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N Chapter 6, we introduced the basic logic of hypothesis testing. We

used as examples studies in which the sample was a single individual.

As we noted, however, in actual practice, psychology research usually

involves samples of many individuals. In this chapter, we build on what

you have learned so far and consider hypothesis testing with a sample
of more than one individual. Mainly this requires examining in some detail
what we call a distribution of means.

THE DISTRIBUTION OF MEANS

Hypothesis testing in the usual research sitwation, where we are studying a
sample of many individuals, is exactly the same as you learned in Chapter
6—with an important exception. When you have more than one person in
your sample, there is a special problem with Step 2, determining the charac-
teristics of the comparison distribution. The problem is that the score you
care about in your sample is the mean of the group of scores. The comparison
distributions we have been considering so far have been distributions of pop-
ulations of individual scores (for example, the ages when individual babies
start walking or the population of individual scores on a happiness Guestion-
naire). Comparing the mean of a sample of, say, 50 individuals to a distribu-
tion of individual scores js a mismatch—like comparing apples and oranges.
Instead, when you are interested in the mean of a sample of 50, you need a
compatison distribution that is a distribution of means of samples of 50
§cores. Such a comparison distribution we will call a distribution of means.

Put more formally, a distribution of means is a distribution of the means
of each of a very large number of samples of the same size, with each sample
randomly drawn from the same population of individuals, (Statisticians also
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call this distribution of means a “sampling distributionfof the mean.” In this
book, however, we use the term distribution of means tmake it ¢lear that we
are discussing populations, nol samples or distributionspf samples.)

The distribution of means is the proper comparispn distribution when -
there i$ more than one person in a sample. Thus, in moft research situations, -

determining its characteristics is necessary for Step P of the hypothesis-
testing procedure.

CONSTRUCTING A DISTRIBUTION OF MEANS

The idea of a distribution of means can be understood by considering how
one could build up such a distribution from an ordinarf distribution of indi-
viduals. Suppose our population was of the grade levdls of the 90,000 ele-
mentary and junior high school children in a particplar region. Suppose
further (to keep the example siraple) that there are exadfly 10,000 children at
each grade Jevel, from first through ninth grade. This pppulation distribution
would be rectangular, with a mean of 5, a variance off6.67, and a standard
deviation of 2.58 (see Fighre 7-1).

Next, suppose that you wrote each child’s grade lgvel on a table tennis
ball and put all 90,000 plastic balls into a giant tub. The tub would contain
10,000 balls with a 1 on them, 10,000 with a 2 on therr§ and so forth. 5tirup
the balls in the tub, and then take two of them out. Yoighave taken a random
sample of two balls. Suppose one ball has a 2 on it and fhe other hasa @ on it.
In that case, the mean grade level of your sample of twd children’s grade lev-
els is 5.5, the average of 2 and 9. Now you put the ballg back, mix up ali the
balls, and select two balls again. Maybe this time you get two 4s, making the
mean of your second sample 4. Then you try again; thisfime you geta 2 and a
7, making your mean 4.5, So far you have three means:p.5, 4, and 4.5.

These three numbers (cach a mean of a sample of grade levels of two
school children) can be thought of as a small distributiog in its own right. The
mean of this little distribution of three numbers is 4.67 ghe sum of 5.5, 4, and
4.5, divided by 3), The variance of this distribution is .3 (the variance of 5.5,
4, and 4.5). The standard deviation is .62 (the square rogt of .39). A histogram
of this distribution of three means is shown in Figure 7.

If you continued the process, the histogram of megns would continue to
grow. An example after 10 random samples of two ballgeach is shown in Fig-
ure 7-3a. Figure 7-3b shows the histogram of the distrjpution of means after

FI1GURE 7-2
FIGURE 7-1 Distribution of the means of tree randdmty drawn samples of
Distribution of grade levels among 90,000 school children the grade levels of two school childrenfpach from a population
(fictional data). of the grade levels of 90,000 school chifdren (fictional data}.
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N 20 random samples of two each. After 100 random samples, the histogram of ;
% the distribution of the means might look like Figure 7-3¢; after 1,000, like !
Figure:7-3d. (We actually made the histograms in Figure 7-3 using a com-
puter to make the random selections, instead of using 90,000 table tennis |
balls and a giant tub.)
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i FIGURE 7-3 i
Distributions of the means of randomly selected samples of two balls each from a population of 90,§00 balls, consist- 1!; ‘
ing of 10,000 bearing each of the numbers from 1 through 5. Numbers of sample means in each distfibution shown are ;f,‘
(a) 10 sample means, {b) 20 sample means, (c) 100 sample means, and (d) 1,000 sample means. (Adual sampling sim-

ulalzd by computer.) I 1 :
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In practice, researchers almost never have the of

different samples from a population. It takes a lot of

single sample and study the people in that sample. F
can determine the characteristics of a distribution ¢

some simple rules, without taking a single sample.
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need is (a) the characteristics of the population distritution of individuals and

(b) the number of scores in each sample. (Don’t wo,

for now about how you

could know the characteristics of the population of indgviduals.) The laborious

method of building up a distribution of means in the

ered and the concise method you will learn shortly 4
have had you think of the process in terms of the p
because it helps you understand the idea of a distribut

ay we have just consid-
ve the same result. We
iinstaking method only
pn of means.

CHARACTERISTICS OF A DISTRIBUTIOQN OF MEANS

Notice three things about the distribution of means
(as shown in Fipure 7-3):

1. The mean of the distribution of means comes
as the mean of the original population of individual
the samples were taken (5 in both cases).

2. The spread of the distribution of means com
spread of the distribution of the population of nd
samples were taken,

3. The shape of the distribution of means came
normal (or at least unimodal and symmetrical).

It turns out that the first two of these three are
means and the third is true for most distributions of

These three links of the distribution of means 1
viduals are the foundation for a sct of simple rules
mine the mean, variance, and shape of a distribution
to write on plastic balls and tuke endless samples. T
we will turn shortly, are based on the central limit
principle in mathematical statistics that we mention

Now, lat's examine the three rules.

Rule 1: Determining the Mean of a Distribution

The first rule is that the mean of a distribution of
mean of the population of individuals from whic
Each sample is based on randomly selected scores
individuals. Thus, sometimes the mean of a sampl
mean of the whole population of individuals and s
sample will be lower than the mean of the whole p
However, there is no reason for the means of these s
be consistently higher or lower than the mean of th
als. If enough samples are taken, the high means an
each other out.

You can see in Figure 7-3 that with a large numb
the distribution of means becomes very similar to th
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of individuals, which in this case was 5. If we had shown an example with
10,000 means of samples, it would be even closer to 5. It can be proven math-
ematically that if you took an infinite number of samples, the mean of the dis-
tribution of means of these samples would come out 1o be exactly the same as
the mean of the distribution of individuals.

