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In Chapter 11 we discussed the principles of statistical inference. We
focused on the logic behind statistical tests. By now you may be
thinking, “Okay, now 1 have all these principles. But I have some data
and 1 still do not know what to do with them.” By the end of this
chapter, you will know how to begin your data analysis and how to
carry it through when you have a two-group experiment.

We will begin by looking at the results of an experiment that has
wo independent groups. We will go through the basic stages of data
analysis. We will organize and summarize the data and trace the
process of selecting a statistical test for them. Then we will actually
carry out that test. Finally, we will apply some of the same principles
to handle a two-condition experiment that was run within subjects.

In Chapter 11 we considered a hypothetical experiment to com-
pare the time estimates of two groups of subjects, those having fun
and those not having fun. One group saw cartoons with captions for
10 minutes. The other group saw the same cartoons with the cap-
tions missing. Our assumption was that the incomplete cartoons
would not be nearly as much fun for subjects. Compared to subjects
who saw the incomplete cartoons, we predicted that subjects who
saw the complete cartoons would estimate that less time had passed.

This experiment had a two independent groups design. Subjects
were assigned at random to one of the wo treatments. The exact
hypothesis of the experiment was disguised. Subjects were merely
told that they should examine the cartoons carefully and that they
would be asked to rate them for “funniness” later. Because there
were no strong arguments against it, we chose a p < .05 significance
level for this experiment.

Suppose we have actually run the experiment and we have the
data. What do we do with them? Where do we begin? There are three
basic steps in analyzing any set of data: First, we organize the data.
Second, we summarize them. Third, we apply a statistical test to
interpret our results. We will look at each of these steps in detail.

If you have access to computers, vou may wish to obtain packaged
sofrware to carry out the statistical procedures covered in this and
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the next chapter. Several comprehensive software catalogs list what
is available—for example, Omni Complete Catalog of Computer
Softuare, 1984 and CP/M Softuare Finder, 1983. Minitab, SPSS™,
SPSSX, Psychostat, and SAS are some software programs that are
currently used by psychologists. However, vou will develop a greater
understanding of what the procedures accomplish if vou follow the
examples in the chapters and work out the practice exercises your-
self first.

We start by organizing the data. The hypothetical data from our time
estimation experiment have been organized in Table 12-1. You can
see that these data have been laid out in column form. Subjects’
responses are divided into wo columns, one for each of the two
treatment groups. Each subject in each group is listed by number
next to his or her datum. Statistical work will go more quickly and be
more accurate if you begin by organizing the dat and labeling them
in a clear and orderly way. Especially with more complex designs,
you will avoid a great deal of confusion if you take the time two
prepare data tables. Many students find it easiest to use columnar
paper, such as bookkeeping paper. At the very least, do your work on
lined paper so you will be sure which datum belongs to which
subject. You can simplify the task by planning an orderly data sheet
that you can use to record subjects’ responses throughout the exper-
iment.

Summarizing Data: Using Descriptive Statistics

raw data

summary data

Published articles rarely contain the data obtained from every single
subject in the experiment. The data we record as we run an experi-
ment are called raw data. Raw data are like raw potatoes—they are
unprocessed and sometimes hard to swallow.

Whenever we report the results of an experiment, we report
summary data rather than raw data. Usually readers are not as
interested in the scores of individual subjects, and neither are we.

Table 12-1 Laying out organized data

Growup 1 (Incomplete Cartoons) Growp 2 (Complete Cartoons)

Suhject Time Estimate (min) Stehject Time Estimate (min)
1 1.2 6 13.6
2 16.2 7 109
3 133 8 5.5
-+ 12.1 9 8.8
5 18.2 10 9.2
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descriptive statistics

\easures of central tendency
mode
median

mean

We want to compare treatment effects, and we do that by comparing
group data. {The only exception is a small NV exper‘tmefm) \X/h.en we
have group data, we summarize them with descriptive statistics,
shorthand ways of describing data. They represent standard proce-
dures for summarizing results. When we want to order a shade, we
do not carrv the window frame to the hardware store. Instead, we
summarize “its characteristics using the standard dimensions of
length and width. Similarly, we can summarize and describe data by
using some of the standard descriptive statistics: measures of genFr.al
tendency (mean, median, and mode) and measures of variability
(range, {'ariance, and standard deviation).

Measures of Central Tendency

As you know, statistics are quantitative indexes of the characteristics
of our samples. Some of the most commonly computed and re-
ported statistics are measures of central tendency, summaxy sta-
dstics that describe what is typical of a distribution. The mode is the
score that occurs most often. The median is the score that divides
the distribution in half so that half the distribution lies above the
median, half below. The mean is the arithmetic average: Add all the
scores together and divide by the total number of scores and you
have the mean. A

Together the mean, median, and mode are useful indlcat'ors F’f th'e
shape of the distribution of values we have. If the distribution is
svmmetrical and has only one mode (no scores tied for most fre.-
ciuent), the mean, median, and mode will coincide. When the distri-
bution is asymmetrical, the mean, median, and mode will be differ-
ent, and each may lead to different impressions about the data.

The mean is particularly sensitive to asymmetry and is pulled in
the direction of extreme scores. Consider this set of scores:

345666789

The mean is 6, the mode is 6, and the median is also 6. Suppose we
substitute a higher score into the set:

3456667818

The mode and median are still 6. However, the mean is now 8. The
mean has increased because of one exceptionally large score.

Even when the means of two distributions are the same, the distri-
butions may be quite different. Reichmann (1961) cited these exam-
ples: '

a. 666677
b. 12491010

W
A/
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In (a) the mean is 6 and truly is tvpical of the data. In (b) the mean is
also 6, but clearly 6 is not a usual score. Note that the mode is useful
information. The mode of (a) is 6, and the mode of (b) is 10.
Clearly, the particular statistic we choose to report can make a
difference in the impression we create through our data. Wages are
often cited as one category of data that is subject to distortion. The
distribution of wages in the United States is not symmetrical; it is
skewed to the right: Lots of people earn relatively small amounts of
money, whereas a few earn a great deal. The mean income is thus
always higher than the median or mode. Millionaires pull the mean
up. Corporate management would prefer to use means in salary
negotiations; labor would prefer to tlk in terms of medians. When
evaluating any descriptive data, it is important to ask who is reporting
what statistic and for what purpose. (Huff’s How to Lie with Statistics
is a delightful treatise on this topic.) Figure 12-1 shows the relation-
ship between the mean, median, and mode for various distributions.

Measuring Variability

We also use descriptive statistics to measure the amount of variability
in data. So far, we have talked about variability in a commonsense
way: We say that anything that fluctuates has variability. When we do
statistical tests, variability has more specific meanings. It is defined
numerically by one of several descriptive statistics: the range, the
variance, and the standard deviation. By using these statistics, we can
compare the variability of one sample with that of another.

range The simplest measure of variability is the range, the difference
between the largest and smallest scores in a set of data. If the scores
on an exam varied from a high of 100 points to a low of 74, we would
say that the range is 26. If the price of a 6-ounce bag of potato chips
varies from 39 cents in one store t0 53 cents in another, we would
say that the price range is 14 cents. The range is often a useful
measure. It can be computed quickly, and it gives a straightforward

Medi: Mean 4 Mode
ledian

Mode ™

(A) edian

(D)

Figure 12-1 Mean, median, and mode in different distributions. From
Fundamental Statistics for Psychology, 3rd Ed., by Robert B. McCall. Copy-
right © 1980 by Harcourt Brace Jovanovich, Inc. Reproduced by permis-
sion of the publisher.
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2 12-2 Two distributions
we same range (80 points).

variance

indication of the spread between the high and low scores in a distri-
bution.

The problem with using the range is that it does not reflect the
amount of variability in all the scores. Figure 12-2 shows you two
distributions of test scores that have the same range. However, you
can see that the distributions are really very different from each
other. Distribution for class 1 indicates that the test scores varied a
great deal from student to student. In class 2, however, most stud_ems
got similar scores: One extreme score accounts for thg rglauyely
large size of the range in this case. Knowing that these distributions
have the same range tells us very linle about them.

Computing the Variance

When we measure variability, we would like to be able to compare
different samples in a more meaningful way. Computing the statistic
we call the variance enables us to do that. Computing the variance is
a way of transforming variability into 2 standard form that providfes a
good but simple description of how much individual scores differ
from one another. By using the variance, we can talk about the
variability of all our scores without having to present an entire set of
data eacﬁ time, just as we can order a shade without carrying a
window frame to the shop.

The variance is the average squared deviation of scores from
their mean. The easiest way to explain this is to show you how we get
the variance. Table 12-2 shows the steps we follow to compute the

Table 12-2 Computing the variance: Time estimates of subjects who
saw incomplete cartoons (in minutes)

Step 1. List each subject’s score X,): Step 5. Square the deviation fn;om the
Subject X, mean for each subject (X, — X )

1 11.2 (—-3.0X-30) = 900

2 16.2 (20X2.0) = 4.00

3 133 (—-09X-09) = 081

4 121 (-21X~-21) = 441

5 18.2 (4.0X4.0) = 16.00 )

Step 2. Add the scores together: Step G. Add the squared deviations
X, =710 together:

I - X = 3422

Step 3. Compute the mean: Step 7. Compute the variance:

X=& ,z=2(X"7Y
N N-1
- 710
X == =s'_lor8.6min
X =142 min

Step 4. Compute the deviation from the
mean for each subject (X, — X ):
11.2 - 142 = — 30

162 - 142= 20
133 - 142 =-09
121 = 142 = — 2.1
182 — 142 = 40
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variance of the scores of one group of subjects. The scores are those
of the hvpothetical group of subjects who estimated the time that
passed while thev were looking at a series of cartoons with missing
captions. The steps are numbered so that vou can follow them more
easily. One way or another, vou will be computing the variance in
just about every statistical test that you do, so it is important to master
this concept.

Step 1. We have already listed each subject’s score, so step 1 has
been completed. Note that each subject’s score is represented by X..

Step 2. If we have not already done so, we must compute the
group mean. The scores of all the subjects in the group are added
together. The total is represented in mathematical notation by the
Greek leuer sigma ().

Step 3. Once you have the towl of all the scores in the group,
compute the mean. Divide the total of all the scores in the sample
(2X) by the number of scores you have (N). The mean is repre-
sented by X. The mean, an average, gives us an idea of what the
overall sample is like. The mean time estimate of this sample is 14.2
minutes. You can see that some subjects gave estimates that are
above the mean and others gave estimates that are below the mean.
In fact, in this sample there are no subjects whose estimates are
exactly equal o the mean. The mean is an overall description, but
how representative it is of the sample depends on other factors, such
as the variance.

