies is extremely important; the results of a
single study should not be viewed as conclusive. The results of any one study could be due
to Type I error or methodological flaws; numerous successful replications of a finding
gradually increase researcher confidence that the finding is not just an instance of Type I
error.

Interpretation of Resulis

Interpretation of Null Results

Most authorities agree that when a study yields a nonsignificant result, it is not correct
to conclude that we should “accept 1,7 There are many possible explanations for a non-
significant outcome. It is inappropriate to interpret the outcome of an individual study as
evidence that H, is correct unless these other explanations can be ruled out, and in prac-
tice, it is very difficult to rule out many of these possible alternative explanations for a
nonsignificant outcome. A significance test may yield nonsignificant results when the null
hypothesis is false for numerous reasons. We can only make a case for the possible infer-
ence that the nult hypothesis might be correct if we can rule out all the following alterna-
tive explanations for a nonsignificant outcome, and in practice, it is not possible to rule
out all these alternative explanations completely.

1. The effect size that the researcher is trying to detect (e.g., the magnitude of the dif-
ference between |L and ) is very small.

2. The number of cases in the study (V) may be too small to provide adequate statis-
tical power for the significance test. Sample sizes that are too small to have suffi-
cient statistical power are fairly common (Maxwell, 2004).

3. The measure of the outcome variable may be unreliable, invalid, or insensitive to
the effects of an intervention.

4. Inexperiments that involve comparisons of outcomes for groups that receive differ-
ent dosage levels or types of treatment, the manipulation of the independent vari-
able may be weak, not implemented consistently; or not a valid manipulation of the
theoretical construct of interest,

5. The relationship between variables is of a type that the analysis cannot detect (e.g.,
Pearson’s v is not appropriate for detecting curvilinear relationships between variables).

6. A nonsignificant result can arise due to sampling error.

For example, suppose that a developmental psychologist would like to show that the
cognitive outcomes for children who are cared for at home (Group 1) do not differ from
the outcomes for children who spend at least 20 hours a week in day care (Group 2).Ifa ¢
test is performed to compare mean coguitive test scores between these two groups and
the result is nonsignificant, this result cannot be interpreted as proof that day care has no
effect on cognitive outcomes. It is possible that the nonsignificant outcome of the study
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was due to a small effect size, small sample sizes, variations in the way day care and home
care were delivered, unreliable or invalid outcome measures, failure to include the out-
come measures that would reflect differences in outcome, and a number of other limita-
tions of the study.

A researcher can present evidence to try to discount each of these alternative explana-
tions. For example, if a study has an N of 10,000 and used an outcome measure that is
generally viewed as appropriate, reliable, and valid, these design factors strengthen the
possibility that nonsignificant results might be evidence of a lack of difference in the
population. However, the results of one study are not conclusive proof of the null hypoth-
esis. If a nonsignificant difference in cognitive test score outcomes for day care versus
home care groups can be replicated across many studies with large samples and good-
quality outcome measures, then as evidence accumulates across repeated studies, the
degree of belief that there may be no difference between the populations may gradually
become stronger.

Usually, researchers try to avoid setting up studies that predict a nonsignificant out-
come. Most researchers feel that a statistically significant outcome represents a “success)’
and a review of publication bias by Hubbard and Armstrong (1992) concluded that many
journal editors are reluctant to publish results that are not statistically significant. If both
researchers and journal editors tend to regard nonsignificant research outcomes as “fail-
ures,” then it seems likely that Type I errors may be overrepresented among published
studies and Type IT errors may be overtepresented among unpublished studies. However,
it is worth remembering that a “null” outcome is sometimes the correct answer to a
research question.

Interpretation of Statistically Significant Results

The interpretation of a statistically significant outcome must be made as a carefully
qualified statement. A study may yield a statistically significant outcome when there is
really no effect in the population for a variety of reasons, such as the following;

1. A statistically significant outcome may arise due to sampling error. That is, even
when the null hypothesis H; u= Wy, I8 correct, a value of the sample mean, M, that

is quite different from 1, can arise just due to sampling error or chance. By defini-

tion, when the nominal alpha level is set at .05, values of M that are far enough away
from pu,,, to meet the criterion for the decision to reject H, do occur about 5% of
the time when the null hypothesis is actually correct, NHST procedures involve a
(theorefically) known risk of Type I error; this theoretical level of risk is deter-
mined by the selection of an o level before the data are analyzed. However, the
actual risk of Type I error corresponds to the nominal alpha level only when all the
assumptions for NHST are met and the rules for NFIST (such as conducting a lim-
ited number of significance tests) are followed.

2. Statistically significant outcomes sometimes occur due to experimenter expec-
tancy effects. There is substantial evidence that when researchers have a preferred
outcorme for a study or an idea about a likely outcome for the study; they communi-
cate these expectations to research participants and this, in turn, influences
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research participants so that they tend to behave in the ways that the researcher
expects (Rosenthal, 1966; Rosenthal & Rosnow, 1980). Experimenter expectancy
effects occur in research with human participants, and they are even stronger in
research with animal subjects. In addition, Rosenthal has reported that esrors in data
entry and computation tend to be in the direction of the researcher’s hypothesis.

3. Statistically significant outcomes sometimes occur because of unrecognized con-
founds; that is, the treatment co-occurs with some other variable, and it is that
other variable that influences the outcome,

If any of these problems are present, then drawing the conclusion that the variables are
related in some broader population, based on the results of a study, is incorrect. The
accuracy of an obtained p value as an estimate of the risk of Type I error is conditional;
the p value reported on the computer printout is only an accurate estimate of the true risk
of Type I error if all the assumptions involved in null hypothesis significance testing are
satisfied. Unfortunately, in many studies, one or more of these assumptions are violated.
When the assumptions involved in NHST are seriously violated, the nominal p values
reported by SPSS or other computer programs usually underestimate the true risk of Type
I erior; sometimes this underestimation of risk is substantial. To evaluate whether a
p value provides accurate information about the magnitude of risk of Type I ertor,
researchers need to understand the logic and the assumptions of NHST, recognize how
the procedures in their studies may violate those assumptions, and realize how violations
of assumptions may make their nominal p values inaccurate estimates of the true risk of
TypeIerror.

When Is a  Test Used Instead of a z Test?