Rule 2: Determining the Variance of a Distribution of Means

Figure 7-3 also shows that a distribution of means will be less spread out than
the population of individuals from which the samples are taken. The reason
for this is as follows: Any one score, even an extreme score, has some chance
of being selected in a random sample. The chance is less of two extreme
scores being selected in the same random sample. Further, to create an
extreme sample mean, (wo extreme scores would have 10 be extreme in the
same direction. So increasing numbers has & moderating effect. In any one
sample, the deviants tend to be balanced out by middle scores or by extremes
in the opposite direction. This makes each sample mean tend toward the mid-
dle and away from extreme values. With fewer extreme means, the variance
of the means is less,

Consider our example. There were plenty of 1s and 9s in the population,
making a fair amount of spread. That is, about a ninth of the time, if you were
taking samples of single scores, you would get a 1, and about a ninth of the
time you would get a9, If you are taking samples of two at a time, you would
get a sample with a mean of 1 (that is, in which both balls were 15) or a mean
of O (both balls being 9s) much less often. The chances of getting two balls
that average out to a middle value such as 5 is much more likely. (This is
because several combinations could give this result—a l and 2 9, a2 and an
8,a3anda7,a4and a6, and two 3s).

The more scores in each sample, the less spread out the distribution of
means of those samples. This is because with several scores in each sample, it
is even rarer for extreme scores in any particular sample not to be balanced
out by middle scores or exiremes in the other direction. In terms of the plastic
balls in our example, we saw that it was fairly unlikely to get a mean of 1
when taking samples of two balls at a time. If we were taking three balls at a
time, getting a sample with a mean of 1 (all three balls would have to be 1s) is
even less likely. Getling middle values for the means becomes even more
likely,

Using samples of two balls at a time in our example, the variance of the
distribution of means will come out to about 3.33. This is half of the variance
of our populatien of individual balls, which was 6.67. Tf we had built up a dis-
tribution of means using samples of three balls each, the variance of the dis-
tribution of means would have been 2.22, which is one third of the variance of
our population of individuals, Had we randomly selected five balls for each
sarnple, the variance of the disiribution of means would have been one fifth of
the variance of the population of individuals.

These examples follow a general rule—our second rule regarding the dis-
tribution of means: The variance of a distribution of means is the variance
of the distribution of the population of individuals divided by the number of
scares in each of the samples being selected. This rule holds in all situations
and can be proven mathematically. :

E17 373 5121 P.84-12
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|
‘ Here is the rule for figuring the variance of the plistribution of means
! stated as a formula:
) :
2 0 (7-1)
o I
M N |
| In this formula, o2 is the variance of the distribution of means, a? is the vari-
: ance of the population of individuals, and N is the nufnber of scores in each
sample. .
Tn our example, the variance of the population of jdividual grade levels
was 6.67, and there were two school children in each shmple. The variance of
' the distribution of means is figured as follows:

To use a different example, suppose a populati:t of individuals had a
variance of 400 and you wanted to know the variange of a distribution of
means of 25 scores each; '

2
2 o° 400
gy =——=—=—=16
M="N " 25
standard deviation of a The standard deviation of a distribution of meTs is the square root of
distribution of means the variance of the distribution of means. Stated as a f§rmula,

2
o =0 = \/% (7-2)

In this formula, g, is the standard deviation of the di ;fibutkm of means.

Sometimes this formula is algebraically manipufated to emphasize the
relation between the standard deviation of the populgion of individuals and
the standard deviation of the distribution of means:

iy

Oy = — | 7-3)
M= (
Because of its importance in hypothesis testing, tife standard deviation of
the distribution of means is sometimes called by a spa@al name of its own, the
standard error of the mean standard error of the mean, or the standard error, fofgehort. ‘This name repre-
sents the degree to which particular means of samples ale typically “in error” as
estimates of the mean of the population of individuak. That is, the standard
error of the mean tells you how much the particular medns in the distribution of
means deviate from the mean of the population, We wilj have more to say about
this in our discussion of confidence intervals at the endjpf the chapter.

Rule 3: The Shape of a Distribution of Means

Regardless of the shape of the original distribution of individuals, the distri-
bution of means will tend to be unimodal and symmeffical. In the grade-level
example, the population distribution of students at Individual grade levels
- was rectangular. (It had an equal number of scores ajeach value.) However,

190 Hypothesis Tests With Means of Samples
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the shape of the distribution of means was ronghly that of a bell—unimodal
and symmetrical. Had we taken many more than 1,000 samples in our exam-
ples-in Figure 7-3, the shape would have come out even more clearly uni-
modal and symmetrical.

A distribution of means tends to be unimodal due to the same basic
process of extremes balancing each other out that we noted in the discussion

of the variance: Middle scores for means are more likely, and extreme means

are less likely. The distribution tends to be symmetrical because lack of sym-
metry (skew) is caused mainly by extremes. With fewer extremes, there is
less asymmetry. I our grade-level example, the distribution of means we cre-
ated came out so clearly symmetrical because the population distribution of
individual grade levels was symmetrical. Had the population distribution of
individuals been skewed to one side, the distribution of means would still
have been skewed, but not as much. .

The more scores in each sample, the closer the distnibution of means will
be to a normal curve. Thus, our third rule is that with samples of 30 or more
scores, even with a nonnormal population of individuals, the approximation
of the distribution of means to a normal curve is very close and the percent-
ages in the normal curve table will be extremely accurate.!? Also, whenever
the population distribution of individuals is normal, a distribution of means
will be normal, regardless of the number of scores in each sample.

Summary of the Rules for Determining
the Characteristics of a Distribution of Means

Here are the three rules:

1. The mean of a distribution of means is the same as the mean of the

distribution of the population of individnals.

2. The variance of a distibution of means is the variance of the distribu-
tion of the population of individuals divided by the number of scores in
each sample (o = ¢¥/N). Its standard deviation is the square root of its variance
(G—M = \j&%) .

3. The shape of a distribution of means is at least approximately normal
if either (a) each sample is of 30 or more scores, or (b) the distribution of the
population of individuals is normal. Otherwise, it will still tend to be uni-
modal and roughly symmetrical.

These principles are shown graphically in Figure 7-4.

"W have ignored the fact that 4 normal curve is a smooth theoretical distribution. In most real-
life cxamples, scorey are ut specific intervals. 5o one difference between a normal corve and
our cxample's distribution of table ténnis balls” means is that o normal curve is smooth. How-
cver, in psychology research, we usually assume that even though our measurcments arc at
specific intervals, the underlying thing being measured is continuous.

"We have already considered this principle of a distribution of means (ending toward 4 normal
curve in Chapter 5. Though we had not yet discussed the distribution of means, we still uzed
this principle to cxplain why the disttibution of so many things in nature follows a normal
curve. in that chapter, we explained it as the various influences balancing each other out, to
make an gveraged influence come out with most of the scores near the center and a few at each
extreme. Now we have made the same point using the terminology of g distribution of means.
Think of any distribution of individual scores in nature as representing a situaton in which
cach score is actually an average of 2 random set of influences on that individual score. Con-
sider the distribution of weights of pebbles, Each pebble’s weight represents a kind of average
of ull the different forces that went into making the pehble have a particnlar weight.

Characteris
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FIGURE 7-4
Ilustration of the principles of the relation of the distribition of mefins (lower curves) Lo the distris
bution of the population of individuals (upper curves). -

Example of Determining the Characteristics
of a Distribution of Means

Consider the distribution of scores of the populdion of students who have
) taken the Graduate Record Examinations (GRE): Puppose the distribution is
approximately normal with a mean of 500 and a ptandard deviation of 100.
What will be the characteristics of a distribution §f means for samples of 50
students each taken from this population?