Step 4. In step 4 we compute the deviations from the mean for
each subject. Deviations are differences between what we see and
what is typical. If someone behaves in an unusual way, we say that his
or her behavior deviates, or is deviant from the norm.

A sample of data has a mean—that is, an average that gives us an
idea of what the sample is like. The mean of this sample is 14.2
minutes. This tells us that when we added up the estimates of all the
subjects in the sample and divided by the number of subjects, we got
14.2 minutes. It does not say that each subject estimated 14.2 min-
utes. Actually, we know that no one in this sample said 14.2 minutes
had passed: All the subjects deviated from the group mean. But by
how much? We can find out simply by calculating the difference
between each subject’s estimate and the group mean. We subtract
14.2 (X ) from the actual estimate each subject gave.

Step 5. Next, we square the deviations from the mean. Remember
that when we multiply a negative number (for example, —30) by
itself, the result is a positive number. That means that all squared
deviations from the mean will be positive numbers even though
some of the subjects fell below the mean and so had negative devia-
tions from the mean.
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standard deviation

Step 6. nstep 6 we add all the deviations together to get a total of
squared deviations from the mean.

Step 7. Finally, we compute the variance. You can see that we need
the results of steps 1 through 6 before we can do step 7. The formula
is just a shorthand way of writing all the operations we perf?rm o
get the variance. The variance for a sample is represented bys. .Thes
comes from the Greek letter sigma used to represent the variance of
a population. The formula tells us that to get thg variance of a sample,
we have to divide the sum of the squared deviations from the mean
bv N — 1. N is the number of scores.

" The variance formula actually tells us to compute an avergge——the
average of the squared deviations from the mean. That is exactly
what we mean by variance. The variance is an indicator of how much
variability there is in our data. The more variability, the larger the
variance. You may be wondering why the variance formula tells us to
divide bv N — 1, not N: When we compute the mean, we divide by V.
When we compute the variance for a sample, we are actually trying to
estimate how much variability there is in. the population we are
sampling. Since we cannot measure the whole population, we .draw
inferences from samples. We can get a more accurate idea or estimate
of how much variability there is in the population if we compute the
variance of a sample by dividing by ¥ — 1 instead of N.

Our estimate of the variance would be too small if we divided by
N, Because deviations from the mean are squared when we compute
the variance, extreme members of the population will enlarge the
variance a great deal. A deviation of 4 will add 16 to the total of
deviations from the mean; a deviation of 8 will add 64. When we
sample, we are likely to miss some of those extreme mdn'm.iu.als
because there are relatively few of them in the population. Dividing
by N — 1 gives us a larger variance estimate and corrects for the fact
that we miss some of the extremes.

The variance for the subjects who were shown the incomplete
cartoons is 8.6 minutes.! If we take the square root of the variance
(s?), we have another useful measure of variability, the standard
deviation, or s. It reflects the average deviation of scores about the
mean. We cannot compute that average directly by adding up the
deviations: the total of the deviations from the mean is always zero.
So we use the square root of the variance to return to the origfpal
unsquared units of measurement. The standard deviation qf our “no
fun” group means that, on average, we can €xpect each individual
subject to deviate from the group mean by 2.93 minutes. We use the
same procedures for each treatment group. To save time, let me tell
you that those computations vield a group mean of 9.6 minutes and a

1 We have rounded this off to the nearest tenth. Remember the conventions used fqr
rounding: We round down if the last digit is less than 5. We round up if the fast digic
is more than 5. If the last digit is 5, we follow this rule: Round up if the digit to be
rounded off is an odd number. Simply drop the 5 if the digit t©© be rounded is an
even number. Thus, 8.35 becomes 8.4, and 4.65 becomes 4.6.

PART 3  RESULTS: COPING WITH DATA

it 8 6 pmtionr

i 4 Ak ol i

Wbich Test Do I Use?

variance of 8.8 minutes for the “fun group,” subjects who saw car-
toons complete with caption. You mav want to verify those figures by
working through the formulas on vour own.

When we report the results of our experiments, we usually report
these summary statistics, in place of raw data. We give the mean and
the variance of each treatment group. We may also report the range,
although the range is often not given in published reports because of
its limited use. We have now completed the first two stages of analyz-
ing our results: We have organized and summarized the data. We will
use the summary data again when we do the statistical tests.

level of measurement

ratio scale

interval scale

ordinal scale

How to choose a statistical test was postponed until now so that the
various aspects of data analysis could be presented in one section of
the text. However, in practice, it is best to select a test (and a signifi-
cance level) as you plan the design of the experiment.

When we looked at experimental designs, we developed a set of
questions to help us choose the best design for an experiment. We
can make decisions about what statistical tests to use in much the
same way. The number of independent variables is still important.
How many do you have? How many treatment groups? Is the experi-
ment within or between subjects? Did you use matching? As you
become more familiar with choosing and using statistics, you will not
need to go through all these steps. But you will find it much easier to
choose the right test if vou begin with these questions. In addition to
the number of independent variables and treatment conditions, we
need to consider the type of data we are analyzing. The way we
measured the dependent variable makes a big difference in the way
we handle the results. There are different statistical tests for different
kinds of data.

Levels of Measurement

Recall from Chapter 4 that the level of measurement is the kind of
scale used 1o measure a variable. There are four levels of measure-
ment: ratio, interval, ordinal, and nominal. To review quickly, a ratio
scale has equal intervals between all its values and an absolute zero
point. These attributes enable us to express relationships between
values on these scales as ratios: We can say 2 pounds are twice as
heavy as 1 pound.

An interval scale also measures magnitude or quantitative size
and has equal intervals between values. However, it has no absolute
Zero point.

An ordinal scale reflects differences only in magnitude, where
magnitude is measured in the form of ranks. We cannot be sure that

the intervals between values are equal, and the scale has no absolute
zero.
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s into distinet categories that have

Table 12-4 Selecting a possible statistical test by number of independent variables and level of measurement
A nominal scale classifies item:
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Nove. Shaded boxes list tests not discussed in this text. You can find explanations of them in most standard texts on statistics. A good source is

McCall, R. B. (1980), Fr )
inciples in experimenial design, New York:

The t Test

Sor p

dhoiogy (3rd ed ), New York: Harcournt Brace Jovanovich. See Winer, B. J. (1971), Statistical
McGraw-Hill, for repeated measures procedures.

There are other tests that we do not even list, but they are used
less often and you may not need them until you take more advanced
courses. Here and in the next chapter we will focus on the tests you
are most likely to need for vour first experiments.

The table indicates “possible” tests; it does not tell you what vou
will definitely need in all cases. The reason is that it may be possible
to use more than one test. Also, before using anv test, we must be
sure we have the kind of data the test was designed to handle. This
goes beyond asking whether our level of measurement is appropri-
ate. As you learn about the tests, vou will also learn that each test has
its own additional requirements.

t test

For our hypothetical experiment, the test suggested in Table 12-4 is
the ¢ test for independent groups. When we want to evaluate interval
or ratio data from a two-group experiment, we compute the test
statistic £. The ¢ statistic is a computational way of relating differences
between treatment means to the amount of variability we would
expect to see between any two sets of data drawn from the same
population. When we evaluate the likelihood of obraining a particu-
lar value of ¢, we are performing a ¢ test.

The exact probabilities of each value of ¢ have been calculated for
us. However, the distribution of these values changes depending on
the number of subjects in the samples. Before actually computing ¢
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robust

degrees of freedom

for the time estimation example, let us examine the familv of ¢ distri-
butions and the effects of sample size.

Effects of Sample Size

Size of sample is very important. If we Fake both srréalli alr:d[ ;z:;gﬁ
samples from the same populations, we will gener:\lly. n L; al ol
samples vary more from the mean .of. the population lztr;omhgi
samples do. You know that test s(aus.ucs represent a r:ff aas vari
between treaunent effects and ;fa;i;)bihty. If .sz[\fx\sple size affe
ility, i size of the test staustics.
abgltzvalteilts?mﬁfiiillxtﬁ as ¢, sample size is critical because.the exact
shage of the distribution of ¢ changes d(.ependir.\g on the stzeoc[:f etl:)ef
samples. The ¢ statistic has a whole famnlonf .dns(.nbuuons, sble o
which are shown in Figure 12-3. The ¢ distributions reserp 1€ o
normal curve we looked at in Chapter 11. They are symmz(rlcr;‘\:; o
the greatest concentration of values around Fhe mean. T els‘u rl:,e of
the ¢ distribution becomes more and more like the r}orf;a < e s
the sample size increases. with small samples, the ¢ disteibution
ider shape.

ﬂatStZrl:n?)rll: s?;lgis also?r?lpoﬂzn( because of the assumptions w; m:iz
whenever we apply t. One of the requirements of a ¢ (estl is at the
data to be analyzed (interval or ratio) come from popu .z;uoniomd
are normally distributed. We must be able to assume that dl1 we oud
somehow measure all the members of the population, ?rhsc ores
on the dependent variable would form a nompl Fuweal t ;ave 2
come from populations that are not nor.m.ally distributed, we e @
problem. The odds of getting each ind{vx<i.ual t value were v:;) ced
out for populations that are normally distributed. If the datak 3 not
come from such populations, the odds that have been word le o
for ¢ will be wrong for those data. Of course, we can (kjm;1 fly (:;b.
measure all the members of 2 population. We get around t hns[ 33 o>
lem by using large samples so that the correct oqu of eac "
are very close to what they would be if the populaFlon were nol rmaely
distributed. This is rarely a problem becausg the ¢ test is relativ y;
robust—its assumptions can be violated vyuhout creating seriou
errors. If there are at least 10 to 20 subjects in .e'ach treatment group,
a ¢ test is probably safe when the other conditions are met.

Degrees of Freedom

We select the appropriate ¢ distribution based on degrees of t‘r‘;er;
dom. {Figure 12-3 refers 1o degrees of freedom (df ) rather tha

number of subjects.] The degrees of freedom tell us how kr]mmy
members of a set of data could vary or change value without ¢ arlxg
ing the value of a suatistic we already know for those data. Samp Zs
that are the same size can have different degrees of freedorfl gie;t))ep -
ing on the way the experiment is designed and on the statistic eiing
computed. Let us say we know the mean of the data. Then the de-
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Rehative frequency

Figure 12-3 Some members of the family of ¢ distributions. Adapted
from Quantitative Methods in Psychology, by D. Lewis. Copyright © 1960
by McGraw-Hill, Inc. Reprinted by permission.

grees of freedom tell us how many members of that set of data could
change without altering the value of the mean.
Imagine that my phone number is a set of data. It has seven digits.