When G is not known and we have to use SE,; =s/ VN to estimate sampling error, we
evaluate the distance between a sample mean, M, and the hypothesized population mean,
U, by setting up a £ ratio. When we use SE,, to estimate G,,, the size of the resulting # ratio
is evaluated by looking up values in a £ distribution with degrees of freedom (dfy =N—1,
where N is the number of scores in the sample used to estimate M and s. When G is not
known and we use the sample standard deviation, s, to estimate the amount of sampling
error, the test statistic for H: b = M, has a form similar to the z test that appeared in
Equation 3.1; however, the ratio is denoted # (instead of z) as a reminder that a
t distribution should be used (instead of the standard normal distribution of z scores) to
evaluate tail areas or probabilities. '

M-
- _ﬂ, . (3.9)
SEy

t

As discussed in Chapter 2, when we use SE,, in place of G,, this increases the magni-
tude of sampling error. We evaluate the size of a £ ratio by looking at a ¢ distribution with
N— 1 df, where N is the number of scores in the sample used to estimate M and .

Note the consistency in the logic across procedures. Back in Chapter 2, when we wanted
to evaluate the location of an individual X score relative to a distribution of other individual
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X scores, we set up a z ratio to evaluate the distance of an individual X score from the mean
of a distribution of other individual X scores, in number of population standard deviation
units (z = (X — M)/G). The ¢ ratio in Equation 3.9 provides similar information about the
location of an individual sample mean, M, relative to a theoretical distribution of possible
outcomes for M that is assumed to have a mean of W, and a standard error of SE,,.

In many research situations, the population standard deviation, G, is not known When
G is not known, we have to make several changes in the test procedure. First, we replace
o, with SE,,, an estimate of sampling error based on the sample standard deviation, s.
Second, we use a ¢ distribution with N— 1 df (rather than the standard normal distribu-
tion) to look up areas that correspond to distances from the mean and to decide whether
the sample mean, M, is far away from the hypothe31zed value, |1, . A numerical example
of a one-sample ¢ test (using SPSS) appears in Section 3.10..

Effect Size

There are several different ways of describing effect size; two of these are discussed here.
For the one-sample z test or ¢ test, one way of describing the effect size is to simply look
at the magnitude of the obtained difference between M, the sample mean, and i, » the
hypothesized population mean, in the units that are used to measure the outcome variable
of interest. When the variable is measured in meaningful units, this difference can be
interpreted in terms of practical significance. A second way to describe effect size is by
using a unit-free effect size such as Cohen'’s 4.

Evaluation of “Practical” (vs. Statistical} Significance

It is useful to distinguish between “statistical significance” and “practical” or “clinical
significance” (Kirk, 1996). A result that is statistically significant may be too small to
have much real-world value. A difference between M and |, can be statistically signifi-
cant and yet be too small in actual units to be of much practical or clinical significance,
Consider research that has been done to compare the mean IQ for twins with the test
norm population mean IQ for “singletons”—that is, individual birth children, Suppose
that a researcher obtains a sample mean IQ of M = 98.1 for N = 400 twins (similar to
results reported by Record, McKeown, & Edwards, 1970). This sample mean value of
M = 98.1 can be evaluated relative to the mean IQ for the general population, using

Hy: Wy, = 100, 6 =15,and N=400 and ¢, = .05, two-tailed. Given 6 =15 and N =400, the
value of G,,= .75. For this hypothetical example z = 98.1 — 100/.75 = 2.53; this obtained
value z = 2 53 exceeds the critical value of z =-+1.96, and so this difference would be
judged to be statistically significant. However, the actual difference in IQ between twins
and singletons was only 98.1 — 100=1.9 points.Is a difference of less than two IQ points
large enough to be of any practical or clinical importance? Most researchers do not think
this difference is large enough to cause concern. (Note that if N had been smaller, for
example, if we recalculated the z test above using N'= 100, this 1.9-1Q point difference
would not be judged statistically significant.)

Statistical significance alone is not a gnarantee of practical significance or usefulness
(Vacha-Haase, 2001). For example, a meta-analysis of the results of studies on the effect
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of short-term coaching on Scholastic Aptitude Test scores (Powers & Rock, 1993) sug-
gested that the average difference in scores between the coached and control groups was
of the order of 15 to 25 points. While this difference could be judged statistically signifi-
cant in a study with a large N, the improvement in scores may be too small to be of much
practical value to students. A 15-point improvement would not be likely to improve a
student’s chance of being accepted by a highly selective university.

On the other hand, when the N values are very small, a real effect of a treatment variable
may not be detected even when it is relatively strong. For a z or £ ratio to be large when the
N values are small it is necessary to have a very large difference between group means (a big
difference in dosage levels) and/or very small variances within groups (good control over
extraneous variables) to have a reasonable chance the  ratio will turn out to be large.

There are trade-offs among the design decisions that can affect the size of zor £.1f a
researcher knows ahead of time that the effect size he or she wants to detect may be quite
small, then the researcher may want to male the sample large. The next few sections of
this chapter provide more specific guidance for decisions about sample size, based on
beliefs about the magnitude of the effect that the researcher wants to be able to detect.

Formal Effect-Size Index: Cohen’s d

The problem with (M — ) as an effect-size index is that the size of the difference
depends on the units of measurement, and this difference is not always easily interpretable.
We may be able to obtain a more interpretable index of effect size by taking another piece of
information into account—~that is, the standard deviation of the scores on the variable of
interest. For many purposes, such as comparing outcomes across different variables or
across different studies, it may be useful to have an index of effect size that is “unit free” or
standardized—that is, not dependent on the units in which the original measurements were
made. Cohenss d is one possible effect-size index; it describes the difference between two
means in terms of number of standard deviations, as shown in the following equation:

_ !"l‘_l‘(’hyp or M_”‘hyp’
g c

d (3.10)

where L is the unknown mean X score of the population about which inferences are to be
made (based on a random sample drawn from that population); W, s the hypothesized
population mean for the variable of interest, X; ¢ is the population standard deviation of
scotes on the variable of interest, X; and M is the mean of the X scores in the sample.

In the previous example, the sample mean IQ for twins was M = 98.1 IQ points, the
hypothesized population mean (based on the mean IQ for the general population) was
My, = 100, and the standard deviation for IQ test scores in the population was o=15.The
corresponding d effect size is d = (98.1 — 100)/15 = —.I3; that is, the sample mean for
twins was .13 standard deviations below the mean for the general population. When the
population standard deviation, &, is not known, the sample standard deviation, s, can be
used to estimate it, giving the following equation for Cohen’s d:

d= (M- )5 (3.11)
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where Mis the sample mean; p, s the hypothesized value of the population mean—that
is, the specific numerical value in H,, the null hypothesis; and s is the sample standard
deviation of individual X scores.