’ 1. Because the mean of the population is 50, the mean of the distribu-
tion of means will also be 500.
3. The variance of the distribution of means i
tion of individuals divided by the number of i ‘
Because the standard deviation of the population offindividuals is 100, the vari-
ance of the population of individuals is 10,000. Thefvariance of the distribution ‘
of means is 10,000 divided by 50, which is 200. In ferms of the formula,

-
—t

sz _ 10,000 _

N 50

The standard deviation of the distribution of fneans is the square root of
‘ - the variance of the distribution of means: V200 = [4.14.
| 3, The shape of the distribution of means vWiill be normal. Both of our
requitements are met: The population distributiop of individuals 48 normal,

=
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and the number of individuals in each sample is 30 or more. (It would havl
. been enough even if only one of these requitements had been met.)

Anather Example of Determining
the Characteristics of a Distribution of Means

The Adjective Check List (Gough & Heilbrun, 1983) is a widely used personal
ity test. The test consists of a list of adjectives—able, active, athleric. and sd
forth—each of which is checked off by test takers if it applies to them. One o
the subtests of the Adjective Check List focuses on aggression (adjectives suc
as aggressive, argumentative, and assertive). The test has been given to larg
numbers of people in the past, and it is known that scores on the Aggressio
scale have a skewed distribution with a mean of 51 and a variance of 9
(rounded off). What will be the characteristics of a distribution of sample mean:
from this population of individuals if the samples each contain 10 individnals

1. The mean of the distribution of means will be 51, the same as th
mean of the population of individuals.

2. The variance of the distribution of means will be 93, the populatio
variance, divided by 10, the number of scores in each sample. The result i
0.3, Using the formula,

The standard deviation of the distribution of means is the square root of
9.3, or 3.05,

3. The distribution of means will not be normal because the population
distribution of individuals is not normal and the number in each sample is
only 10. However, like any distribution of means, it will tend to be ynimodal
and closer to symmetrical than the population distribution of individuals,

Review of Three Kinds of Distributions

We have considered three different kinds of distributions: (2) the distribution
of a population of individuals, (b) the distribution of a particular sample taken
from that population, and (c) the distribution of means. Figure 7-5 illustrates
these three distributions and Table 7-1 compares them.

FI(,
Thr

dist
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1 TABLE 7-1
Comparison of Three Types of Distributions
5 - Particular
Population’s Sample’s Distribution
Distribution Distribution ~ Jof Means
Content Scores of all Scores of the Means of samples
individuals in individuals ina randornly taken
the population single sample from the population
Shape Could be any Could be any Normal if populadon is
shape, often shape normal, approximately
normal pormal iF samples
contain 30 scores each
Mean m M=3XIN, By = I
calculated [tom
scores of those
in the sample
Variance ot SDP = Z(X - M)N, cr_,ff = g¥N

caleulated rom
scores of those

in the sample
Standard @ '$D =351 a,=Voi=aNN

deviation

HYPOTHESIS TESTING INVOLVING
A DISTRIBUTION OF MEANS

Now we are ready to turn to hypothesis testing whenfthere is more than one
individual in the study's sample.

The Distribution of Means as the
Comparison Distribution in Hypothesis Testing

es the crucial connec-
ose we are studying a
tesearch). In this situ-
ribution—the distribu-
the hypothesis-testing

to which the sample

a sample mean could

In this new situation, the distribution of means prov
tion between the sample and the null hypothesis, Su
sample of more than one person (the usual situation i
ation, the distribution of means is the comparison di:
tion whose characteristics are determined in Step 2
process. The distribution of means is the distributigy
mean can be compared to see how likely it is that su
have been selected if the muil hypothesis were true.

Finding the Z Score of a Sample Mean on a Distr

There can be some confusion in determining the loc
the comparison distribution in hypothesis testing wi
one. In this situation, you are finding a Z score of y
distribution of means. (Before, you were finding the
vidual on a distribution of a population of single indi
changing the sample’s mean to a Z score is no differe
changing a raw score 10 a Z score. However, you hav

a sample of more than
ur sample’s mean op @
gcore of a single indi-
iduals.) The method of
t from the usual way of
1o be careful not to gét
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Box 7-1

More About Polls: Sampling Errors
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and Errors in Thinking About Sample;

O
If you think back to Box 5-3 on sqr,\"réys and the
~ Gallup poll, you will recall that we left an impor- i
tant guestion unanswered about the sort of fine
' print you find near the results of a poll, saying ./
something like “From‘a telephone survey of = th
1,000 American adults taken on June 4-5. Sam-
pling error +3%." We said that you might wonder
how such small numbers, like 1,000 (but rarely .5
much less), can be used to predict the opinion of 1t
the entire U.5. public. S
Let's begin with the question of sample size.:
You know from this chapter that when sample
sizes are large, like 1,000, the standard deviation *
of the distribution of means is greatly reduced,, ' i
That is, the distribution of sample means
becomes very high and narrow, gatheréd, al
around the populatiori mean. Thus, the mean of .
any sample of that size is very close 1o being the
population mean. To put it another way, the vari-
ance of the distribution of means—which reflects
how much any sample’s mean tends to differ -
from the population’s mean—is the variance of <
the population divided by the sample size. The

ienportdnt is

mixed up because more than one mean is involved. It is important to remem-
ber that you are treating the sample mean like a single score, In other words,
the ordinary formula (from Chapter 2) for converting a raw score 10 & Z score
is Z = (X — M)/SD. In the present situation, you are actually using the follow-
ing formula:

P (M—ppy) (7-4)
T

For example, suppose your sample mean jis 18 and the distribution of
means has a mean of 10 and a standard deviation of 4. The Z score of this
sample mean is +2, Using the formula,

S (M-py) _18-10 _38

| L e
T pf 4 4

This is illustrated in Figure 7-6.

which can be dorie on

ids . or ‘systé:fm‘a:‘tm :
y by cateful planning
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Example of Hypothesis Testing
With a Sample of More Than One Individual

Recall from Chapters | and 2 the fictional experimdt involving the reading
of ambiguous sentences. In that chapter, we simply fpoked at the distribution
of reading times when the sentences were presenteg without a context. Now
we will suppose that the researchers want to test a gheory about the impor-
tance of context. Thus, they conduct a study examiging reading times when
there is some context for the ambiguous sentencey, making the meanings
clearer, The goal is to see if reading time will be fasts undet these conditions.
Of course, it is also possible that providing a contexg slows down reading by
making the situation more complicated. ‘

We will also assume that the rescarchers have gonducted many previous
studies with these ambiguous sentences presented wighout a context. From this
research, we will presume that the researchers are coffident that in the general
population reading times for ambiguous sentences ithout any context aré
roughly normally distributed with a mean of 2.75 sechnds and a variance of .02
seconds (o = .14 seconds). This population distributicl is shown in Figure 7-7a.

In this study, 40 individuals are tested using ampiguous seniences with a
context, Their mean reading time is 2.71 seconds. ( this example, we knoW
the popiilation variance before doing the study. In fhis kind of simation, the
variance of the sample is not used in any way the hypothesis-testing
process.) The sample’s distribution is shown in Figijpe 7-7¢.?