Suppose I tell you that the toral of the seven digits in my number is
37 and that the first six digits of the number are 8, 9, 4, 3, 9, and 2.
Can you find the last digit? Of course you can. Since you know the
total and six of the digits, you can easily compute the value of the last
digit, which is rot free to vary. Different combinations of the first six
digits are possible. But once their values have been set, the value of
the last digit is also set if the total must equal 37. If we tried to
substitute any other value for the seventh digit, the total, or the

known statistic, would no longer be correct. The degrees of freedom

for my phone number therefore equal 6. If we include the area code

in the data, we would say that my telephone number has 10 digits. It

now totals 42. Its degrees of freedom now equal 10 — 1, or 9. Cleacly,
the degrees of freedom are related to the number of digits, or data,
in a sample.

Similarly, the degrees of freedom in the distribution of a statistic
vary in a way related to the number of subjects sampled. However,
we compute degrees of freedom differently for different test statis-
tics. Sometimes all but one value of a set of data can change, some-
times fewer. The way we compute the degrees of freedom can also
be different for different applications of the same statistic. The way
we compute the degrees of freedom for ¢, for instance, changes
depending on what we are testing with /. If we are using different
statistics or the same statistic applied in different ways, we may have
different degrees of freedom even though sample sizes are identical.
That is why the critical values of test statistics are always presented

and organized by degrees of freedom rather than by number of
subjects.
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-2.262 +2.262 (df = 9)
Values of 1
gure 12-4 The ¢ distribution

r 25 and 9 degrees of freedom
«d critical values at p < .05.

The Critical Value of t

Let us look more closely at two distributions of £ to geta clearer. idea
of how degrees of freedom will affect the critical value of ¢. Figure
12-4 shows distributions of # for 25 and 9 degrees of freedom. It also
shows the cutoffs for the p < .05 significance level using a two-tailed
test. What is the relationship between these levels?

As the ¢ distribution changes shape, the value of # needed to reject
the null hypothesis also changes. Remember that the significance
level, or critical level, refers to probabilities. We are looking 10 see
whether the value of ¢ that we compute is more or less likely than
our chosen critical value. If the experimental manipulation was effec-
tive, the computed value of ¢ should be more extreme than the
chosen critical value. In terms of probabilities, this may mean, for
instance, that the observed value of 7 is so unlikely it could have
occurred by chance less than 5 percent of the time. .

It is easy to see that the distribution for 9 degrees of freedom. is
flatter and wider than the other curve shown. In terms of probabﬂl-
ties, you can see that the most extreme 5 percent of this distribution
falls relatively far out on the curve. Smaller degrees of freedom mean
more variab{lity between samples. That means that more and more
cases will be far from the mean of the population; large differences
between samples will occur relatively often. Thus, the ails of the ¢
distribution will get fatter as sample size (and degrees of freedom)
get smaller. with 25 degrees of freedom, the tails of the ¢ distribution
are thinner: The most extreme 5 percent of the distribution falls
closer to the mean.

Can you see what this means for our decision about the null
hypothesis? We will reject the null hypothesis if the computed v:.llue
of ¢ is more extreme than the most extreme 5 percent of the distribu-
tion. Because the distribution changes shape as the degrees of free
dom change, the critical value of ¢ also changes. In fact, the critical
value of ¢ (the value needed to reject the null hypothesis) gets larger
as the degrees of freedom get smaller. The fewer the subjec.ts, the
less likely it is that we will be able to reject the null hypothesis. And
with fewer subjects, we have a greater chance of making a Type 2
error.

Using the t Test

Before we can use the ¢ test, we have to know how to find the critical
values of ¢. Fortunately, they have been worked out for us and orga-
nized into ables in which we can find them quickly and easily. To
use the statistical tables, we need three pieces of information.

1. Will we use a directional or nondirectional test (that is, a one- or
two-tailed test)?

2. What is our significance level?

3. How many degrees of freedom do we have?
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# test for independent groups

In our experiment on fun, we have a directional hypothesis. Our
directional hypothesis predicts that the average time estimate of the
“no fun” group will be greater than the average time estimate of the
“fun” group. That means that we may use a one-tailed test. We chose
a p < .05 significance level. The degrees of freedom (df) for this
experiment equal the total number of subjects in both groups minus
the number of groups. Here, df = 5 + 5 — 2, or 8. Now, turn to
Appendix B in the back of the book and find Table B2. Table B2
shows the critical values of ¢ for both one- and two-tailed tests and
several degrees of freedom. Find the critical value of ¢ for 8 df, a one-
tailed test, and p < .05.

The critical value of ¢ for this experiment is 1.86. If our observed
value of ¢ (the value we compute) is less than 1.86, we must accept
the null hypothesis. Computed values of ¢ that are less extreme than
the critical value indicate that differences between our treatment
groups are not large enough to be significant. They were probably
caused by chance variations between the samples. If the computed
value of ¢ is equal to or greater than 1.86, we reject the null hypothe-
sis. If the computed value of ¢ is more extreme than the table value, it
is unlikely that the differences between treatment groups can be
explained simply by chance.

The t Test for Independent Groups

We cannot just compare raw data or absolute differences between
treatment groups; we must evaluate the results by taking variability
into account. Treatment groups are likely to differ even if the inde-
pendent variable had no effect. Computing a test statistic gives a
numerical index of this relationship; ¢ is just one of many test statis-
tics we can compute. We use the ¢ test for independent groups
when we have two different randomly selected samples of subjects,
randomly assigned to two treatments, and interval or ratio data. Let
us use ¢ to analyze the results of the time estimation experiment. The
hypothetical data from that experiment are summarized in Table
12-5.

Table 12-5 Summary data for a hypothetical experiment on fun and
time estimation

No Fun Group (Group 1) Fun Group (Group 2)

X, = 14.2 min X, =96 min
5% = 8.6 min s;* = 8.8 min
M =5 N.=5

Note. Since we predicted that the “no fun” group will make larger time estimates, we [abeled that
group “group 1.” Given our prediction, X, — X, should be 2 pasitive number and our computed
value of ¢ should be positive. It does not really matter which way the groups are labeled as fong as
we set up the critical value of 7 (in a positive or negative direction) consistent with our predictions
and our computations of 7. We are using hypotheticai dara here to keep things simple. If vou were
actually running this experiment, you would want to have more than five subjects in each treat-
ment group.
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The table tells us at a glance that the performanc$ of the”groups is
different, The mean time estimate of subjects in [he. no funl group is
14.2 minutes; that of subjects in the “fun” group is 9.6 m{nuFes, of
course, we kriow that this absolute difference may not be 51gn1ﬁcag;.
We have to evaluate the difference in terms of the amount of Yarlak&x} -
ity we find between any samples drawn from the populagon. de
h%we to decide whether to accept or reject the null hypothesis. TO. 0
that we must compute the observed value of ¢ for these data using

this formula:
)?1 - )?2
lops =
T s @ sy (1, 1)
( N +N—2) NN,

The computation of ¢ for these data is shown in Table 12-6. The
formula is just a shorthand way of writing the steps to get £. If you
take it slowly and step by step, you should have no trouble. .

When we first talked about test statistics in a general way, we salq
that they represent 2 relationship between treatment effects and var;l
ability. If you think about what is shown in d'le formula for ¢, you v:}:
see very clearly how that principle is applied. The numerator (the
top) tells us to find the difference betvyeen the means of the treat-
ment groups. If the independent var|at?le had a large. effglct, ;e
would expect this difference to be relatively large.. Notice that the
denominator of the formula (the bottom) is a collection of terms [h:l;
represent the variances of the treatment groups and th.e qgmbc;r r?
subjects in each. The denominator is an estimate of variability. If the
ratio between the two components is relatively large, we may be able
1o reject the null hypothesis. We will reject it if the computed yalue of
¢ is more extreme than 1.86. If the observed value of ¢ is more
extreme than that, the odds are good that it did not occur t?y Fhance.

The computed value of ¢ rns out t©© be 2.47. Since [hlS' is more
extreme than the critical value, we reject the null hypothegxs: There
is a significant difference berween the time estimates of sub;ect§ who
had fun and subjects who did not. How much importance we wish to
artach to these findings depends partly on our assessment of the
quality of this experiment. Were control procedures adequate? Were
variables defined appropriately? These issues will influence ogr final
judgment. The possibility of a Type 1 error must be consndgred.
Before we can draw any sweeping conclusions from the findings,
thev must be replicated. We will return to these issues when we
diséuss the interpretation of results.

The t Test for Matchbed Groups

The procedures we have discussed so far assume that the two sam-
ples of subjecs are independent, randomly selected groups. We
need different procedures when we look at the data for matched
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Table 12-6 Compuuation of ¢ for the daa presented in Table 12-5, fun and time estimation example

Step 1. Lay out the formula.

Step 2. Put in all the quantities
needed.

Step 3. Calculate the difference
berween trearment
means; begin
simplifying the
denominator.

Step 4. Continue simplifving
the denominator.

Step 5. Remember to complete
all operations inside
the parentheses first.

Step 6. Convert all fractions in
the denominator to
decimals.

Step 7. Complete the
multiplication.

Step 8 Remember 10 take the
square coot of the
denominator.