Itis uscful to have an effect-size index (such as Coher’s d) that is independent of the size
of N, the number of cases in the sample; it is also independent of the units in which the X
variable is measured (these units of measurement are removed by dividing the difference
between means by © or 5). There are three ways we can use an effect-size index, First, it is
useful and informative to report effect-size information along with the results of a statistical
significance test, Guidelines for reporting research results in some disciplines such as psy-
chology now call for the inclusion of effect-size information along with statistical signifi-
cance tests (APA, 2001). Second, effect-size information can be useful when making
decisions about the minimum sample size that is needed to have adequate statistical power
(as discussed in Section 3.9). Third, effect-size indexes that are unit free and independent of
N provide information that can be summarized across studies using meta-analysis.

In later chapters, Cohen’s d will also be used to index the magnitude of the difference
between the means of two different populations, as illustrated in the following example
concerning the mean height for males versus the mean height for females:

de=ti”t (3.12)

Spuule(i

where 1, is the mean for Population 1 (e.g., mean height for males), 1, is the mean for
Population 2 (e.g,, mean height for females), and s, is the overall standard deviation
for the variable of interest, averaged or pooled across the two populations. This is typically

estimated by averaging the sample variances as shown below:

] _\/(nI ~1)s; +(n, —1)s? ) | (3.13)

pooled (nl _1) T+ (nz _1)

where n, is the number of scores in the sample drawn from Population 1, s is the sample
variance in scores of the sample drawn from Population 1, 7, is the number of scores in
the sample drawn from Population 2,and s] is the sample variance for the sample drawn
from Population 2.

Cohers d can be illustrated graphically; the distance between the means of two normal
distributions is related to the amount of overlap between the distributions. A larger value of
d corresponds to a larger and therefore more easily detectable difference between two distri-
butions of scores. For example, Kling, Hyde, Showers, and Buswell (1999) conducted a review
of studies that examined differences in self-estcern between women and men; they found
that across a large number of studies, the mean size of the Cohen’s d effect size was approx-
imately d = .20, which corresponds to a rather small effect size, Figute 3.4 illustrates the
overlap in the distribution of self-esteem scores for male and female populations, with an
effect size of d=.22; that is, the mean self-esteem for the male population is about two tenths
of a standard deviation higher than the mean self-esteem for the female population, This
difference is small; there is substantial ovetlap in the scores on self-esteem for males and
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females. On the other hand, there is a much larger gender difference for height. Data reported
on Wikipedia (http://en.wikipedia.org/wiki/Effect_size) suggest that the Cohen's d value for
gender differences in height is about d = 2.00; this is a very large effect size, Figure 3.5 itlus-
trates the amount of overlap in the distributions of fernale and male heights, given a Cohen's

Cohen's d = 0.22 Overlap = 83.7%

SOURCE: Kiing, Hyde, Showers, and Buswel (1999).

NOTES: Across numerous studies, the average difference in self-esteem between male and female samples is estimated to be
about .22; the mean self-esteern for males is typically about two tenths of a standard deviation higher than the mean self-esteem
for females.

Cohen’s o = 2.00 Overlap = 18.9%

SOURCE: htip:ffen.wikipedia.orgfwiki/Effect_size

NOTES; From samples of men and women in the United Kingdom, mean height for males = 1,754 mm; mean height for
females = 1,620 mm. The standard deviation for height = 67.5 mm. Therefore, Cohenls d = (M, - My, Ms = (L754 -
1,620)/67.5 = 200,
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Verbal Labef Magnitude of d

Small a=<.20

Medium d of the order of .5 (e.q., d between .20 and .75)
large o > 80

NOTES: Population value of Coheris d = (14— 1, Mo, where 1 is the mean for the population
from swhich the study sample was drawn, p,  is the hypothesized value of the population
mean, and & is the standard deviation of scores in the population from which the sample was
drawn. In other words, d'is the distance in number of standard deviation units (&) between the
actual population mean (1} and the hypothesized population mean stated in the null

hypothesis ().

dvalue of 2.00; that is, the population mean for male height is about two standard deviations
higher than the population mean for female height.

When the magnitude of a difference indexed by Cohen’s d is small, the difference
between means may be relatively difficult to detect. When the real magnitude of the dif-
ference between population means is relatively small, as in Figure 3.4, a rescarcher typi-
cally needs to have a relatively large sample to obtain a ¢ or z value large enough to reject
H, (the null hypothesis that the male and female population means are equal). On the
other hand, when the magnitude of the difference between population means is large—
for example, when Cohen’s d=2.00, as in Figure 3.5—a researcher may be able to obtain
a f or z value large enough fo reject H, even when the sample size is relatively small.

Suggested verbal labels for small, medinm, and large values of Cohen's d in behavioral
and social science research are summarized in Table 3.2,

Statistical Power Analysis

Statistical power is defined as the probability of obtaining a value of z or ¢ that is large
enough to reject H, when H is actually false. In most (although not all) applications of
NIIST, researchers hope to reject H,. In many experimental research situations, H,
corresponds to an assumption that the treatment has no effect on the outcome variable;
in many nonexperimental research situations, H, corresponds to an assumption that
scores on a Y outcome variable are not predictable from scores on an X independent
variable. Researchers often hope to demonstrate that a treatment does have an effect on
some outcome variable and that they can predict scores on an outcome variable. In other
words, they often hope to be able to reject a null hypothesis that states that there is no
treatment effect or no relationship between variables.

Refer back to Table 3.1 to see the four possible outcomes when decisions are made
whether to reject or not reject a null hypothesis. The outcome of interest, at this point, is
the one in the upper right-hand corner of the table: the probability of correctly rejecting
H, when H, is false, which is called statistical power, Note that within each column of
Table 3.1, the probabilities of the two different possible outcomes sum to 1.00, Statistical
power corresponds to (1 — 3}, where B is the risk of committing a Type 11 error. The
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factors that reduce the probability of committing a Type IT error (B) also increase statis-
tical power {1 — [3). Researchers want statistical power to be reasonably high; often,
statistical power of .80 is suggested as a reasonable goal.

The risk of committing a Type I error (o} is, in theory, established by the choice of a
nominal alpha level (assuming that all assumptions for NHST are met and all the rules for
NHST are followed). The risk of committing a Type II error (B), on the other hand,
depends on several factors, including the nominal alpha level, the magnitude of the true
population effect size (such as Coher’s d), and the sample size, N. Because statistical
power (1 — ) is the complement of the risk of committing 2 Type I error (B}, factors that
decrease the risk of Type I error also increase statistical power.