3 Actually, this study would he much better if the researchers als§ hiad another group of research
participanits who were randomly assigned to be tested for rediling spesd of ambiguous sens

{ences without a context. Relying on the information from preyous studics 1s bit hazardous:

because the testing circumstances from one study to another may not be identical. However, W8
have taken liberties with this example to help us introduce fhe hypothesis-testing proces®
one step at # time. In this example and the athers in this chaptfrn, we use simmations 1o which &

Menns of Samples
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FIGURE 7-7 ‘ £
Fuor the fictional experiment from Chapter 1 involving reading ambiguous sentences, (a) the distibu-
ticn of the population of individuals, (b) the distribution of ineans, and (c) the sample’s distributibn,

g What should the researchers conclude? Let’s follow the steps of hypothe-
on sis testing.
?,\i 1. Restate the question as a research hypothesis and a null hypothe-
en sis about populations. The two populations are:
128 Population 1: Research participants who read ambiguous sentences
ms. with a context
by Population 2: Research participants who read ambiguous sentences
without a context '
ﬂﬂ: E The research hypothesis is that there is a differencg in reading time between
erad N the two populations, that reading time with a context will be different than
ate ’} ‘ reading time without a context; L, # . The null hypothesis is that there is no
o e difference in reading time between the two populations; p, = i, Note that
I T these hypotheses are nondirectional. The researchers expect reading time to
tha be faster with a context. However, they cannot rule out the possibility that the
ow context will slow reading time, and such a result would be quite interesting.
the 2, Determine the characteristics of the comparison distribution. If the
fing T nul] hypothesis is true, the population of individuals our sample comes from is

no different than Population 2, for which we know the mean and variance.
What we need to figure out now is the characteristics of a distribution of
means of samples of 40 scores each, taken from this population of individuals.

zarch

|osen-

- dous, . , . " . o
ir we ‘ sihgle sample is contrasted with 2 “known™ population. Starting in Chapter 9, we extend the
poess i . hypothesis-testing procedure to more realistic rescarch situations, these involving mere than
jich i une group of participants and those involving populations whose characteristics are not known.
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Thus, you follow the rules for determining the chiracteristics of a distri-
bution of means: (2) Its mean is the same as the populgion mean, in this case,
9 45 seconds: and (b) its variance is the population yhriance divided by the
number of scores in each sample. Using the formula, :

2

2 ot 02
=T 2L 000s
TM=N T a0

The standard deviation is the square root of this, 022, Finally, (c) the shape of

the distribution will be close to a nurmal curve becansdlthe samples have more
than 30 scores each. This distribution of means is illus§ated in Figure 7-7b.

3. Determine the cutoff sample score on the cofnparison distribution
at which the null hypothesis should be rejecfed. Assume that the
researchers decided on the 5% significance level. As fe noted in Step 1, they
have made a nonditectional hypothesis. Thus, a twejtajled test is required.
We just determined that our comparison distributio is mormal, 50 we can
now consult the normal curve table to find the Z scord nceded for the top and
bottomn 2 1/2%. The table shows that to reject the mfll hypothesis at the 5%
level, we need a Z scorereither at or above +1 96 or af or below —1.96. These
two 2 1/2% regions in which the null hypothesis woulll be rejected are shown
as small shaded areas (they are very hard to see) in the two tails of the distri-
bution of means {llustrated in Figure 7-7b.

4, Determine your sample’s score on the corpparison distribution,
The mean of the sample is 2.71 (see Figure 7-7c). Frgm Step 2 we know that
the comparison distribution (our distribution of megs) has a mean of 2,75
and a standard deviation of .022. Using the formula,

7o (M=py) _271-275_ 04, o

Oy 022 022

5. Compare the scores from Steps 3 and 4 to dfcide whether to reject
the null hypothesis, The Z score needed to rejecq the nuil hypothesis is
+1.96. Our obtained Z score is only —1.82. Therefofe, we cannot reject the
null hypothesis. The experiment is inconelusive. Thigean be seen graphically
in Figure 7-7b, which shows that the location of our ample mean on the dis-
tribution of means is not s0 extrems as to be clearly uhiikely to be taken from
this distribution.

This result, however, is nearly extreme enough tireject the null hypothe-
sis. Thus, the researchers might note that the result Was “near significant” or
“approached significance,” perhaps adding “p < .10.§(The cutoff for gignifi-
cance at the .10 level, two-tailed, is £1.64.) But witlfa borderline result like
this, the best advice is to repeat the experiment, peghaps with more partici-
pants, (Chapter 8 includes a discussion of the effectd of increasing the num-
ber of participants on the probability that your exgeriment will produce 2
significant result.)

Another Example of Hypothesis Testing
With a Sample of More Than One Individual

Here is another fictional example. Two educational §sychologists are study-
ing the effects of instructions on timed scholastic l:hieveme.nt tests, They
have a theory which predicis that when test takers pre told to answer each
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question with the first response they think of, they will do better. To examine
this theory, the researchers arrange to have 64 randomlv selected fifth-grade
schoolchildren take a standard school achievement te: . The test 13 given in
the usual way, with one exception. In their study, the test instructions 1nc1ufie |
an additional scntence advising the test takers to answer each question with !
{he first Tesponse that comes to mind. When given in the usual way (that is,
without the extra sentence in the instructions), the test is known (o halve a
mean of 200, a standard deviation of 48, and an approximately normal distri-
bution, which is shown in Figure 7-8a.

B
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FIGURE 7-8 i
Far the tictions] study of performance on a standard school achi - - ment test, () the distibution
of the population of individuals, (b) the distribution of means (tl.- ormparison distribution), and :
(¢) the zample's distrbulion |
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‘ What kind of result should lead the cducatiofal psychologists to con-
o clude that the procedure makes a difference?
]

1. Restate the question as a research hypotQesis and a null hypothe-
sis about the populations. The two populations

. Population 1: Fifth graders who get the specigl instructions
| | Population 2: Fifth graders who do not gett special instructions

" The rescarch hypothesis is that the population of fifth sraders who take the
1 test with the special instructions will have higher gcores than the population
of children who take the test in the normal way; . §> w.,. The null hypothesis
' is that Population 1's scores will not be higher the Population 2's; p,  py-
(Note that these are directional hypotheses.)
2. Determine the characteristics of the comparison distribution. Our
study gives us a mean of a sample of 64 scores (0 fifth graders in this case).
| The coriparison distribution has to be the distributfon of means of samples of
f €4 scores each. This distribution will have a medh of 200 (the same as the
’ population mean). Tts variance will be the popultion variance divided by
b the number of individuals in the sample. The population variance is 2,304
(the population standard deviation of 48 squared)fand the sample size is 64.
“Thus, the variance of the distribution of means wjjll be 2,304/64, or 36. The
standard deviation of the distribution of means is fhe square oot of 36, or 6.
Finally, since there are more than 30 individuals i the sample, the shape of
the distribution of means will be approximately formal. Figure 7-8b shows
this distribution of means. '
3. Determine the cutoff sample score on thq comparison distribution
at which the null hypethesis should be rejgcted. Again, assume the .
researchers decide on the usual 5% significance lgpel. The researchers in this
study have a clear directional prediction and are got really interested in any
effect in the opposite direction, (If the special instrhctions do not improve test
scores, they would not be used in the future. Anyfpossible results showing 2
negative effect are irrelevant.) Hence, the reses chers will reject the null
o hypothesis if the result is in the top 5% of the cqmparison distribution. The
comparison distribution (our distribution of mearg) is a normal curve. Thus,
the top 5% can be found from the normal curve tafle. It starts at a Z of +1.64.
This top 5% is shown as the shaded area in Figuref7-8b.
4. Determine your sample’s score on the pomparison distribution.
The 64 fifth graders tested using the special instrgetions had a mean score of
220. (This sample’s distribution is shown in Figige 7-8c.) A mean of 220 is
3.33 standard deviations above the mean of the diftribution of means:

o (M—bay) 220-200 20, .
T 6 6

5. Compare the scores from Steps 3 and 4 b decide whether to reject
the nuil hypothesis. We set the minimum Z scofe needed to reject the null
hypothesis to +1.64. The Z score of the sample’} mean is +3.33. Thus, the
educational psychologists can reject the null hypoghesis and conclude that the
research hypothesis is supported. To put this anotifer way, the result is statisti-
cally significant at the p < .05 lavel. This can be sgen in Figure 7-8b by noting
how extreme the sample mean is on the distributich of means (the distribution

200 Hypothesis Tests With Means of Samples
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that would apply if the null hypothesis were true). The final conclusion is that
among fifth graders like those studied, the special instructions do improve
tesl RCOTes.