Step 9. Divide the numerator
by the denominator
and you have the
computed value of 7.
Compare it with the
critical value.

o = X - X,
EETEaTTE N T
P
Ny

B
o = S
(e

Note df s Ny + Ny — 2.df =5+ 5~ 2. or8.

groups of subjects. If we did statistical tests for these experiments in
the same way as for an independent groups experiment, we would
overestimate the amount of variability in the population sampled.
You know that subjects are apt to differ on a dependent variable
simply because subjects are not all the same, Even if we are testing
rats, we find that some run faster than others. One source of variabil-
ity is individual differences. Subjects’ scores vary because subjects
differ from one another. Even the scores of the same subjects mea-
sured at different times vary, but they usually do not vary quite as
much as the responses of different subjects. Neither do the scores of
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¢ test for matched groups

wched on a relevant variable. For these rezlsck)lnii
ili 5 tche
the way that we compute variability changes whebn we usesglgf hed
' i i i etter sen.
ithin-subjects design. You will get a -ho
roups or a within-su : of fow
tghesep procedures compare by looking at an exnmpl.e. ol"a’rhe -
subjects experiment done with two treatment conditions.
search problem is summarized in Box 12-1. i experiment? (See
What statistical test would you use for the Yin e perim [ (See
Table 12-4.) This experiment is similar to the time estimation

ooking at one independent variable, two treatment

le. We are | . reaument
Eonditions and a ratio scale of measurement (that is, n

errors). However, this experiment is zflso quite dlﬁe[:;:;q lt;lescsgls: Ctnst
was run with only one group of S\fb)eCtS‘. k. was a N
experiment. The appropriate statistical test is a £ u?sChed e
groups. Obviously, the treatment groups were not r;\:zl e D e
this experimeng; thev are simply the same subjects, y

" beﬂetreﬂ:ﬂg}; r[::?cﬁ]::l groups uses the same family of di;tribu-
Lio'Ir;r;ev(‘)u kslave already seen. It also applies t© interval and ratio data

and requires the assumption that the population sampled is normally

subjects who are ma

Box 12-1 A two-group within-subjects example

Robent Yin had already done research that show';(‘iS BN
that people had trouble recognizing photograp

upside down (Yin, 1969).
o e e ows an & de-down example.)

whether inversion would
affect recognition of line drawings as well. He
showed the same subjects W0 drawin,

faces.® After each set, he showed subjects pairs of
drawings and asked them 10 pi
they had seen before in each

i est
ne set of drawings and
. other set was shown to them

upside down. The order of prcsemn'lion of the
blocks was counterbalanced across subijects to con

(Figure 12-5 shows an upsi
Now he wanted 10 test

upright position; the

trol for order effects.

figures as well
*Yil fects on the memory of costumed
D oce e« same procedures 1o handle both

s faces. Since he used the

Kinds of pictures, we will focus only :
\he costumed figures were similar bur less dramatic Reprimed by perijSion.

effect of inversion on faces.

sets of drawings of

ck out the drawing

pair. Subjects saw
pairs in the usual

’ . .. 2
on faces, Yinis resu s lkh)r Figure 12-5 Do you recognize this person’
than the
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distributed on the dependent variable. But because it is used to
evaluate data from an experiment in which the treatment groups are
not independent, the computations are handled differently.

Table 12-7 shows how data and computations from a within-sub-
jects (or matched groups) experiment would look. The data are
hypothetical and are presented just to illustrate the procedures sim-
ply; Yin used many more subjects. The scores for each subject repre-
sent the number of errors each made under each treatment condi-
tion. The table also illustrates the computation of ¢ for matched
groups: We use the same procedures for within- and matched-
groups experiments with two treatment conditions.

From the table, you can see that we compute ¢ for these data by
looking at differences between each subject’s performance under
the two treatment conditions. This reflects the logic behind the de-
sign we are using. We are evaluating the effect of the independent
variable within each subject. Similarly, when we have matched pairs

Table 12-7 Evaluating data from a within-subjects experiment on
memory for inverted faces (scores represent number recalled correctly)

Subject Upright Inverted Differenice Scores
(or Pair) Faces (X,) Faces (X,) X — X2) =D o7
1 5 3 (5-3)=2 4
2 3 2 B3-2)=1 1
3 4 3 4-3)=1 1
4 5 3 (5-3)=2 4
5 3 9 3-0)=3 9
iD, =9 IDF=19
Computing t
Step 1. This formula for ¢ requires differ- . iD,
ence scores (D,). The computation of ¢ is tm = T Y
based on differences between pairs of NED: - (3D
scores rather than group means. (Note N-1
how difference scores were computed
above.)
Step 2. Put in all the required values. 9
Note that & stands for the number of pairs fom = }
of /5(19) - (9F¥
5-1
Step 3. Simplify the denominator. Remem- 9 9
ber to ke the . fo = or
square root ko5) - 81 \/Tj
4 4
Step 4. Our computed £. We are now tun = 4.81
ready o make a decision on the null
hypothesis.

df = N — 1, where N is the number of
pairs of scores.

Note A 1 test for matched groups. w be used for two matched groups or a two-condition within-
subjects design, raio or inerval data only. These hypothetical scores represent the number of
drawings correctly recognized out of five presented i each condition.
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of subjects, we want to look at the effects of our independent variable
within each pair. The observed value of  for these data is feps = 4.81.
How does that compare to the critical value of 72 Can we reject the
null hypothesis? Who knows? Unfortunately, we never bothered to
figure out what the critical value of f would be. Of course, we need to
look at Table B2 (see Appendix B). Assume that the researcher had
decided to use ap < .05 significance level. Should we use aone-ora
wwo-tailed test? Although Yin might have made a directional predic-
tion based on prior evidence, he was simply testing the notion that
inversion would affect line drawings of faces. He did not specify the
direction of the effect, so a two-tailed test is appropriate.

Since we computed ¢ for this experiment with different proce-
dures, we also have to compute df differently. Because we are look-
ing at differences berween pairs of scores, our df are based on the
number of pairs. The df for two matched groups is N — 1, where N is
the number of pairs. The df for this experiment is 5 — 1 or 4. If you
look at Appendix B, Table B2, you will see that the critical value of ¢
for 4 df and a two-uiled test (p < 05) is = 2.776. Since the com-
puted value of ¢ (4.81) is more extreme than the critical value, we
reject the null hypothesis, which says that these dara were sampled
from the same population. (The actual data from Yin's experiment
yielded a significant difference: Subjects had significantly more diffi-
culty recognizing drawings presented upside down.)

Notice that using the within-subjects procedures affects the critical
value of £. In the last example, we had five subjects in each group and
8 df (5 + 5 — 2). The critical value of £ was 1.86. Even though we
have the same number of actual scores in both examples, we have
about half as many degrees of freedom in the within-subjects (or
matched groups) experiment. The critical value of r for 4df (p<
05)is = 2.776. It takes a more extreme  to reach significance in the
matched groups or within-subjects experiment.

If we need a larger value of ¢ in the matched groups experiment,
why bother matching groups at all? It would be easier to find a
significant difference with the independent groups design. Actually,
it would not. We have not yet discussed all the reasons for variability
in data, but one thing should be clear: If we measure the responses
of different subjects, we are likely to get more variability than we will
if we measure the same subjects, or matched subjects. Using the
matched groups design lowers the amount of variability in the data.
Look at the formulas for # The denominator (the bowtom) of each
formula reflects variability. When we reduce variability among indi-
vidual subjects, we make the denominator of the ¢ formula smaller.
That in turn makes the computed value of ¢ larger. To put it more
simply, when we use a matched groups or a within-subjects design,
we have a tradeoff: We lower the degrees of freedom for the experi-
ment, but we also lower the amount of variability produced by fac-
tors other than the independent variable. And, as vou already know,
that can give us a more precise measure of the effect of the experi-
mental manipulation.
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Summary

There are four basic steps in analyzing results: (1) organize the data:
(2) summarize them; (3) apply the appropriate statistical test; (4)
interpret the outcome of the test. We organize data by making sure
that all subjects’ responses are labeled clearly and separated by treat-
ment condition. We summarize data by computing descriptive statis-
tics, shorthand representations of data. Some commonly used de-
scriptive statistics are the measures of central tendency (mean,
median, and mode) and measures of variability (range, variance, and
standard deviation).

The mean is the arithmetic average of all scores in a group. The
mode is the most frequent score. The median is the score that di-
vides the distribution in half.

We also want to know how much variability there is among sub-
jects’ scores: how much they differ from one another. The range is
the difference berween the largest and the smallest scores in a set of
data. Two distributions with the same range can look quite different;
the range shows only how much the highest and lowest scores differ.
The variance is a more precise indication of the amount of variabil-
ity. It reflects the amount of variability among all the scores in a
distribution, and so it is 2 more useful indicator than the range. The
larger the variance, the more subjects’ scores differ from one an-
other. The standard deviation is the square root of the variance. It
reflects the average deviation of scores about the mean. Finding the
standard deviation converts “squared deviations” back to the original
unsquared units of measurement. The larger the standard deviation,
the more each individual subject is apt to differ from the group
mean.

Five basic questions help us choose an appropriate statistical test:
(1) How many independent variables are there? (2) How many treat-
ment conditions are there? (3) Is the experiment run between or
within subjects? (4) Was matching used? (S) What is the level of
measurement of the independent variable?

Two common statistical tests are the ¢ test for independent groups
and the ¢ test for matched groups. We use ¢ tests to evaluate interval
or ratio data from two-group experiments. The ¢ statistic is a compu-
tational way of relating differences between treatment means to the
amount of variability expected between any two samples of data
from the same population. One of the assumptions of the test is that
the dawa come from populations that are normally distributed on the
dependent variable. A ¢ test is done by computing a ¢ statistic for the
data. The computed value of ¢ is compared to the table, or critical,
value of ¢ based on the chosen significance level. If the computed
value of ¢ is more extreme than the table value, the null hypothesis is
rejected; the difference between treatment means is statistically sig-
nificant.

The ¢ statistic has a whole family of distributions. The appropriate
distribution is selected based on the degrees of freedom for the
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experiment. The degrees of freedom indicate how manv members of
a set of data could vary or change value without changing the value of
a statistic already known for that data. With two independent groups,
the degrees of freedom for ¢ are equal to the total number oif subjects
minus 2. As the degrees of freedom of ¢ get larger, the critical value
of ¢ gets less extreme. In addition to the degrees of freed.om,. the
critical value of ¢ also depends on whether the hypothesis is direc-
tional or nondirectional. .

A within-subjects design or matching in a two-group experiment
requires a different statistical procedure, the ¢ test for .matched
groups. The same family of ¢ distributions that apply to the indepen-
dent groups procedures are used for this test. However, ! for
matched or within-subjects data is computed by looking at the differ-
ences between each pair of responses. Using the matched groups
procedures to compute ¢ reduces the estimate of variability in the
data and results in a more precise measure of the effect of the
independent variable. However, given the same total number of
subjects, the experiment with a matching procedure has roughly half
the degrees of freedom as one carried out with independent groups.
If the matching was on a variable not highly correlated Wld‘:l the
dependent variable, the chances of detecting the effect of the inde-
pendent variable are reduced.

dy Questions

1. What are the four basic stages of analyzing the results of an
experiment? .

2. What are descriptive statistics? Why do we need them in an
experiment?

3. Define each of the following and explain what each tells us about
a set of data:
a. The mean
b. The range
¢. The variance
d. The standard deviation

4. Two families have the same average income per person. Does
this mean that each person in both families earns the same
amount of money? Why or why not?

5. Here are two distributions of scores on 2 memory test. Find the
mean, range, variance, and standard deviation of each group.

Group 1 Group 2
5 3
6 1
8 3
3 2
1 5
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10.

11.

12.