We will begin with some general qualitative statemnents about how these factors (o,
effect size, and N) are related to power and then give an empirical example to illustrate
how statistical power varies as a function of these factors. In each case, when a statement
is made about the effect of changes in one factor (such as N, sample size}, we assume that
the other factors are held constant. Here is a qualitative summary about factors that influ-
ence statistical power and the risk of committing a Type I error:

1. Assuming that the population effect size, d, and the sample size, N, remain constant,
statistical power increases (and risk of Type II error decreases) as the value of the
nominal alpha level is increased. Usually researchers set the nominal alpha level at
.05.1n theory, statistical power can be increased by raising the alpha level to o =.10
or ¢, = .20. However, most researchers are unwilling to accept such high levels of
risk of Type I error and, therefore, prefer changing other features of the research
situation (rather than increasing o) to improve statistical power.

2. To see how the other two factors (the effect size, Cohen’s d; the sample size, N) influ-
ence statistical power, it is useful to reexamine the equations that are used to com-
pute the ¢ ratio. Recall that the one-sample f test is calculated as follows:
t=(M—-p, s/ N .We can “factor out” the term involving the square root of
N to show that the size of ¢ depends on two things: the magnitude of d and the
magnitude of the square root of N.

Recall that £ =(M— W, )/ (s/ /N ; this can be rearranged as follows:

Mmp‘hypx 13

5 lhfﬁ.

Recall that (M — I.Lhw)/s is Coher’s d. And note that
N . Thus, we have _ (LINN)

can be simplified to

f=dxN . (3.14)

In other words, the size of the ¢ ratio is related to both the magnitude of
the population effect size, Cohen’s d, and the sample size, N. (This equation is simi-
lar to equations presented by Rosenthal & Rosnow, 1991, which show how the
overall independent samples f test can be factored into two parts: one term, d in this
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example, to represent effect size and the other term, square root of N in this exam-
ple, to represent sample size.) if the sample size, N, is held constant, ¢ increases as
d increases. If the effect size, d, is held constant, ¢ increases as VN increases.
Therefore, assuming that the sample size, N, remains constant, as the population
effect size represented by Cohen’s df increases, we expect that the size of the sample
¢ ratio will also tend to increase. The implication of this is that, other factors being
equal, we are more likely to obtain a large value of the ¢ ratio (large enough to reject
H,) when the population effect size indexed by d is large.

We can summarize by saying that, other factors being equal, as the magnitude of
the population effect size, d, increases, statistical power tends to increase, and the
risk of committing a Type Il error () tends to decrease.

3. Italso follows from the previous argument that, if all other factors in the equation
for £ remain constant, as N increases, the size of the obtained ¢ ratio will tend to be
larger. Therefore, other factors being equal, as the size of N increases, statistical
power tends to increase (and the risk of committing a Type II exror, [3, decreases).

The problem with the preceding qualitative statements about the connection between
statistical power and the values of o, 4, and Nis that they do not take sampling error into
account in a precise quantitative manner. We can evaluate statistical power more precisely
by setting up a graph of the distributions of outcomes of ¢ that are expected if H, is true
and a separate graph of the distribution of outcomes of # that would be expected for a
specific population effect size, . In the following example, let’s continue to consider test-
ing hypotheses about intelligence scores. Suppose that the null hypothesis is

Hy: 1= 100,
the sample standard deviation s = 15, and the sample size is N= 10 (therefore df=9).

SEy =15//N =15/\10=15/3.162=4.74 .

Now let’s suppose that the actual population mean is 115. This would make the value
of Coher'’s d = [ —p,_}/o = [115— 100]/15 = 1.00.

From the table of critical values for the ¢ distribution, which appears in Appendix B, the
critical values of ¢ for o= .05, two-tailed, and df=9 are ¢ =+2.262 and # =~-2.262. Based
on Equation 3.7, the critical values of M would therefore be

100 —2.262 X 4.74 = 89.28,

and
100 +2.262 x 4.74 =110.72.

In other words, we would reject Hy: |L = 100 if we obtain a sample mean, M, that is Jess
than 89.28 or greater than 110.72.

To evaluate statistical power, we need to think about two different possible distribu-
tions of outcomes for M, the sample mean, The firstis the distribution of outcomes that
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would be expected if H, were true; the “reject regions” for the statistical significance
test are based on this first distribution. The second is the distribution of outcomes for
M that we would expect to sec if the effect size d = 1.00, that is, if the real population
mean (115) were one standard deviation above the hypothesized populatien mean of
100 points.

The upper panel of Figure 3.6 shows the expected distribution of outcome values of ¢
given H.: 11 =100, H,: 1t # 100, df =9, and o = .05 (two-tailed). Using the fact that N=10
and df = 9, we can find the critical values of ¢ from the table of the ¢ distribution in
Appendix B. For o= .05 (two-tailed) with 9 df, we would reject I, for values of £ > +2.262
and for values of £ <—2.262.

The lower panel of Figure 3.6 shows how these critical values of £ correspond to values
of M. Using Equation 3.7 along with knowledge of H, and SE,, we can convert each criti-
cal value of ¢ info a corresponding critical value of M. For example, a f value of +2.262
corresponds to a sample mean, M, of 110,72, The reject regions for If; can be given in
terms of obtained values of M. We would reject H,: it = 100 for values of M > 110.72 and
for values of M < 89.28.

110.72

20 95 100 105 110

Distribution of values of AF if Hy is true

NOTES: Reject regions (in terms of z values) are as follows: Reject H, for z > +1.96 and for z < ~1.96, Reject regions (in terms
of values of M) are as follows: Reject H for M < 89.28 and for M > 110.72.
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The preceding discussion shows how the distribution of outcomes for M that is (theo-
retically) expected when Hj is assumed to be true is used to figure out the reject regions
for H, (in terms of values of ¢ or M).

The next step is to ask what values of M would be expecied to occur if H, is false (e.g.,
one of many ways that H, can be false is if {1 is actually equal to 115), An actual population
mean of |L = 115 corresponds to a Coher’s d effect size of +1 (i.e., the actual population
mean {L = 115 is one standard deviation higher than the value of 1, = 100 given in the
null hypothesis).

The lower panel of Figure 3.7 illustrates the theoretical sampling distribution of M if
the population mean s really equal to 115. We would expect most values of M to be fairly
close to 115 if the real population mean is 115, and we can use SE,, to predict the amount
of sampling error that is expected to arise for values of M across many samples.

The final step involves asking this question: Based on the distribution of outcomes for
M that would be expected if | is really equal to 115 (as shown in the bottorn panel of
Figure 3.7), how often would we expect to obtain values of the sample mean, M, that are
larger than the critical value of M = 110.72 (as shown in the upper panel of Figure 3.7)?
Note that values of M below the lower critical value of M = 89.28 would occur so rarely
when WL really is equal to 115 that we can ignore this set of possible outcomes.