ESTIMATION AND CONFIDENCE INTERVALS

Hypothesis testing is our main focus in this book. However, there is another
kind of statistical question related to the distribution of means that 1s some-
times important in psychology. This other kind of question is estimating an
unknown population mean based on the scores in a sample. This is impaortant,
for example, in survey research. As we will see, it ¢can also be important as an
alternative approach 1o hypothesis testing.

Point Estimates and Interval Estimates

The best estimate of the population mean is the sample mean. In the study of
fifth graders who got the special instructions, the mean score for the sample
of 64 individuals tested was 220, Thus, 220 is the best estimate of the mean
for the unknown population of fifth graders who might ever receive the spe-
cial instructions. In this case, we are estimating the specific value of the pop-
nlation mmean. Whenever we estimate a specific value of a population
parameter, this is called a point estimate.

You can also estimate a range of possible means that are likely to include
the population mean. For example, you might estimate that a range of 200 to
240 includes the true population mean for fifth graders who get the special
instructions.® This is called an interval estimate.

General Principle and Terminology of Confidence Intervals

The wider the interval estimate, the more confident you can be that it will
include the true population mean. In our fifth-grader example, you might be
quite sure that the range of 100 1o 340 includes the true population mean. But
you would be sticking your neck out if you estimated that the range of 219 1o
221 includes the true population mean.

In general, you want an interval that is wide enough to ensure that jt
includes the population mean. This is called a confidence interval (some-
times abbreviated CI). If you want to be 95% sure, you want a 95% confi-
tlence interval. The 95% confidence interval in the fifth-grader example is
from 208.24 to 231.76. That is. based on the sample studied, you can be 95%
sure that an interval from 208.24 to 231.76 includes the true population
mean. {Yon will learn shortly how to figure this oul yourself,) The upper and
lower end of the confidence interval are called confidence limits. In this
cxample, the confidence limits are 208.24 and 231.76. ‘

If you want to be even more sure than 93%, you need a wider interval, In
our example, the 99% confidence interval has confidence limits of 204.58
and 235.42.

“In the mathematical logic of inferential statistics, we have to think of a population mean as
something fixed Confidence intervals can vary, but the population mean 1% fixed, Thus, we can
say that we gre 25% swre that our confidence interval includes the population mean. We should
not say that the population mean has a 95% chance of being in the confidence interval.

E17 373 5121 P.E=-14
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| Finding Confidence Limits

| ' ' Confidence limits are based on the distribution of means. What you want to
1 know is the points at which the middle 93% of geans begin and end on this.
i : distribution. Thus, you need to find the cutoff poifts for the bottom 2.5% and
1 ‘ the top 2.5%. This leaves a total of 95% in the 1 hiddle. (For the 99% confi-
| dence interval, you would need to figure the scofes that go with the top and
‘i hottom 5%, leaving 99% in between.)
‘ . Let's start with the lower limit. As usual, it is asiest to think in terms of £
‘ scores. The Z score for the hottom 2.5% on a rmal curve is —1.96. (You
would find this from the normal curve table.) Thdexample has a mean of 220
and a standard deviation of the distribution of mejns of 6. Thus, on this distri-
bution of means, a Z score of —1.96 1s 208.24.J(That is, we converted the
7 score of —1.96 to the raw score of 208.24 using fhe usnual procedure for con-
verting a Z score t0 A 1aw SCOTE.) .
Figuting the upper limit works the same why. The Z score for the top
P 2 5% is +1.96. This comes out to 231,76 on our distribution of means.

! Steps for ‘Figuring*(:onfidence Intervals

, | Here are three steps for computing confidence i tervals. These steps assume
that the distribution of means is approximately afhormal distribution.

1. Determine the characteristics of the distrution of means, using usual
computation. However, note that we are mie ested in the distribution of
means for the population that represents the samgle we are studying (what we
have called Population 1), not the distribution o means for the population to
which we are comparing it (Population 2), The mean of the distribution of
imeans is thus estimated as the mean of our sampfe. As for the variance, fortu-
nately, we usually assume that the variance of thf two populations will be the
same. Consequenily, we can use the known varfence from the given popula-
tion (Population 2) as the basis for computing t variance of the distribution
of means for the population we are interested in §Population 1). (The variance
of the distribution of means is based only on t variance of the population
and the sample size. Thus, the variance of the gistribution of means will be
the same for both populations.)

3. Use the normal curve table to find the Z feores that go with the upper
and lower percentage you want. For a 95% corfidence interval, this is the Z
score that goes with the top and bottom 2.5%. Fpr a 99% confidence interval,
thiz is the Z score for the top and bottom .5%.

3. Convert these Z scores to raw scores off your distribution of means. -
These are the upper and lower confidence limity

Another Example of Computing the Confiddhce Interval

~ As another example, let’s compute the confiderge interval for the ambiguous -

sentence example for those reading the sentguces with a context. In that =

| example, the 40 individuals tested in this wayjhad a mean reading time of .
, 2.71 seconds, and we knew from past research fhat the population of individ-
' uals reading ambiguous sentences without any fpecial context had a variance
of .02 seconds. With this information we are pfepared 1o compute our confi-

-

dence interval.

1]
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1. Determine the characteristics of the distribution of means, Its mean
will be 2.71 seconds. We assume that the population of individuals tested
reading ambiguous sentences with a context will have the same shape and
variance as the population reading without a context (o2 = .02). Thus, the dis-
tribution of means will be normal and have a variance equal to (2/40, or
.0005. The standard deviation is the square root of this, .022. (Note that this
comes out to be the same standard deviation of the distribution of means we
computed eatlier, when doing hypothesis testing and focusing on the distri-
bution of means for the population who read the sentences without a context.)

2. Use the normal curve table to find the Z scores that go with the upper
and lower percentage you want. Suppose we want the usual 95% confidence
interval, the Z score that goes with the top and bottom 2,5%. As we saw ear-
lier, this comes out to £1.96. .

3, Convert these Z scores to raw scores on your distribution of means.

With a mean of 2.71 and a standard deviation of .022, a Z score of =1.96 is:

equal to a raw score of 2.71 — (022 x 1.96), which comes out to 2.667 Simi-
larly, a Z score of +1.96 is equal to a raw score of 2.71 +(.022 x 1.96), which
comes out to 2,733, Thus, the 95% confidence limits are 2.667 to 2.753. This
means that based on the results of the study, we are 95% confident that the
true mean reading time for ambiguous sentences presented with a context is
between 2.667 and 2.753 seconds.