13.

14.

What five basic questions do we have to answer before we can
select the appropriate statistical test for an experiment?

. What is a ¢ test? When is it used?

Briefly outline the difference between the ¢ test for independent
groups and the ¢ test for matched groups.

Our computed value of ¢ is more extreme than the table value, or
critical value. What does that mean? Do we accept or reject the
null hypothesis?

Our computed value of ¢ is less extreme than the table value.
What does that mean? Do we accept or reject the null hypothesis?
Our computed value of ¢ is 3.28. Our critical value of tis = 2.048.
We have 28 degrees of freedom and we are using a two-tailed
(nondirectional) test. Draw a simple figure to illustrate the rela-
tionship between the critical and the computed values of ¢ for
this result.

Poor Jack is getting more and more confused. He says, “Anyone
can see that my group means are different. Why do I have to go
through all the trouble of making all these computations of ¢”
Can you explain to him why these procedures are necessary?
What advantage do they have over simply doing the “eye test”?
Our computed value of ¢ is —1.07. We have made a directional
prediction and our critical value is ~1.734. Make a rough illustra-
tion of the relationship between the computed and table values
of ¢ in this case. Is there a significant difference between the
treatment means?

A researcher has studied subjects’ ability to learn to translate
words into Morse code. He has experimented with wo treat-
ment conditions: In one condition, the subjects are given massed
practice. They spend 8 full hours working on the task. In the
other condition, subjects are given distributed practice. They
also spend 8 hours practicing, but their practice time is spread
out over 4 days; they practice 2 hours each day. After the subjects
have completed their practice, they are given a test message to
encode. The dependent variable is the number of errors made in
encoding the test message. Since intelligence may affect the
learning of this new skill, the researcher has matched the subjects
on that variable. The results are given below. Decide what statis-
tical test would be appropriate for these data, carry out the test,
and evaluate the outcome. Assume that the researcher has cho-
sen a .01 level of significance and that the direction of the out-
come has not been predicted.

Massed Practice Distributed Practice

S5 S 6
S 3 S, 4
S5 2 Sy 3
S¢ 2 Si 5
SS 3 S:, 2
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15. Assume that the Morse code researcher did not match the sub-
jects.

a. Whart statistical test would be appropriate? Carry out that test
and evaluate the outcome for p < .01 and a nondirectional
prediction.

b. Follow the same procedure as in (a), but assume that the
researcher has now predicted that the massed practice group
will make more errors.

16. Alice has decided that the procedures for finding ¢ for a matched
groups design are a little easier to do, so she will just make sure
she can match her subjects on some variable. That way she can
save a little time on the computations. What is wrong with her
approach? What is she forgetting?
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So far we have covered some of the techniques for data from experi-
ments with only two groups. The ¢ tests for matched and indepen-
dent groups are used when we have interval or ratio data in two-
group experiments. However, very often we need to test more than
two levels of an independent variable. We may need three or more
groups to give an adequate idea of the way that variable operates. We
may even want to study more than one independent variable at a
time. For those experiments, we need other kinds of statistical proce-
dures.

In this chapter we will look at procedures that can be used for
interval or ratio data from multiple-group and factorial experiments.
These procedures fall under the general heading of analysis of vari-
ance. By the end of this chapter you will know how these procedures
work and why they are needed; you will also be ready to carry them
out. We will begin by taking a general look at analysis of variance.

f variance

The analysis of variance (ANOVA) is a statistical procedure used
to evaluate differences among two or more treatment means. It is
used with interval or ratio data.! The name reflects the basic nature
of the test—the variance in the data is analyzed into component
parts, which are then compared and evaluated for statistical signifi-
cance. Treatment means are not compared directly. In Chapter 12,

' Other forms of the basic analysis of variance can be used for noninterval data.
However, in this chapter we will talk only about ANOVA in its most common form.
we will also assume that we have different subjects in each of our reatment groups.
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within-groups variability

between-groups variability

the £ test was used to evaluate the data from a two-group experiment.
You may be wondering why we need another procedure at all. After
all, a multiple-group experiment is just a continuation of a two-group
design. We could use ¢ tests to compare all the treaument means. We
could analyze one pair, and then the next, and just keep doing that
until we did all the pairs. But computing several ¢ tests for each
experiment is very bothersome. With five treatment levels, vou
would need ten different ¢ tests to account for all possible pairs of
means.

There is also a more serious problem. The more ¢ tests in one
experiment, the more apt you are to make a Tvpe 1 error. Remember
that when vou do a single test, the odds of rejecting the null hypothe-
sis by mistake are equal to your significance level (for example, 5
percent). Doing many ¢ tests in the same experiment distorts those
odds and increases the possibility that vou will reject a null hypothe-
sis that is true. Although it would be inappropriate to use several ¢
tests in a multiple-group experiment, many of the principles of statis-
tical analysis in the last two chapters still applyv. We are still testing a
null hypothesis. From the samples we have tested, we draw infer-
ences about the population. We also use distribution curves to evalu-
ate the results according to the significance levels we have chosen.

Still, there are many differences. The analysis of variance does not
work like a ¢ test. When we computed ¢, we calculated differences
between treatment groups—differences between treatment means
for the independent groups design and differences between pairs of
scores in the matched groups design. We looked at those differences
in relation to our estimates of the amount of variability in the popula-
tions sampled. The analvsis of variance enables us to test the null
hypothesis in a slightly different way. It breaks up the variability in
the data into component parts. Each part represents variability pro-
duced by a different combination of factors in the experiment.

[n the simplest analysis of variance, all the variability in the data
can be divided into two parts: within-groups variability and between-
groups variability. Within-groups variability is the degree to
which the scores of subjects in the same treatment group differ from
one another (that is, how much subjects vary from others in the
group). Between-groups variability is the degree to which differ-
ent reatment groups differ from one another (that is, how much
difference there is between the scores of subjects under different
levels of the independent variable). The proportions of the within-
groups and between-groups variability differ from one experiment
to another. Sometimes between-groups variability is relatively large;
sometimes the two parts are about the same. Their relative propor-
tions vary depending on the impact of the independent variable.
When we carty out the analysis of variance, we are actually evaluating
the likelihood that the proportions we observe could occur by
chance. To understand the way this process works, we need to look
more closely at the sources of variability that produce these compo-
nents.
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1bility

error

Ideally, when we run an experiment we would like to be able to
show that the pattern of data obtained was caused by the experimen-
tal manipulation. However, you already know that if we observe
changes in the dependent variable across treatment conditions,
those changes may not be entirely due to the effects of the indepen-
dent variable. But what else accounts for changes in the dependent
variable? What else might produce variability in the scores of subjects
across treatment conditions?

One common source of variability is individual differences.
Whether we test children or chimps, we find that some do better
than others. Within each treatment group, subjects’ scores will differ
from one another because subjects are different from one another.
We use random assignment or matching in each experiment so that
these differences do not confound the results of the experiment. We
do not want differences between groups to be produced solely by
extraneous subject variables. However, no two groups will be identi-
cal in every respect, so individual differences may lead to variability
between groups as well as within the same group.

There are other sources of variability in data. Some differences
between scores will be due to things we did not handle well in the
experiment. For instance, we may have made small mistakes in mea-
suring lines that subjects drew or in timing their answers. Extraneous
variables of all kinds can produce more variability. They may cause
changes in subjects’ behavior that we may not detect. One subject is
tested when the room is cool and so does a little better than the
others. Like individual differences, these factors can lead to variabil-
ity within the same group of subjects, as well as between different
treatment groups. We can lump all these factors together in a single
category called error: Individual differences, undetected mistakes in
recording data, and a host of extraneous variables are all aspects of
error that produce variability in subjects’ data both within and be-
tween treatment groups.

Another major source of variability in the dat is the experimental
manipulation. We test subjects under different treatment conditions
(that is, various levels of an independent variable). We predia that

these conditions will alter subjects’ behavior; we expect subjects

under different treatment conditions to behave differently from one
another. In other words, we expect our treatment conditions to
create variability among the responses of subjects who are tested
under different levels of an independent variable.

But the experimental manipulation does not operate like other
sources of variability in the experiment. Error leads to variability
between different treatment groups; it also produces variability
within the same group. Unlike those sources of variability, treatment
conditions produce variability only between the responses of differ-
ent treatment groups. Subjects within the same treatment group are
all wreated in the same manner. Their scores may differ because of
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F ratio

individual differences or error but not because they were exposed to
different levels of the independent variable: Subjects in the same treat-
ment group all receive the same level of the independent variable.

When we do an analysis of variance, we break the variability in our
dara into parts that reflect the souces of variability in the experiment:
within-groups variability and between-groups variability. Withirn-
groups variability is the extent to which subjects’ scores differ from
one another under the same trearment conditions. The factors that
we call error explain the variability that we see within groups. Be-
tween-groups variability is the extent to which group performance
differs from one treatment condition to anotber. Between-groups
variability is made up of error and the effects of the independent
variable. These components are summarized in Table 13-1.

We can evaluate the effect of the independent variable by compar-
ing the relative size of these components of variability. The logic
behind this is straightforward. The variability within groups comes
from error and nothing else. The variability between groups comes
from both error and treatment effects. If the independent variable
had an effect, the between-groups variability should be larger than
the within-groups variability. We compare the relative sizes of these
components by computing a ratio between them called the F ratio.
Conceptually, it looks like this:

£ Variability from treatment effects + error
Variability from error

or

F= Variability between groups
~ Variability within groups

Theoretically, if the independent variable had no effect, the F ratio
should equal 1. There should be just as much variability within
groups as there is berween them: The same sources of variability
would be operating both within and between treatments. However,
the larger the effect of the independent variable, the larger the £
ratio should be: The independent variable will lead to greater differ-
ences between the scores of subjects who receive different levels of

Table 13-1 Sources of variability in an experiment with one
independent variable

Variability within Groups Variability between Groups

Ercor Ecror
Individual differences Individual differences
Extraneous variables Extraneous variables
Treaument Effects

CHAPTER 13  MULTIPLE-GROUP AND FACTORIAL EXPERIMENTS 269



No treatment cffects. Within- and
between-groups variability arc about
equal.