~Figure 3.7-¢ St

Critical value of M= 110.72

o2 =025

¥ T T T T

90 95 100

105
Distribution of values of M if H, true
(HO: H= 100) and SEM =474

i
110 115
Distribution of values of M if 1= 115 and 5Fy;=4.74

NOTES: The upper distribution shows how values of M are expected to be distributed if H, is frue and j4 = 100. The shaded regions
in the upper and lower taifs of the upper distribution correspond to the reject regions for this test, The lower distribution shows how
values of M would actually be distzibuted if the population mean, p, is actually 115; based on this distribution, we see that if L s
really 115, then about .85 or 80% of the outcomes for M would be expected to exceed the critical valae of M (3 10.72}.
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'To figure out the probability of obtaining sample means, M, greater than 110.72 when
Lt = 115, we find the ¢ ratio that tells us the distance between the “real” population mean,
[t = 115, and the critical value of M= 110.72. This ¢ ratio is ¢ = (M — W)/SE,, = (110.72
~ 115)/4.74 == —90. The likelihood that we will obtain a sample value for M that is large
enough to be judged statistically significant given the decision rule developed previously
(i.e., reject H, for M > 110.72) can now be evaluated by finding the proportion of the area
in a ¢ distribution with 9 df that lies to the right of # =—.90. Tables of the ¢ distribution,
such as the one in Appendix B, do not provide this information; however, it is easy to find
Java applets on the Web that calculate exact tail areas for any specific value of ¢ and df.
Using one such applet, the proportion of the area to the left of M =110.72 and z=—-90
(for the distribution centered at u. = 115) was found to be .20 and the proportion of area
to the right of M = 110,72 and z = —90 was found to be .80, The shaded region on the
right-hand side of the distribution in the lower part of Figure 3.7 corresponds to statisti-
cal power in this specific situation; that is, if we test the null hypothesis H: )L =100, using
0. = .05, two-tailed, and a £ test with 4f= 9, and if the real value of Cohen’s d=+1.00 (i.e.,
the real population mean is equal to jL = 115), then there is an 80% chance that we will
obtain a value of M (and therefore a value of £} that is large enough to reject H,,

We can use this logic to figure out what sample size, N, is required to achieve a specific
desired level of statistical power (usually the desired level of power is at least 80%) when
we are planning a study. Tables have been published that map out the minimum N needed
to achieve various levels of statistical power as a function of the alpha level and the popu-
lation effect size Cohen’s d. An example of a statistical power table appears in Table 3.3.

Table 3.3 can be used to look up the statistical power that corresponds to the situation
in the previous example, The previous example involved a single sample ¢ test with an
effect size d = +1.00, a sample size N = 10, and o = .05, two-tailed. Table 3.3 provides
estimates of statistical power for a one-sample 7 test with o = .05, two-tailed. If you look
up the value of 4 across the top of the table and find the column for d = +1.00, as well
as look up the value of N in the rows of the table and find the row that corresponds to
N = 10, the table entry that corresponds to the estimated power is .80. This agrees with
the power estimate that was based on an examination of the distributions of the values of
M shown in Figures 3.6 and 3.7.

The power table can be used to look up the minimum N value required to achieve a
desired level of power, For example, suppose that a researcher believes that the magnitude
of difference that he or she is trying to detect using a one-sample ¢ test corresponds to
Cohen’s d =+.50 and plans to use o, =05, two-tailed. The researcher can read down the
column of values for estimated power under the column headed d = +.50. Based on the
values in Table 3.3, the value of N required to have a statistical power of about .80 to detect
an effect size of d = +.5 in a one-sample ¢ test with o = .05, two-tailed, is about N =35,

The true strength of the effect that we are trying to detect—for example, the degree to
which the actual population mean, 1, differs from the hypothesized value, 1, ,as indexed
by the population value of Coher’s d—is usually not known, The sample size needed for
adequate statistical power can be approximated only by making an educated guess about
the true magnitude of the effect, as indexed by d. If that guess about the population effect
size, d, is wrong, then the estimate of power based on that guess will also be wrong,
Information from past studies can often be used to make af least approximate estimates
of population effect size.
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3.10 ¢

When is statistical power analysis needed? It is a good idea whenever a researcher
plans to conduct a study to think about whether the expected effect size, alpha level, and
sample size are likely to be adequate to obtain reasonable statistical power. Peaple who
write proposals to compete for research funds from government grant agencies are gener-
ally required to include a rationale for decisions about planned sample size that takes
statistical power into account. SPSS has an add-on program that can be used to estimate
statistical power for more complex designs.

In summary, a researcher can do several things to try to reduce the magnitude of B (ie.,
reduce the risk of Type IT error and increase statistical power). The researcher can set a
higher alpha level (but this trade-off, which involves increasing the risk of Type I error, is
usually not considered acceptable). The researcher can increase the size of N, the sample
size. Another way to reduce § and increase power that is possible in some but not all research
situations is to increase the size of the difference that the researcher is trying to detect—that
s, increase the effect size that corresponds to Coherfs d. One way of increasing the effect size
is by increasing the difference 1 — 1, , that is, the difference between the actual population
mean, [1, and the hypothesized value of the population mean, o given in the null hypoth- -
esis. Other factors being equal, as this difference L. — Iy, increases, the likelihood of obtain-
ing values of M and zlarge enough to reject H, also increases. Another way of increasing the

effect size given by Cohen's d is through reduction of the within-group standard deviation,

o or s. Typically, s can be made smaller by selecting a homogeneous sample of participants
and standardizing measurement procedures.

Numerical Results for a One-Sample
t Test Obtained From SPSS

A one-sample ¢ test (to test a null hypothesis about the value of the mean of one
population) can be performed using SPSS. The data for this empirical example are in the
SPSS file named wais.sav; this file contains hypothetical IQ scores for a sample of N=36 -
randomly sampled residents from a nursing home population. In the following example,
we will assume that the rescarcher does not know the value of 6, the population standard
deviation, and must therefore use s, the sample standard deviation. Using the data from
this sample, the researcher can do the following things:

L. Setup a CI for |4 based on the sample values of M and s (using procedures reviewed .

in Chapter 2).

2. Test a specific null hypathesis about the value of 1, such as H;; pL = 100 (using a g
preselected alpha level such as .05 and a specific alternative hypothesis such as H;; S

W # 100). When © is known, a z test may be used (as described in Section 3.1). In

the following example, we will assume that & is not known and that we use the *

sample standard deviation s to set up a one-sample ¢ test,

3. Calculate a sample estimate of Coherr’s d as an index of effect size.

The menu selections that are needed to run a one-sample f test appear in Figure 3.8;
from the top-level menu bar, choose <Analyze>, and then from the pull-down menus,
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click on <Compare Means> and <One-Sample T Test>. These menu selections open
up the SPSS dialog window for the One-Sample T Test, which appears in Figure 3.9,
Initially, the names of all the variables in the dataset appear in the left-hand window; the
variable for the one-sample £ test is selected from this list and moved into the right-hand
window (here, the variable is WAIS IQ score for each person in the sample), The hypothe-
sized value of |t that is specified in the null hypothesis should be typed into the window that
has the heading Test Value. In this example, H,: jL = 100, and therefore the test value is 100.