The Subtle Logic of Confidence Intervals

The logic of confidence intervals is 4 little more subtle than might appear at
first glance. This subtlety has to do with confidence intervals being estimates
hased only on information about a sample. That is, just as with hypothesis
testing, confidence intervals involve statistical inference about a population
based on information from a sample.

To make the fine points of the logic involved clear, it helps to imagine
that we somehow know about the true population’s mean. For example, sup-
pose you somehow know that the population of fifth graders getting special
instructions (Population 1 in the examples above) has a mcan of 210. (Our

focus now is on the population about which we are making estimates baged

on the sample. Don’t confuse this population with Population 2, the one we
kngw about from the beginning in which the fifth graders did not get special
instructions.) For such a population, a 95% confidence interval would be
around its mean of 210. Using our computation procedure, you can compute
the probability is 95% that any sample mean will be between 198.24 and
221.76 {see Figure 7-9, interval a).

If, in fact, the true population mean were 210, it would not have been sur-
prising for the educational researchers (o come up with a mean of 220 when
studying a sample of 64 students. Such a sample mean would be well within
the 95% limits on this distribution of means.

However, in the usunal research sitwation we do not know the mean of the
population we are studying. In reality, the educational researchers would
have no way of knowing that the true population mean of fifth graders getting
the special instructions is 210, All they know is the mean of their particular
sample. Still, they can use their sample’s mean as an estimate of the popula-
tion mecan. Based on that estimate they can compute a 95% confidence inter-
val, which we have determined would go from 208.24 and 231.76. Sure

E17 373 5121
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: FIGURE 7-9 ) o
I Examples of 95% cunfidence intervals displayed against disti-
I butions of means based on a {(a) known population mean of

i 210, (b) sample mean of 220, and (c) sanple mean of 190.

enough, this confidence interval would contain the @ue population mean, 50
the confidence in our interval would be justified. (Sep Figure 7-9, interval b.)

However, suppose the educational researchers pad done the stdy and
found that their sample had a mean of 190. We a still assuming the frue
mean for this population (unknown to the researcherq) is 210, and that 95% of
the time samples of 64 from this population shovld all between 198.24 and
221.76. Thus, getting a sample with a mean of 190 ifquite unlikely; certainly
less likely than 5%, but possible. In fact, we expec that 5% of the time our
samples will have means outside the 95% interval.

Suppose the educational psychologists go aheadgand compute their confi-
dence interval, using their sample’s mean of 190fas their gstimate of the
population mean? Following the usual computation fules, they will get a 5%
confidence interval of 178.24 to 201.76. Thus, theyiwould compute a confi-
dence interval that dees not include the true popujation mean. (See Figure
7-9, interval ¢.)

In sum, when the estimated mean is within the 95% limits of the true
population mean, your confidence interval will inclfde the true mean. Fortu-
nately, 95% of the time, the estimated mean is witjin the 95% limits of the
trug population mean. Thus, 59 of the time, 4 confidence interval based on
{he estimated mean will not inclade the true mean.

I other words, 95% of the time when you compule a confidence interval,
it will include the true mean; 5% of the time it wonft. This is why we say we
are 95% confident that our interval includes the truf mean, However, we Can
never know for sure that we are in the 93% or e 5% situation. There 15
always a 5% chance the true mean is not included if this region at all.

Confidence Intervals and Hypothesis Testing

In addition to their value in estimating the populatiqn mean, you can 1use con-
fidence intervals to do hypothesis testing, If the copfidence interval goes not

204  Hypothesis Tests With Means of Samples
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include the mean of the null hypothesis distribution, then the result is signiff-
cant. This is bacause we are 95% confident that onr interval includes the
population mean. If this 95% range does not include the Population 2 me
then there is less than a 3% chance that this sample could have come fro
Population 2.

In the example of the special instructions for taking the achievement te
the 95% confidence interval of 208.24 to 231.76 does not include the mean
200 for the population of fifth graders that takes the test without the speci
instructions. This is consistent with our conclusion earlier in the chapter thi
the result was significant using the .05 level. In the ambiguous sentenc
example, the 93% confidence interval for those reading the sentences with
context was 2.667 to 2.753 seconds. This interval does include the me
reading time (2.75) for the population reading the sentences without a corf
text. Thus, just as we concluded when using the hypothesis-testing procg
dure, the result is not significant at the .05 level.

CONTROVERSIES AND LIMITATIONS:
CONFIDENCE INTERVALS OR SIGNIFICANCE TESTS?

You may recall from Chapter 6 that currently there is a lively debate amon

50 1. psychologists about significance testing. Among the major issues in th
b.) debate is a proposal that psychologists use confidence intervals instead
od , significance tests.
ue 2| B Those who favor replacing significance tests with confidence interval
of ‘ (e.g., Cohen, 1994; Hunter, 1997; Schmidt, 1996) cite several major advai
nd ' tages. First, as we noted above, confidence intervals contain all the key infor
iy mation in a significance test,” but also give additional information—th
nr estimation of the range of values that we can be quite confident include th
true population mean. A second advantage is that they focus attention on esti
ifi- mation instead of hypothesis testing. Some researchers arpue that the goal o
the science is to provide numeric estimates of effects, not just decisions as t
3%

whether an effect is different from rero. That is, with estimation (point an
ifi- , - interval estimates), yon have a clear idea of how big the effect is and ho
' accurate you are about that estimate. With hypothesis testing you kno

whether the effect is likely to be in the predicted Hirection, but not how bi
rue k- B this effect is in that direction.

tu- Confidence intervals are particularly valuable when the results are no
. the significant (Frick, 1995), because knowing the confidence interval gives yo
| on un 1dea of just how far from no effect the true mean s likely to be found. If the|
entire confidence interval is near to no effect, we can feel confiden that even
Jal, “ if there is some true effect, it is probably small. For example, suppose a -
we group of people is tested after receiving a procedure that claims to affect 0.
2an The mean for the group is 102 and the confidence interval is 99 1o 105. This
5 18 would be a nonsignificant finding because it includes 100, the mean 1Q of the
|
‘ *Some proponents of confidence intervals over significance testing argue that we should igrore
the link with hypothesis testing, This is the most radical anti~significance-test position. That is,
q - these psychologists argue that our entire focus should be on estimation, and significance test.
onl- . ing of any kind should be irrelevant. In Chapter & we wil] discuss the rmtonale for their posi-
not tion, along with the counter arguments,

Controversies and Limitations: Confidence Rhtervals or Slgnificance Tests? 205
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population who donot receive the special procedure. Af the same time, since
the confidence interval includes numbers other than 10P, it is certajnly possi-
blo that there is a real effect. Neverthcless, the key pognt is that if there 1s &
real effect it is likely to be very small, since we are 9p% confident it won'’t
be more than a 1-point decrease or 2 5-point increasp. On the other hand,
suppose the confidence interval for this same studyfwas 89 to 115. Thus
result would also be nonsignificant (because it incluges 100). However, it
wonld tel] us that the study is really very inconclusive: |t is possible that there
is little or no effect (that the population mean of those fvho receive the proce-
dure is around 100), but it 1s also possible that therelis a substantial effect
(that the true population mean for those who receive fhe procedure involves
a decrease of as much as 11 IQ points or an increasq of as much as 15 1Q
points).