») Large treatment cffects. Within-groups
variability is small relative to between-
groups variability.

figure 13-1 The components
f variability in an experiment
vith two possible outcomes.

the independent variable. Figure 13-1 represents both possibilities
ically.
8r?$: l::stleyd'le distribution of F to evaluate the significance qf the F
ratio that we compute. F, like ¢, is actually a whole ﬁm.lily of distribu-
tions. The shape of the distribution changes as the size of the sam-
ples changes. We will use the degrees of freedom to choose the r.lgt.u
distribution and critical value for each experiment. {f the F ratio is
statistically significant, the amount of berween-groups \_/:fnablh.ty is
large compared to the amount of within-groups variability. It is so
large, it is unlikely that all the group means belong to the same
population. If F is significant, we reject the null hypothesns that all the
treatment means were drawn from the same population: We confirm
the existence of differences across the groups that were probably

produced by the independent variable.

Now that you have a general idea of how ANOVA works, let us turn
to an example of a multiple-group experiment. We will loc?k at some
hypothetical data obtained from three groups of sul?lects who
tearned high-, medium-, and low-frequency words..We will proceed
step by step through the computation of the £ ratio. We will test F
with ap < .05 significance level. Since this experiment has only one
independent variable, the statistical test we do is called a one-way

analysis of variance.

4 One-Way Analysis of Variance

Assume that we have done a very simple experiment on leaming. \X{e
have made up three lists of words that have varying f.reqtvxengnfes in
English. We know that frequency is likely to affect subjects ability to
learn lists of words: Words with greater frequencies are apt to be
easier to learn because they are more familiar and also more mean-
ingful to us. We have made up lists of high-, medium-,' and low-
frequency two-syllable nouns. We defined these categories on the
basis of Howes’s 1966 count of the frequency of words in spoke'n
English. Our high-frequency words occurred at least SO times in
Howes's sample of 250,000 words. Our medium-frequency words
occurred more than once but less than 50 times. The low-frequency
words occurred only once in Howes's sample. Words such as “hun-
dred,” “mother,” and “question” are high-frequency words by these
criteria. “Coffee” and “paper” are medium-frequency words. “Tur-
te” and “textbook” are low-frequency words. Our hypothesis is that
a list of words that has higher frequency in the spoken language will
be recalled with greater accuracy than a list that has lower frequency.
We ran the experiment using a berween-subjects design: Our sub-
jects were randomly assigned to three different treatment groups,
one for each of the three word frequencies. The procedures for
presenting the lists and testing recall were identical for all the
groups.
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Table 13-2 Hypothetical data from an experiment on word frequency
and learning

Group 1 Group 2 Group 3
(Low Frequency) (Medium Frequency) (High Frequency)
S 2 1 3
5, 2 3 4
MY 1 3 2
M 0 3 3
Sy 1 3 4
X, =12 X,=26 X, =32
st=7 5°=8 s =7

Nose. Scores represent the number of words recalled from a list. All subjects saw the same number
of items.

This is a three-group experiment. It has one independent vari-
able—the frequency of the words on each list. The dependent vari-
able is the number of words subjects are able to recall, a ratio
measure. As in any experiment, we will test the null hypothesis: The
means of the three groups were sampled from the same population.
Let us use a significance level of p < .05 for the data. Table 12-4
indicates that the data from this experiment may be analyzed by
using a one-way analysis of variance. Table 13-2 shows some hypo-
thetical data. As you can see, there are three groups. Their scores
represent the number of words they recalled from the list they were
shown. We have already begun our analysis of the data by organizing
and summarizing it in table form.

Certain assumptions about our data must be met if we are to use
analysis of variance procedures appropriately. First, the procedures
we will use here require that treatment groups are independent
from each other and that observations are sampled at random. They
also require that the populations from which the groups are sampled
are normally distributed on the dependent variable and that the
variances of those populations are roughly equal, or homogeneous.
However, the F test is relatively robust. If we have fairly large groups
of subjects, the assumptions can be violated without serious errors.
The computations shown here are for illustration only. We are look-
ing at very few subjects so that the procedures will be clear. In
practice, it would be better to have larger treatment groups because
of the assumptions of the ANOVA procedures.

Within-Groups Variance

In order to compute an F ratio for these data, we need two pieces of
information: the within-groups variability and the between-groups
variability. We begin with the procedures for finding within-groups
variability because they are a little simpler.

Think about the definition of within-groups variability—the extent
to which subjects’ scores vary from the scores of other subjects
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aares (SS)

within the same group. If we had only one group, we could measure
its variability by computing the variance. We would use the formula

, MX - X)
SETN-I

We would begin by finding the sum of squared deviations from the
group mean. For each score in the group, we would calculate the
difference between that score and the group mean (X ~ X). We
would square each of those differences (X — X)* then add them
together (). To get a good estimate of the amount of variability in
the population sampled, we would find the variance by dividing the
sum of the squared deviations by N — 1, the degrees of freedom.

The variance we compute for one group is the average squared
deviation from the mean of that group. Of course, when we do an
analysis of variance, we are working with several groups at the same
time. We need to get an estimate of within-groups variability. That
estimate must pool, or combine, the variability in all treatment
groups. We do that in two stages that are exactly parallel to the way
we find the variance of a single group. First, we compute the sum of
squares (8S). The sum of squares is just a shorthand way of tatking
about the sum of squared deviations from the group mean. To get
the sum of squares for within-groups variability, we compute the
squared deviation of each score from its group mean.? Then, we
simply add them all together.

We can summarize all those steps with this formula:

SSy = I(X; = X\ + (X, — X2, . .+ (X, — X,)?

The letter p stands for the number of groups in our experiment. In
our example we have only three groups, but the analysis of variance
procedures can be used with any number of groups. We simply keep
adding up the squared deviations of scores from their group means
until we have accounted for all the scores in all the groups.

Once we have the sum of squares within groups, we are ready to
find the within-groups variance. With only one group, you know that
we get a good estimate of the variance in the population if we divide
our sum of squared deviations by ¥ — 1. ¥ — 1 is actually the de-
grees of freedom for one group. When we compute within-groups
variance for several groups, we also need to divide by the degrees of
freedom. For one group, the degrees of freedom are N — 1. For
more than one group, the degrees of freedom are N — p. N is the
total number of scores; p is the number of groups. We divide

! The formulas throughout this chapter are definitional formulas—direct statements
of the operations they define. They are presented to clarify the logic behind the
ANOVA procedures. Computational formulas are shown in Appendix A. They are
derived from the definitional formulas and, although computational formulas are
sometimes easier to use, the rationale behind them is less clear.
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mean square (MS)

grand mean

through by that number (dfy) to get within-groups variance. The W
stands for within groups.

Note that although we are calculating the variance within groups,
analysis of variance has its own peculiar terminology. You have
learned sum of squares, which is an understandable abbreviation.
However, when we finally obtain what we would otherwise call a
variance estimate, we change terms rather abruptly. Dividing the SSy
by dfw gives us the mean square. This is actually an abbreviation too,
although its origin is not as clear. The mean is an average. The
variance is the average squared deviation from the mean. So the
mean square (MS) is an average squared deviation. The existence
of a plot to confuse students on this point has been suggested many
times, but it has never been confirmed. The important point is this:
We are still talking about variance in the dawa. The mean square
within groups (MSy) is one estimate of the amount of variability in
the population sampled. It represents one portion of the variability
in the data, the portion produced by the combination of sources that
we call error. Table 13-3 (p. 274) shows how to compute SSw and
MSy, for our three-group example.

Between-Groups Variance

Once we have MSy, we are ready to calculate the second component
of the F ratio, a measure of the variability between groups of subjects.
It is a measure that reflects both error and weatment effects: Be-
tween-groups variability is the extent to which group performance
differs from one treatment condition to another. Let us look a liule
more closely at the implications of that definition.

If the independent variable had no effect in this experiment, the
subjects in all the groups would have done about equally well. We
would not expect to see any dramatic difference in recall from one
group to another; the only differences we would see would be due
to error. If that were the case, the means of the individual weatment
groups would all be about the same. We could compute one overall
mean, or grand mean, an average of all the treatment means. If our
independent variable had no effect, the grand mean would describe
the data about as well as three separate means, one for each of the
three separate groups. But imagine what would happen if the inde-
pendent variable really did have an effect on subjects’ recall. We
could still compute an overall grand mean that would represent the
average of all the subjects’ scores. However, the means of the individ-
ual groups would be quite different from the grand mean. They
would also be quite different from one another.

We can measure the amount of variability within groups by finding
the total variance of scores from the individual group means. Simi-
larly, we can measure the variability between groups by finding the
variance of the group means from their mean, the grand mean of the
experiment. Now that you are familiar with the logic behind the
procedures, let us compute the between-groups variance. The pro-
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Table 13-3 Computing within-groups variance for a three-group

example
Step 1. Compute Group 1 _ _
the deviation of (low frequency) X, -X» X, - X,
each score from its 52 8 64
group mean. S22 8 G4
51 - 2 .04
5.0 -1.2 1.44
S5 -2 SN . S
X, =12 (X - X, =280
Step 2. Square the Group 2
deviation of each (medium _ _
score from its frequency) X; - X2) X — X2
group mean. 501 -1.6 256
53 4 .16
533 4 16
5,3 4 .16
553 4 __L__
X,=26 (X, ~ X2F =320
Step 3. Total the Group 3
squared deviation (high _ _
scores for each frequency) Xy = X3) Xy — X,
group. 53 -2 .04
5: 4 8 GA
552 -1.2 1.44
43 -2 04
Ss 4 8 64
Xy=32 (X~ X =280

Step 4. Add all the | (88w = 20X, = X# + 506 = Xy + 1, = KyF = 880

group totals
together
to find S,
Step 5. Find dfs =N-—-p N = Number of scores
dfs. p = Number of groups
dfe =15-3
dfw = 12
Step 6. Find MSy = SSw
MSy. df
_ 8%
MSy = 2
MSy = .73

Note. The same procedures apply when the groups are unequal in size.

cess is carried out in Table 13-4 (p. 276-277) for our three-group !
example. We begin by computing the grand mean, the average
of all the treatment means. We then compute deviations of
the group means from the grand mean, and next we obtain the
squared deviations. Notice, however, that the formula for 88y (B
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R R R

stands for between groups) is a litle different from the one for SSy,.
Instead of simply adding together all the squared deviations, each
one is first multiplied by 7, the number of subjects in each respec-
tive treatment group.

Next, we find the variance about the grand mean, the mean square
between groups (MSy). To get MSg, we divide SSg by its degrees of
freedom. We are now working with group means rather than individ-
ual subjects’ scores. Hence, our degrees of freedom for $8g (dfs) are
equal to p — 1, where p is the number of groups. The MSy gives us
a second estimate of the amount of variability in the population. MSy
reflects the amount of variability produced by error and treatment
effects in the experiment.