The p value that is reported by SPSS for the one-sample ¢ test is a two-tailed or nondi-
rectional p value. The Options button opens up a new dialog window where the user can
specify the width of the CI; the default choice is a 95% CI (see Figure 3.10).

The results for the one-sample ¢ test appear in Figure 3.11. The first panel reports the
sample descriptive statistics; that is, the mean IQ for this sample was M = 103.83. This
sample mean, M, is almost four points higher than the value of p predicted in the null
hypothesis, H;; |L = 100, The obtained £ ratio was #(35) = 2.46, p = .019, two-tailed.

If the population mean, LI, really were equal to 100, we would expect that the means for
95% of all samples would lie rather close to 100. Qur definition of “rather close” depends
on the selected alpha level (o = .05, two-tailed, in this example) and on the magnitude of
the sampling error, which is given by the sample value of SE,, = 1.556. For a ¢ distribution
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with df=N— 1 =136 — 1 =35, the critical values of ¢ that correspond to the top 2.5% and
the bottom 2.5% of the area of the ¢ distribution can be found in the table of critical values
for the ¢ distribution in Appendix B. This table shows values of £ for df = 30 and df = 40.
We can figute out the value of ¢ for df = 35 by taking the midpoint between the critical
values of ¢ that appear for df =30 (1_,, , = 2.042) and for df = 40 (f ;. = 2.021) in the
column for ot = .05, two-tailed. The midpoint of these values is (2.0421-2.021)/2=2.031.
Thus, for a ¢ distribution with 35 df, the critical values of ¢ that correspond to the bottom
2.5% and top 2.5% of the area are as follows: The bottom 2.5% of the outcomes corre-
spond to £ < —2.031, and the top 2.5% of the outcomes correspond to £ > +2.031.
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One-Sample Statistics

Sid. Std. Error
N Mean Deviation Mean
WAIS 36 103.83 9.337 1.556

One-Sample Test

Test Value = 100
95% Confidence
Interval of the
Mean Diffarence
t df Sig. (2-talled) Difference Lower tUpper
WAIS 2.463 35 019 3.833 67 6,99

Given all this information, we can predict what the distribution of outcomes of sample
values of M would look like across hundreds or thousands of different samples when we
use the sample value s (because we do not know the population value of G). The distribu-
tion of values of M (if H, is true) is expected to have the following characteristics:

1. A meanof 100

2. A shape described by fwith df=35 (in other words, we use values from a ¢ distribu-
tion with 35 df to figure out how distances from the mean are related to tail areas or
proportions} '

3. A standard deviation or standard error, SE,,, that depends on s and N

If all the conditions stated so far are correct, then we would expect that 95% of the
outcomes for the sample mean, M, would lie between @t — 2.031 X SE,, and 1 + 2.031 X
SE,, that is, between [100 — 2.031 x 1.556] and {100 + 2.031 X 1.556]—in this example,
between 96.84 and 103.16. (Conversely, 2.5% of the values of M would be less than 96.84,
and 2.5% of the values of M would be greater than 103.16.)

In other words, our criterion for “values of M that would be unlikely to occur if H, were
true,” in this case, is values of M < 96.84 and values of M > 103.16.

If H, is correct (W = 100) and if SE, = 1.556, it would be quite unusual to see sample
means less than 96.84 or greater than 103.16 for samples of size N = 36. When we use
o = .05, two-tailed, as our criterion for statistical significance, “quite unusual” corre-
sponds to the most extreme 5% of outcomes (the bottom 2.5% and the top 2.5% of the
distribution of likely values for M).

The obtained sample mean M= 103.83 is large enough in this example for it to fall within
the top 2.5% of the distribution of predicted outcomes for M (for the null hypothesis H;
L= 100). The obtained ¢ ratio, t = 2.463, tells us the distance (in number of standard errors)
of the sample mean, M, from the hypothesized value p = 100. The exact p value given on the
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SPSS printout (p = 019, two-tailed) corresponds to the theoretical probability of obtaining
a sample mean that is more than 2.463 standard errors above or below the hypothesized
population mean, if H is true and all our other assumptions are correct. If |1 really were
equal to 100 for the entire nursing home population, the probability of obtaining a sample
mean this far away from L just due to sampling error is p = .019--~that is, less than 2%. In
other words, this outcome M = 103.83 is an outcome that is very unlikely to occur if I, is
true. We can, therefore, reject H: pL = 100-(because the outcome of the study, M = 103.83,
would be an unlikely outcome if this null hypothesis were correct).

A Cl was set up for the value of the difference between the unknown population mean, 1,
and the hypothesized value L = 100; this 95% CI has a lower boundary of .67 and an upper
boundary of 6.99. In other words, given the size of the sample mean IQ, the difference between
the unknown population mean IQ, L, for the entire population of nursing home residents and
the hypothesized IQ p, = 100 probably lies between .67 and 6.99 points. As discussed in
Chapter 2,in the long run, 95% of the CIs set up using the value of {1, the critical values of £, and
the sample value of SE,, should actually contain the true population mean, L. It seems reason-
able in this case to conclude that the true magnitude of the difference between the mean IQ for
the nursing home population and the value of 100 stated in the null hypothesis is probably
between .67 points and 6.99 points; the nursing home population IQ is probably a few points
higher than the value of 100 points given in the null hypothesis.