A third advantage ¢laimed by proponents of coffidence intervals over
significance testing is that researchers are less likely §p misuse them. As we
noted in Chapter 6, a prevalent error in the use of siprfficance tests is to con-
clude that a nonsignificant result means there is no ffect. With confidence
“tervals it is harder to fal] into this kind of error. The g hnfidence interval with
a nonsignificant result will include the mean expected for no effect. However,
it will also include other possible vatues. Thas, we are reminded that the true
population mean may very well be other than the no eficct mean.

In spite of these apparent advantages, it is extreghely rare to find confi-
dence intervals in most types of psychology researc qcles. [n part, this is
probably due to tradition and to most psychologists hfving been trained with
and more used to significance tests. Confidence inte als also require more
description in a research article. For example, corgider a larger table of
results. It is eagy to put in a star for cach number (o shpw its significance, and
it is easy to read such a table. With confidence intervalls, instead of a star, you
would need two extra numbers (the upper and lowge confidence limit) for
each result.

Other psychologists (e.g.. Abelson, 1997; Harris J1997) note two reasons
for not entirely abandoning significance testing in fafor of confidence inter-
vals. First, for some advanced statistical procedures it is possible to do sig-
nificance testing but not to compute confidence interg 1s. Second, just as it is
possible to make mistakes with significance tests, it s also possible to make
other kinds of mistakes with confidence intervalsf-especially since most
research psychologists arc less experienced in using fiem.

_ Finally, the issue of confidence intervals versus sfenificance is rooted in a
larger controversy of estimation versus hypothesis tgsting, a controversy we
will discuss in Chapter 8. However, (0 preview that ¢ iscussion, we can point
out now that confidence intervals often make themost sense in applied
research situations, while significance testing often akes the most sense 10
more theoretically oriented research.

Whatever the outcome of this controversy aboufl confidence intervals, it
is important to understand them since you will ru into them occasionally
when reading research literature, and it is possible fou will see them more
often in the future. On the other hand, they now appgar infrequently. For this
reason (and to keep the amount of material-to be 1 arncd manageable), We
decided not to emphasize confidence intervals in suisequent chapters of this
hook, which are mainly on significance testing in dhrious types of research
situations.
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e STANDARD DEVIATION OF THE DISTRIBUTION OF
ii- 4 SAMPLE MEANS, HYPOTHESIS TESTS ABOUT MEANS
O | OF SAMPLES, AND CONFIDENCE INTERVALS
‘(;t o AS DESCRIBED IN RESEARCH ARTICLES
s o As we have noted several times, research in which there is a known populg-
it ‘ tion mean and standard deviation is quite rare in psychology. We have askgd
T . you to learn about this situation mainly because it is a building block far
8- T understanding hypothesis testing in common research situations. In the r
et ‘ case it which research with a known population distribution is conducted, jr
es 0 is often described as involving a Z test, because it is the Z score that | Z test
[ s checked against the normal curve.
- Here is an example. As part of a larger study, Wiseman (1997) adminig-
'er tered a loneliness test to a group of college students in Tsrael. As a first step
we examining the results, Wiseman checked that the average score on the lone
mn- ness test was not different from a known population distribution based on
ice large U5, study of university students that had been conducted earlier
ith Russell et al. (1980). Wiseman reported: '
_i‘; 1 - - - the mean loneliness scores of the current Israeli sample were similar to tho
of Russell et al.’s {(1980) university sample for both males (Isracli: M = 38.74,
‘ ! SD = 9.30; Russell: M = 37.06, 5D =10.91; z = 1.09, N§) and females (Israch:
11 1 M =36.39, SD = 8.87; Russell: M = 36.06, SD = 10.11; 2= 25, NS). (p. 291)
ith | In this example, the researcher gives the standard deviation for both the sar
are . ple they studied (the Israeli group) and the population (the data from Ru
©oof sell). However, in the steps of computing each Z (the sample’s score on
md ) distribution of means}, they would only have used the standard deviation fi
ou i the population. Notice also that the researcher took the nonsignificance of
for i difference as support for the sample means being “similar” to the populati
= ‘I means. However, the researcher was very careful not to claim that the:
s 5 results showed there was no difference.
Br- Of the topics we have covered in this chapter, the one you are most likel
ig- to see discussed in 2 research article is the standard deviation of the distrib
 tis g tion of means, used to indicate the amount of variation that might be expecte
- ake among means of samples of a given size from this population, In this contex
w8t itis usually called the standard ervor, abbreviated'SE, For example, Foertsc
b and Gernsbacher (1997) conducted a study to examine the effect of using th
na pronoun rhey to avoid fixing the gender of the person referred to, though (hi
we ; use 8 traditionally considered grammatically improper. Foertseh and Gern
sint g bacher hypothesized that using they in this way would not have mnch effe
lied on reading time. Consider the sentence “A truck driver should never driv
zin while sleepy, even if she may be struggling (o make a delivery on tim
1 because many accidents are caused by drivers wha fall asleep at the wheel.
g, it v In their study, the researchers measured the reading time for this version
ally : the sentence, as well as for two other versions, one substituting he for she an
JOTE one substituting rhey for she. In this sentence, the antecedent (the first claus
this . was about a truck driver, a stereotypically masculine profession. In other se
we lences they used, the antecedents were stereotypically faminine (a nurse) o
~ this = neutral {a runner). Here are some of their results:
Cuch For masculine antecedents, she clauses (M = 59.5, SE = 2.05) were read signifi
cantly more slowly than he clauses (M = 54.8, SE = 1.77) or they clauses (M
Standard Deviation of tf Distribution of Sample Means 207
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55.3,8E=1.77) ... For feminine antecedents, Ae clausgs (M = 58.7, 5E = 1.66)
were tead significantly more slowly than either she clfluses (M = 32.9, SE =
1.64) or they clauses (M = 527, 8E=16T) ...  (p. 108)

This report gives you the pattern of means and a clear igea of the accuracy of
these means as estimates of the population means. Congider the implications

of the first standard error (2.05). Knowing this tells us fhat the mean reading

time of sentences with masculine antecedents for she giauses is more than 2.

<tandard errors higher than the reading time for either 4 or they clauses.

When researchers report the standard error of a re ilt, they also give you
information 1o figure the confidence interval, For exdmple, let’s assume 2
normal ecurve and figure the 95% confidence interval for masculine antece-
dents sentences with she clauses. gSince the SE (which i another name for the
standard deviation of the distribution of means) is 2.03] the upper 93% confl-
dence limit is the mean plus the result of 1.96 times 2J05. This comes out to
59.5 plus 1.96 % 2.0, which is 63.52. The lower limifis 55.48. Thus we are
95% confident that the interval from 55.48 to 63.52 indludes the true popula-
tion mean. -

Standard errors are also oftcn shown in research fticles as lines that go
above the tops of the bats in a bar graph. These lines fpat go ahove the main
bars ate themselves called standard error bars. For pxample, Figure 7-10,
reproduced from Foertsch and Gemnsbacher’s article, fhows the same results
we listad above (plus some additional ones). ‘

A we noted, confidence intervals are rarely repoted directly in research
articles in psychology, though they may become morgicommon in the future.
Here is one example we were able to locate in the drrent literature. Chiu,
Hong, and Dweck (1997) conducted a study that focyked on the tendency of
some individuals to believe that people’s traits are figed; Chiu et al. labeled
these individuals as “entity theorists” because they sqe other people as fixed
entities. In particular, the rescarchers wanted to test { theory that entity the-
orists would be more likely to take a single event as g idence that the person
has a fixed trait. As part of the study, they describedffo the research partici-
pants a sitation in which one person hehaved in a fiore friendly way than

FIGURE 7-10

Effcels of antecedent type {masculine, fermni-
nine, neutral, or indefinite) and pronoun (he,
she, or they) on per-character reading time
(RT) when sentences were used nonreferen-
tially (Experiment 1), [From Fuertsch, I., &
Gemebacher, M. A, (1997), fig. 1. In search
of gender nentrality: Is singular they a cogni-
tively cificient substitate for generic he? Psy.
chological Science, 8, 108, Copyright, 1997,
by the American Psychological Society. ‘
Reprinted with permission.]
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another, and then asked them which person would be more likely t§ be
friendly in the [uture.