Computing and Evaluating the F Ratio

We now have both components of variability that we need to com-
pute our F ratio. The F ratio represents this relationship:

F= Variability from treatment effects + error
B Variability from error

We have transformed the components of this formula into the nu-
merical terms MSz and MSy. Thus, the statistical form of the F ratio is
as follows:

oo Msy
MSy

If we substitute our computed values into this formula, we find that
for our three-group example,

5.28
F= =3 or 7.23

To test our F ratio for significance, we need to find the critical
value. As you know, F is a whole family of distributions. We use our
degrees of freedom to locate the appropriate distribution. But is
there a problem? As we computed F, we actually calculated two
different degrees of freedom, one to get MSy and another to get MSy,.
Which do we use? Since the F test can be used with any number of
groups as well as any number of subjects, we need both. The F
distribution changes as the size of treatment groups changes; it also
changes as the number of treatment conditions changes.

If you look in Appendix B, you will find that Table B3 lists critical
values of F. The table is organized by the degrees of freedom. The
values listed across the top refer to the degrees of freedom of the
numerator, or top, of the F ratio—here, dfy. Values listed vertically
down the side of the table indicate the degrees of freedom of the
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p< OS5S—
~ [p < 01—

denominator of the F ratio—nhere, dfw. To find the appropriate criti-
cal value, first, locate dfp along the top of the table, then, locate dfy
along the side. Now, find the place in the table where those two lines
meet. We are looking for dfs = 2 and dfy = 12. (These are simply
the df values we computed to get mean squares.) If we look at a
portion of the table, we see this:

df numerator
12 3 456

[\S)

df denominator

1.2—'3.88
6.93

The value in light type, 3.88, is the critical value of F at the .05 level;
6.93, shown in bold face, is the critical value of F at the .01 level.
Remember, these values apply only to an F test with 2 and 12 degrees
of freedom. We have to look up the critical values for each experi-
ment. Figure 13-2 illustrates the distribution of F with 2 and 12
degrees of freedom. It also shows the distribution of F with 2 and 6
degrees of freedom. As you can see, the critical values change dra-
matically as the degrees of freedom change.

We chose a significance level of p < .05 for our three-group €x-
periment. Our computed value of F was 7.23. The table value of F is
3.88 at the .05 level: Therefore, our computed F is significant. We
reject the null hypothesis that the treatment means came from the
same population. Our computed F is actually also significant at the
01 level: It is greater than 6.93, the critical value of F at the .01 level.

Preparing a summary table. By now it may seem that we have
gone through a thousand steps to evaluate the data from this study.
The count is actually slightly less than that, but you can understand
why we need to prepare a simple, comprehensive summary of the
findings. We would not present all the steps and calculations in an
actual report. Instead, we summarize our computations in a sum-
mary table. The summary table for our example is shown in Table

p < .05
p < .01

with 2 (numecrator) and 12 (denominator)

6.93 )] 5.14 1092

(b) The distribution of F with 2 (numerator) and 6 (denominator)
degrees of frcedom.

Figure 13-2 The distribution of £ with varying degrees of freedom.
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Mean number of words recalled

Group 1
(Low frequency)

Group 2
(Medium frequency )

Group 3
(High frequency)

Word frequency
Figure 13-3 Mean number of
words recalled as a function of
word frequency.

Table 13-5 Analysis of variance summary table

Source af ss MS F
Between groups 2 10.55 5.28 MSs _ ..
M5, - P
Within groups 12 8.80 73
Total 14 1935
p<.01

13-5. The table includes all the basic information needed to compute
F, along with the actual computed value. However, we do not include
the wble values of F. Since we have given the degrees of freedom,
readers can always consult their own tables to get the critical value if
they need it. The format of the table is used by convention, and you
should follow it exactly; list between-groups variance first, and so on.

Grapbing the results. Another useful way of summarizing the
results of an experiment is graphing. We can transform our findings
into a picture that shows the reader the overall results at a glance.
Look closely at Figure 13-3, which presents the results of our experi-
ment as a graph.

The figure illustrates several general points you should keep in
mind. Notice that the figure is well proportioned; the vertical axis is
roughly three-fourths the size of the horizontal axis. Other propor-
tions are not as pleasing to look at. Notice also that the independent
variable is plotted on the horizontal axis; the dependent variable is
plotted on the vertical axis. Finally, note that the data points repre-
sent group means. We usually do not graph the data of individual
subjects unless we have a small & design. Of course, the axes are
labeled clearly so that readers will know exactly what the figure
represents.

Interpreting the results. We know that the computed F was
significant for these data. We will have more to say about interpreting
the meaning of that outcome in the next chapter. However, there are
some points about the F test that should be made before we go
further.

From the graph of our results (Figure 13-3), you can see quite
clearly that subjects in different groups performed differently from
one another in this experiment. Subjects in the high-frequency
group recalled the most items; subjects in the low-frequency group
recalled the least. You can also see clearly from the figure that the
variation between different groups was not uniform. The high- and
low-frequency groups differed more from each other than from the
medium group. When we compute £, we test only the overall pattern
of treatment means. Our significant F in this example tells us that
across all the group means, there is a significant difference. Since the
F test does not test the differences between each pair of means, we
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post hoc tests

do not know exactly where the difference is. Frgm. }he gragh, it
seems likely that the high and the low groups are significantly differ-
ent from each other. After all, they differ the most. However, the
difference between, say, the low- and the medium-frequency groups
ay not be significant.
mz}?ernmwz need to gpinpoint the exact source of the differences
across several treatment groups, we need to go beyond the F test.
There are several additional tests that are called post hqc tests, tests
done after the overall analysis indicates a significant difference. We
will not go into the details of these tests here, but some of the names
you will see are the Tukey and the Scheffé tests. These tests hav.e
essentially the same function: They can be u;ed to m?.ke pair-by-pair
comparisons to pinpoint the source of a significant difference across
treatments.
Se‘ll.gatlxs tfrieﬂy summarize what we have accomplished in this chap-
ter so far. We took a multiple-group experiment and selecteq a
suitable statistical test on the basis of three dimensions: We consid-
ered the number of independent variables, the number of tr.eatment
groups, and the level of measurement in making our choice. The
experiment had one independent variable (wprd frequency) and
three treatment groups (low, medium, and high frequency). The
dependent variable (number of words recalled) was meas.ured by a
ratio scale. The data therefore required a one-way analysis of vari-
ance, or F test, which we carried out and evaluated. We also prepared
a summary table of our analysis and graphed the group means.
The basic principles of the analysis of variapcg apply in many
multiple-group experiments. However, those principles can'also be
extended to handle more complex research designs. We will carry
them further in our next example, an experiment with a factorial

design.

ata from a Factorial Experiment

Factorial experiments are designed to look at the effects of more
than one independent variable at a time. They also enable us to look
at the interaction between variables. The impact of one independent
variable may differ depending on the values of the other indepen-
dent variables in the experiment. When we analyze the data from a
factorial experiment, we evaluate both kinds of effects. We look at
the impact of each independent variable; we assess whether therg is
a main effect of each independent variable. We also measure the size
of any interaction between the variables. Let us look at an example of
a simple factorial experiment and see what statistical procedures are
used to accomplish these goals.

Assume we have set up and run another experiment to explore the
relationship between word frequency and recall. Half the subiech
saw high-frequency words, and half saw low-frequency worc?s_. This
time, though, we have run a factorial experiment. In addmon. to
evaluating the effect of frequency, we have manipulated our testing
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Word frequency (Factor 1)
Low High

No cues {
given
Category cuces
(Factor 2)

Cues
given

Figure 13-4 Diagram of 2 x 2
factorial experiment on the ef-
fects of word frequency and
cuing on recall.

procedures in a 2 x 2 design. The design is diagrammed in Figure
13-4. Half the subjects have been asked simply to recall the words
they saw on the original list. The other half have been given cues to
aid them in remembering the words they saw. For instance, suppose
subjects saw the word “camel” on the original list. If they were in the
“no cue” condition, they were simply asked to recall the word., If
they were in the “cued” condition, we provided the name of the
category the word belongs to-—animal. Category cues were given for
all words on the list.

Our hypothesis, which is based on prior research (such as Tulving
and Pearlstone, 1966), is that cuing will enhance recall. Frequency
will also affect recall, with the more frequent words being easier to
recall. We have two independent variables in this experiment—
word frequency and categorv cues. Our dependent variable is the
number of words correctly recalled from each list, a ratio measure.
We will use p < .05 as our significance level. If you consult Table 12-
4, you will find that the statistical test indicated for these data is a two-
way analysis of variance.

You already know how to do the basic, or one-way, ANOVA. The
same principles apply to all ANOVA procedures. But when we have a
factorial design, additional complexities arise. The procedures for
the one-way ANOVA are not designed to give us as much information
as we want to get from a factorial experiment. We want to be able 1o
evaluate the effect of each independent variable: We need to know
whether the word frequency, as well as the category cues, affects
ability to recall words. Of course, we also want to know whether
there was any interaction between the two variables. We want to
assess whether the effects of using different frequencies might differ
depending on whether or not cues are given—or perhaps the effect
of cues varies depending on whether the word to be recalled is
relatively frequent or infrequent.

To answer all these questions with an analysis of variance, we need
10 break down the variance in the daua into more components than
we had before. In the one-way ANOVA, we had one independent
variable. We divided all the variability in the data into just two parts:
within-groups and between-groups variability. Within-groups vari-
ability is created by all those sources of error in the experiment:
individual differences, the experimenter’s mistakes, and other extra-
neous variables. Between-groups variability is created by all those
sources of error plus the effect of the independent variable.

The same is true in a factorial experiment. We can separate vari-
ability into within-groups and between-groups variance. However,
the picture is more complex. Between-groups variability comes from
error and treatment effects, but there are several sources of treat-
ment effects in the factorial experiment. Every independent variable
may produce its own unique treatment effects; each can produce a
portion of the between-groups variability or a main effect. The inter-
action of the independent variables can produce another portion.
This is represented graphically in Figure 13-5, which compares the
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! variability for a
 a factorial design
variables)

> components
1) a one-way

2 (one inde-
and (b) a two-
‘iance (two
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Table 13-6 Summarizing the analysis of variance for a two-factor

experiment

Sowuce

Between groups
Factor 1
Factor 2
Interaction 1 X 2
Within groups
Total

components of variability for the one-way analysis of Yan::{ce against
a two-way analysis of variance for a wo-factor experl.rr; ‘(. eriment
We can begin our analvsis of variance for.' Lh.e. factorial e f riment
by finding within- and between-groups vz'1r1a.b'1l1t5.r. Howevt(e) m e il
also need to break between-groups variability into its cd E( pent
parts: the variability associated with eqcb of th.e mdegen Eetween
ables and the variability associated with the interaction
[he\\l"/nt;en we did the one-way ANOVA, we used a summarél) \r/z:\bli tic;
organize our computations. Wheq we do a two-way Al: > [O, kleep
helpful to plan the summary table in advance. We Canfl:; s
track of computations as we do them. Th(j:' outline o . Ye summary
table for a two-factor experiment is shown in Table 13-6. Yo | can see
that all the sources of variability in the experiment are re{gr p m[ios.
We must find all these components in order to coqlﬂ?ute Fera[io s
needed to judge significance. We wnll.cal'c.ulafe adi erent. raio for
every source of between-groups variability in the exp.erdlm o and
use those ratios to decide whether the.effects of each in : eaps? fent
variable are significant. We will also decide whether there is a sig

cant interaction.