Finally, we can also report the outcome for this study using Cohen’s 4 to index the effect
size. In this example, we have M = 103.83, My, = 100, and s = 9.337; d = (103.83 —
100)/9.337 = .41. Using the verbal labels for effect size in Table 3.2, this would be judged
a moderate effect size,

Guidelines for Reporting Results

An APA 'Task Force report (Wilkinson & Task Force on Statistical Inference, 1999)
concluded that reports of significance tests alone are not sufficient; additional information
about the outcomes of studies (CIs and effect-size information) should be reported. The
fifth edition of the APA publication manual (2001) says,

When reporting inferential statistics (e.g., ¢ tests, F tests, and chi-square), include
information about the obtained magnitude or value of the test statistic, the degrees
of freedom, the probability of obtaining a value as extreme as or more extreme than
the one obtained, and the direction of the effect. Be sure to include sufficient
descriptive statistics (e.g., per-cell sample size, means, corrclations, standard
deviations) so that the nature of the effect being reported can be understood by the
reader and for future meta-analysis. This information is important, even if no
significant effect is reported. When point estimates are provided, always include an
associated measure of variability (precision) specifying its nature (e.g., the
standard error). (p.22)

The APA guidelines also state that the reporting of Cls is strongly recommended. Note
that certain types of information discussed in this chapter are usually not included; for
example, it is uncommon to see statements of a formal null hypothesis in a journal article.
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1_5_3.12 ¢ Summary
3,.12,1 ¢ Logical Problems With NHST

The reasons why NHST procedures are problematic are complex; some of the potential
problems with NHST are mentioned here. To begin with, the basic logic involved in using
the proposition that “the results in the sample would be unlikely to occur if H, is true” to
make the decision to reject H; is controversial; Sir Ronald Fisher argued in favor of mak-
ing a decision to reject H, in this situation, but other major figures such as Karl Pearson
argued against this reasoning.

Even though NHST procedures involve looking for disconfirmatory evidence, they do
not involve the kind of theory testing that Karl Popper advocated when he said that theo-
ries need to be potentially falsifiable (sce Mechl, 1978). Usually researchers want to reject
H,, but that is not usually equivalent to falsifying a theory. In fact, the decision to reject 17,
is often interpreted as (indirect) support for a theory. The researcher’s theory more often
corresponds to the prediction made in the alternate or research hypothesis than to the
prediction made in the null hypothesis. Some theorists argue that in a sense, H, is virtu-
ally always false (see Krueger, 2001, for a discussion of this point). If that is the case, then
results of NHST will always turn out to be statistically significant if sample sizes are made
large enough. ‘

In practice, many of the assumptions for NHST are frequently violated; for example,
samples are often not randomly selected from any real population, and researchers often
report large numbers of significance tests. The desire to obtain statistically significant
results can tempt rescarchers to engage in “data fishing”; researchers may “massage” their
data (e.g., by running many different analyses or by deletinig extreme scores) until they
manage to obtain statistically significant results. When any of these violations of assump-
tions are present, researchers should explain that their reported p values do not accurately
represent the true risk of incorrectly rejecting H. Another name for these researcher
behaviors is “data torturing” (Mills, 1993).

Misunderstandings about the meaning of a statistically significant result are fairly
common. A few people mistakenly think that p is the probability that the null hypothesis
is true, that 1 — p is the probability that the alternative hypothesis is true, or that 1 — p
represents some sort of probability that the results of a study are replicable.” None of these
interpretations are correct. These misunderstandings occur partly because statistical
significance tests do not tell us what we really want to know. As Cohen (1994) said,

What we want to know is “Given these data, what is the probability that H, is
true?” But as most of us know, what [NHST] tells us is, “Given that H,is true, what
is the probability of these {or more extreme) data?” These are not the same, as has
been pointed out many times over the years. (p. 997)

In addition to ditficulties and disputes about the logic of statistical significance testing,
there are additional reasons why the results of a single study should not be interpreted as
conclusive evidence that the null hypothesis is either true or false. A study can be flawed
in many ways that make the results uninformative, and even when a study is well designed
and carefully conducted, statistically significant outcomes sometimes arise just by
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chance. Therefore, the results of a single study should never be treated as conclusive evidence.
'To have enough evidence to be confident that we know how variables are related, it is necessary
to have many replications of a result based on methodologically rigorous studies.

Despite potential logical and practical problems with NHST, the APA Task Force did
not recommend that this approach to evaluate data should be entirely abandoned. NHST
can help researchers to evaluate whether chance or sampling error is a likely explanation
for an observed outcome of a study, and at a minimum, researchers should be able fo rule
out chance as an explanation for their results before they begin to suggest other interpre-
tations. Instead of abandoning NHST, which can provide useful information about the
expected magnitude of sampling error when it is judiciously applied and cautiously and
appropriately interpreted, the APA Task Force advocated more complete reporting of other
information about the outcomes of studies, inchuding Cls and effect-size information.

3.12.2 ¢ Other Applications of the f Ratio

The most general form of the £ ratio is as follows:

, o, Sample statistic— Hypothesized population parameter (3.15)
SE l |

sample statistic

In other words, in its most general form, a ¢ test provides information about the mag-
nitude of the difference between a sample statistic (such as M) and the corresponding
value of the population parameter that is given in the null hypothesis (such as p, ) in
number of standard errors. The first application of this test that is generally covered in
introductory statistics involves using a ¢ ratio to evaluate whether the mean of a single
sample (M) is close to, or far from, a hypothesized value of the population mean, [, .
However, this test can be applied to several other common sample statistics.

For example, a very common type of experiment involves random assignment of par-
ticipants to two groups, administration of different treatments to the two groups, and
comparisons of the sample means on the outcome variable for Group 1 versus Group 2
(M, vs. M,) to assess whether the difference between means is statistically significant. The
population parameter of interest is (1L, — I4,), and the null hypothesis (that the means of
the treatment and control populations are the same) is Hy: (14, - H,) = 0. The sample
statistic of interest is M, — M, The formula for the independent samples ¢ ratio for testing
a hypothesis about the equality of the means of two separate populations is as follows
(note that this is just a specific case of the general form of # shown in Equation 3.15):

t___(M:—Mz)“(H;—Mz) ) (3.16)
SEM,—MI

Because the difference between the means of populations that receive different treat-
ments in an experiment (i1, — W) is usually hypothesized to be 0, this is usually reduced to

(M, M) (.17)
s

]
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Again, the basic idea is simple. The researcher assesses whether the sample statistic
outcome (M, — M,) is close to or far from the corresponding hypothesized population
parameter (usually 0) by setting up a ¢ ratio. The ¢ ratio is the difference M, — M, in
terms of number of standard errors. (Note again the parallel to the evaluation of the
location of a single score using a z value, z = (X — M)/s. When we look at a z score for
a single X value, we want to know how far X is from M in number of standard devia-
tions; when we set up a ¢ ratio, we want to know how far M, — M, is from p, — i, in
number of standard errors.) A large-difference M, — M, (and a correspondingly large
tratio) is interpreted as evidence that the results of the study are inconsistent with the
null hypothesis. As in the preceding section, the critical value for # is obtained from a
table of the appropriate ¢ distribution. For the independent samples ¢ test, the applica-
ble df=n, + n,— 2, where n, and #, are the numbers of participants in Groups 1 and
2, respectively. -

The £ ratio for testing a hypothesis about a Pearson correlation between two variables
is yet another variation on the general form of the ¢ ratio shown in Equation 2.14:

p= P (3.18)
SE, )
(Nofe: p, . is the unknown population correlation, which we try to estimate by looking at
the value of 7 in our sample. The test formula in Equation 3.18 works only for Pyyp =0, mot
for other hypothesized values of the population correlation. More information about
hypothesis tests for correlations appears in Chapters 8 and 9.)
The £ test for assessing whether the (raw score) regression slope in an equation of the
form ¥’ = b, -+ b X differs from 0 also has the same basic form:

b —b
PG (3.19)
SE,

where b is the sample estimate of the regression slope, S, is the standard error of the
slope estimate, and b, is the corresponding hypothesized population slope, which is
usually hypothesized to be 0.