Chiu et al. reported one of their findings about entity theorists as foll@ws:
“For them, if one person was found to be friendlier than another personfin 4
particplar simation, this relation would more likely than not generalize fo x
completely different sitnation” (p. 23). The statistical support for this fvas
described 4s follows: “Entity theorists’ overall prediction [of how likelythe
person was to be friendly] was significantly greater than .50 (95% CI = . 4583
+.0348)" (p. 23). This means that we can be 95% confident that in the pdpu-
lation the true rating would be somewhere between .5235 and 5931, all g-

ures above the .50 you would expect if the enlity theorists were choosing at

chance Jevels. By contrast, Chiu et al. found that individuals who werelnot
entity theorists predicted significantly less than .50—with a confidence irfer-
val from 3648 {0 4902,

SUMMARY

When studying a sample of more than one individual, the comparison djstrfpu-
tion in the hypothesis-testing process is a distribution of means of all possfple
samples of the number of scores being studied. It can be thought of as desclib-
ing what the result would be of (a) taking a very larpe number of samples, ech
of the same number of scores taken randomly from the population of indivi§iu.
als, and then (b) making a distribution of the means of these samples.

The distribution of means has the same mean as the population of jli-
viduals. However, it has a smaller variance because the means of samples fpra
less likely to be extreme than individuals’ scores. (Extremes in any one sg
ple are likely to be balanced by middle scores or extremes in the other difkc-
tion.) Specifically, its variance is the variance of the population of individuls
divided by the number of individuals in each sample. (Its standard deviatfon
is the square root of its variance.) The shape of the distribution of medns
approximates a normal eurve if either (a) the population of individuals fhl-
lows a normal curve or (b) the samples are each of 30 or more scores.

Hypothesis tests involving a single sample of more than one individllal
and a known population are conducted in the same way as the hypothegis
tests of Chapter 6 (where the studies were of a single individual comparedito
a population of individuals). The main exception is that the comparison dis-
tribution is a distribution of means.

The best point estimate for the population mean is the sample mean. Yjpu
can determine an interval estimate of the population mean based on the disthi-
bution of means. When the distribution of means follows a normal cur .
the 95% confidence interval includes the range from 1.96 standard deviatio §
below the sample mean (the lower confidence limit) to 1.96 standard devi-
tions above the sample mean (the upper confidence limit). The 95% confi-
dence interval is an estimate of a range of values which you are 95% confidaht
includes the true population mean.

An aspect of the current debate surrounding significance tests is whethibr
tesearchers should replace them with confidence intervals. Proponents of cof-
fidence intervals argue that they provide additional information, put the foc§s
on estimation, and reduce misuses common with significance tests. Howevy
confidence intervals are rarely used in psychology research articles, in pe
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due to tradition and unfamiliarit
them. Tn addition, opponents o
argue that they cannot be used in some advanced proce
always the goal, and they are subject to misuses of their pwi.

The kind of hypothesis test described in this chagger is seldom used in
research practice. (You have lcarned it as a siep
deviation of the distribution of tmeans, often referred to as the “standard
error” (SE), is occasional
means, particularly in bar graphs in which the standarfj error may be shown
ag the length of a line above and below the top of each jar.

Key Terms

confidence interval (C1)
confidence limits
distribution of means
interval estimate

05% confidence interval
90% confidence interval
point estimate

shape of the distribution of meéins

Practice Problems

These problems 10volve computation (with the assia-
tance of a calculator), Most real-life statistics problems arc
done on a computer. But even if you have a computer, do
these by hand to ingrain the method in your mind.

For practice in using a computer to solve stalistical
problems, refer to the computer section of each chapter of

the Student's Study Guide and Computet Workbook that
accompanies this texL.

All duta are fictional (unless an actual eitation is given).
Answers to Set 1 problems are given at the back of the

book.

SET 1
1. Explain why the standard deviation of the distribu-

lion of means is generally smajler than the standard devia-
tion of the distribution of the population of individuals,

2. For a population of individuals that has a standard
deviation of 10, what is the standard deviation of the distri-
bution of means for samples of size (a) 2, {b) 3, () 4. (d) 5,
() 10, {f) 20, and (g) 1007

3, For each of the examples in Problem 2, compute the
959 confidence interval (that is, the upper and lower confl-
dence limits). Assume that in each case the researcher’s
sample has a mean of 100 and that the population of indi-
viduals is known to follow a normal curve.

4. A particular population of individuals has a mean of
40, a standard deviation of 6, and follows a normal curve.
For each of the following samples indicate whether it
would be less likely than 5% to be randomly selected from
this population: (a) a sample of 10 with a mean of 44, (b} a
sample of 1 with a mean of 48, (c) a sample of 81 with a
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y with then, and the awkfardness of describing
f relying exclusively o confidence intervals
res, estimation is 1ot

pingfstone.) The standard

ly used to describe the efpected variability of

standard deviationfpf a distribution of
means (T,,)

standard error of ile mean (SE)

variance of a disirfpution of means (o3;)

Ztest

mean of 42, and (dy a sample of §6 with a mean of 42, For
cach part, (1) show the calculatidhs for how you arrived at
your answer and (2) include a diferam of the distributions
involved. ‘
5. Twenty-five women betwgen the ages of 70 and 80
were randomly selected from ige peneral population of
women their age to take part jn & special program to
deerease reaction time. Afier the fourse, the women had an
average reaction time of 1.5 sfconds. Assume that the
mean reaction time for the generfi population of women of
this age group is 1.3, with a stzhdard deviation of .5 sec-
onds. (Also assume that the po bulation is approximately
normal.) What should you condude about the efficacy of
the course? (a) Carry out the sgeps of hypothesis testing
(use the 01 level). (b) Compuie he 99% confidence inter-
val. (¢} Explain your answer tgsomeone who iz familiar
with the general logic of hypdfhesis testing, the normnal
curve, Z scotes, and probability put is 1ot tamiljar with the
idea of a distribution of means of confidence intervals.
6. A large number of peoplefviewed a particular film of
an gulomobile collision betwfen a moving car and 2
slopped car. Each person thenflfilied out a questionnaire
about how likely it was that thi driver of the moving car
was at fault, on a scale from notfpt fault =010 completely af
fault = 10. The distribution of raings under ordinary condi-
tions follows a normal curve, (= 3.5, and 0 = 8. Sixtecn
randomly selected individuals gre tested in a condition in
which the wording of the question is chunged. [n he
changed condition, the questiod asks, “How likely is it that
the driver of the car who crafhed into the other was at
fault?" (The dilference is thatfin this changed condition,
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