3.12.3 ¢ What Does it Mean to Say “p < .05"?

At this point, let’s return to the fundamental question, What does it mean to say “p <
.05"% An obtained p value represents a {theoretical) risk of Type I error; researchers want
this risk of error to be low, and usually that means they want p to be less than .05. A very
brief answer to the question, What does it mean to say “p < .05”? is as follows: 4 p value
is a theotetical estimate of the probability (or visk) of committing a Type 1 error. A Type I
error occurs when the null hypothesis, H, is true and the researcher decides to reject I,
However, researchers need to be aware that the “exact” p values that are given on computer
printouts may seriously underestimate the true risk of Type I error when the assumptions
for NHST are not met and the rules for carrying out statistical significance tests are not
followed.
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Notes

1. Although the use of NHST involves setting up a decision where researchers tend to look for
“disconfirmatory” evidence, NHST should not be confused with. the kind of falsification that Karl
Popper advocated as a preferred scientific method. In many applications of NHST, the prediction
made by the researcher’s theory corresponds to H, rather than to H,. Therefore, a decision to reject
H, s often interpreted as support for a theory (rather than falsification of the researcher’s theory).
The logic involved in NIIST is problematic even when it is well understood, and it is often misun-
derstood. See Kline (2004) for further discussion of the logical problems involved in NHST.

2. There is a difference between the conclusion “Do not reject H,” and the statement “Accept
H,” The latter statement (“Accept H,”) is generally considered an inappropriate interpretation;
that is, it is too strong a conclusion. Most textbooks explicitly say that researchers should not
report their conclusions as “Accept H,”

3. Beginning in Chapter 5, the null hypothesis generally corresponds to a statement that scores
on a predictor and outcome variable are not related. For example, in experiments, H; generally
corresponds to a hypothesis that the mean outcome scores are the same across groups that receive
different treatments or, in other words, the hypothesis that the manipulated treatment variable has
no effect on outcomes. In nonexperimental studies, H, generally corresponds to the null hypothesis
that scores on an outcome variable Y cannot be predicted from scores on an independent variable
X.In most experiments, researchers hope to obtain evidence that a treatment does have an effect
on outcomes, and in most nonexperimental research, researchers hope to obtain evidence that
they can predict scores on outcome variables. Thus, in later applications of NIIST, researchers
usually hope to reject H, {because H, corresponds te “no treatment effect” or “no relationship
between scores on the predictor and outcome variables”).

4. This value was obtained by linear interpolation. The tabled values of z and their
corresponding tail areas were as follows:

Value of z  Value of p, Tail Area to the Right of z

1.64 045
1.65 055

The desired exact tail area of .05 is halfway between the two table entries for the tail area; that
is, .05 is (045 + ,055)/2. We can therefore find the corresponding exact value of z by finding the
midpoint between the two values of z that appear in the table. By linear interpolation, a z score of
(164 + 1.65)/2 = 1.645 corresponds to a tail area of .05.

5. Tt is not correct to interpret 1 — p as “the probability of replicating a significant outcome in

 future stadies” because the probability of obtaining statistically significant outcomes (statistical
_power) in future stadies depends on other factors such as N (sample size). Killeen {2005) sug-
gested that (1 — p) might be related to the probability of future replication, and for a time, the
editorial board of the journal Psychological Science called for the inclusion of p, ., that is, a calcu-
Jated probability of replication of results. Subsequent critiques such as Maraun and Gabriel (2010)
have questioned Killeen's reasoning; the use of Killeen's p,,, is not recommended.
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Statistical Significance Testing

. What research decision influences the magnitude of risk of a Type I error?

. What factors influence the magnitude of risk of a Type II error?
. How are the risk of a Type II error and the statistical power related?

. Other factors being equal, which type of significance test requires a value of ¢ that

is larger (in absolute value) to reject H)—a directional or a nondirectional test?

. In'your own words, what does it mean to say “p < .05”?
. Describe at least two potential problems with NHST

. ‘What is a null hypothesis? An alternative hypothesis?

. What is an alpha level? What determines the value of o?
. What is an “exact” p value?

10.

What is the difference between a directional and a nondirectional significance
test?

Why do reported or “nominal” p values often seriously underestimate the true

risk of a Type I error?

What is statistical power? What information is needed to decide what sample size
is required to obtain some desired level of power (such as 80%)?

What recommendations did the APA Task Force (Wilkinson & Task Force on
Statistical Inference, 1999} make about reporting statistical results? Are signifi-
cance tests alone sufficient?

What conclusions can be drawn from a study with a null resuli?

What conclusions can be drawn from a study with a “statistically significant”
result?

Briefly discuss: What information do you look at to evaluate whether an effect
obtained in an experiment is large enough to have “practical” or “clinical”
significance?

When a researcher reports a p value, “p” stands for “probability” or risk.
a. What probability does this p refer to?

b. Do we typically want p to be large or small?

c. What is the conventional standard for an “acceptably small” p value?

Suppose a researcher writes in a journal article that “the obtained p was p=.032;
thus, there is only a 3.2% chance that the null hypothesis is correct” Is this a cor-
rect or incorrect statement?
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19.

20.

A p value can be interpreted as a (conditional) risk that a decision to reject I, is
a Type I error, but the p values reported in research papers are valid indications
of the true risk of Type I error only if the data meet the assumptions for the test
and the researcher has followed the rules that govern the use of significance tests.
Identify one of the most common researcher behaviors that make the actual risk
of Type I error much higher than the “nominal” risk of Type I error that is set by
choosing an alpha level.

Use Table 3.3: Suppose you are planning to do a study where you will use a
one-sample £ test, On the basis of past research, you think that the effect size you
are trying to detect may be approximately equal to Cohen’s 4 = .30. You plan to
use ¢, = .05, nondirectional (two-tailed). (a) If you want to have power of .80,
what minimum N do you need in the sample? (b) If you can afford to have only
N =20 participants in the sample, approximately what is the expected level of
statistical power?