Table 13-7 Data from a two-factor experiment: Th.e effects of word
frequency and category cues on recall in a list-learning task

Word Frequency (Factor 1)

A Two-Way Analysis of Variance

Low High
2 4
3 _ 5 _
No cues given 1 X, =3 4 X:=5
4 6
6
Category Cues S
(Factor 2) ) ;5
6 6 _
Cues given 5 X,=6 9 X,=8
6 8-
9 10

Note. Scores represent number of words correctly recalled from a list.
Note.

RESULTS: COPING WITH DATA

Table 13-7 presents some hypothetical data from our experiment to
test the effect of word frequency and category cues on recall. Since
this is 2 2 X 2 factorial design, the data are divided into four treat-
ment groups. We have already begun the data analysis by computing
the mean number of words correctly recalled by each treatment
group. Let us take an overall look a the steps required to complete
the analysis of variance. The actual computations are shown in Tables
13-8 through 13-11, which follow our written description.

Assumptions bebind the Two-Way Analysis
of Variance

The procedures and formulas for a two-way ANOVA require the
same basic assumptions as the one-way ANOVA procedures we ex.

treatment group is sampled is normally distributed on the depen-
dent variable. Finally, they assume that the variances of the popula-

mental Design ( 1971).
Finally, these procedures are set for fixed models, experiments in
which the values of the independent variables are fixed by the exper-
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main effect

represents variability produced by individual differences, extraneous
variables, and other sources of error in the experiment. We will use
MS,, to evaluate the impact of the independent variables and their
interaction in the experiment.

Step 2: Computing between-groups variability. We continue
our ANOVA by finding the total sum of squares between groups, $Sg.
We need the SSg because it represents all the variability we have
among treatment groups. To complete our ANOVA, we will have to
divide the 88 into its main components: the parts associated with
each of the independent variables and the part associated with the
interaction between them. Table 13-9 (p. 287) illustrates the proce-
dures for finding S8 for our factorial example.

Step 3: Computing main effects. As you know, the ANOVA pro-
cedures have some special terms associated with them. “Sum of
squares” and “mean square” refer to variability in the data. When we
want to discuss the variability associated with a single independent
variable in a factorial design, we call it a main effect, the change in
the dependent variable produced by the various levels of one inde-
pendent variable. In our 2 X 2 example, we are looking for a main
effect of word frequency. We are also looking for a main effect of
category cues. The number of main effects to be tested in a factorial
experiment is determined by the number of independent variables
in the experiment.

When we carry out our ANOVA, we evaluate whether or not each
main effect in the experiment is significant: We compute an F ratio to
test the impact of each independent variable. When we test for a
significant main effect, we are simply asking again whether subjects’
scores on the dependent variable differ depending on the levels of
one independent variable that we have manipulated. To measure the
total between-groups variability, we calculated the deviation of
group means around their grand mean. In effect, we asked how
much individual treatment groups differed from the average of all
the groups. When we measure a main effect, we want to look only at
a particular portion of the total variability. We want to measure how
much variability occurs between groups because of the impact of
one independent variable.

We can ask a straightforward question: How much do the means of
groups under different levels of one variable, say, word frequency,
differ from the grand mean of all the groups? This is like the logic we
followed in doing the one-way ANOVA: The larger the effect of the
independent variable, the larger the differences from the grand
mean. In our example, a large main effect of word frequency would
mean that subjects’ recall varied depending on whether the words to
be learned were relatively common or uncommon. When we evalu-
ate the main effect of one independent variable, we treat the data as if
that variable is the only one in the experiment. We simply ignore all

ZSULTS: COPING WITH DATA

interaction

the other experimental manipulations that were done: We say we
collapse the data across the other conditions of the experiment. In
effect, we pretend that those conditions did not exist. Table 1310 (p.
288) shows how this is done as we compute S8, for our first indepen-
dent variable, word frequency.

We also need to test for a main effect of the second variable. We
know that this second variable may have contributed to the toal
variability between treatment groups. We can evaluate the main ef-
fect of the second variable by using the same basic procedures we
followed to get the main effect of word frequency. In effect, we ask
whether subjects’ recall differed depending on whether they were
given category cues or not: Did it differ regardiess of whether they
were shown high- or low-frequency words? We look at the effects of
our second independent variable by simply disregarding the word-
frequency manipulation. We collapse across the word-frequency con-
ditz'ans. Table 13-11 (p. 289) shows the procedures.

Step 4: Computing the interaction. The variability associated
with the interaction of the two independent variables is simply what
remains after the main effects of the independent variables have
been taken into account. The variability between groups that is not
explained by either independent variable may be explained by their
interaction.

Since we have two independent variables, the $S; must be divided
into three parts: the variability associated with the first independent
variable (88,); the variability associated with the second independent
variable (8S,); and the variability associated with the interaction of
the two (88,x2). Once we have computed the total 8Sg, 881, and SS,,
the simplest way to find 8S,x; is by subtracting:

B

The sum of squares for the interaction is entered in the summary
table, Table 13-12 (p. 289).

Step 5: Computing the F ratios. We have now completed nearly
all the computations that we need to evaluate the results of our
experiment. We summarize our calculations in a summary table,
Table 13-12. The table is similar to the one we prepared for the
simple ANOVA. The only difference is in the way we represent the
sources of variability. Because we have two independent variables in
this experiment, we have three sources of variability: Factor 1, Factor
2, and their interaction. The within-groups variability (MSy) is used
as the denominator of ail three F ratios required to evaluate the
significance of these sources. The three F ratios have been computed
and are also shown in the summary table.
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LTI sy sv o e o PRI e meun elfect for Factor 1 (word frequency) in a 2 X 2 example

Step 1. Find the mean
at each level of Factor
1: Ignore Factor 2
{rows) and find the
mean of each column.
N is the number

of scores.

Step 2. Find the
difference berween
each column mean
and the grand mean.

Step 3. Put those
differences in the S8,
formula; n is the
number of subjects in
each group; p is the
number of rows; g is
the number of
columns. This general
formula will handle
any number of
columns.

Step 4. To get MS,,
divide $S; by 4f,.

Word Frequerncy ( Factor 1)

Low High
No cues X =3 X,=5
given (N =35) (V=75)
- —
Cues X;=6 X.=
§ _ given (N=5) =5
ON
ig Column Xew1 = 45 Xetz =65
s & means
Q< - - ~ —
Column X1 = Xg = Xtz = Xg =
mean ~
grand mean
Xe =55 45-55=-10 65 -55=10

[sslsnpz[()?mn"'4\—'::)2"‘(4\-'@2"'4?6)1"'.4.+(4\",,,'-)?c)ﬂ

88, = 5(2)X [(-1.0%* + (1.0¥]

§8; = 10[(1) + (1)]
S8, = 10(2)
SS, = 20

di=q-1
di=2-1lorl

288 PART 3  RESULTS: COPING WITH DATA

Table 13-11 Step 3: Finding the main effect for Factor 2 (category cue) in a 2 x 2 factorial experiment

Step I. Find the mean at each
level of Factor 2: Ignore Factor 1
(columns) and find the mean of
each row.

Step 2. Find the difference
between each row mean and
the grand mean.

Step 3. Put those differences

in the 88, formula; n is the
number of subjects in each
group; ¢ is the number of
columns; p is the number of
rows. This general formula will
This general formula will
handle any number of rows.

Step 4. To get MS,, divide 88, by

&,

Word frequency
(Facror 1)
Row mean —
Low High Row means grand mean
§ Nocues | X, =3 |X,=5 Kew: = 4 Xrow1 = Xg = —t
< § given 4~-550r— 15
[
S 3 _ - g -X, =
§°§ e | Ry=6lR=8 || Remy=7 | Ko
g7 8 7-550r 15
&s =55)

$8: = g £ (Rons = KoF + Roms = ZF + .+ (Romy = Ko |

8S; = 5(2)[(-1.57 + (1.50]
S8, = 10{2.25 + 2.25}
$S, = 10(4.50) or 45

dr=p-1
dr=2-1orl

Table 13-12 Summary table: Analysis of variance for 2 2 X 2 factorial
experiment and computed F ratios (includes step 4)

Sotrce df 88 MS F
Between groups 65
20
Factor 1 (word frequency) gq-1=1 20 20 A= 238 or 8.40°

Factor 2 (category cues) p—-1=1 45 65 A= -21,35—8 or 1891**

0
Interaction 1 X 2 @-Xg-D=1 0 0 Fq=3zgo0r0

Within groups N-pg=16 8 238
Toral N=1=19

*p< .05

“p< Ot

“ 88, 13 usually not shown in published anticles.
2We find the sum of squares for the interaction of our two variables by subtracting:
$Six; = S8y ~ 58, ~ S§;

The 58, x; represents all the berween-groups variability that is not explained by the main effect of either
independent variable. Its degrees of freedom depend on the degrees of freedom for the main effects.
Here, there Is no interaction.
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To judge whether the compurted F ratios are significant, we compare
them to the table values of F. We get those values from our table of £
values in Appendix B, Table B3. The procedures are the same as
those used for the simple ANOVA. We locate the proper value of F by
using the degrees of freedom of the F ratio. We look across the top of
Table B3 to find the degrees of freedom that belong to the top, or
numerator, of the £ ratio. We look along the side of the wable to find
the degrees of freedom of the denominator of our F ratio. Each F
ratio we compute has its own degrees of freedom. That means that
each ratio has its own critical value or table value of F. When we
evaluate each F ratio, we must be sure we are using the correct
degrees of freedom and the correct critical value.

Practice finding the correct critical value by looking up the table
values of £ for the F ratios we have computed. The F ratio for Factor 1
(word frequency) has 1 degree of freedom for the numerator (MS, );
it has 16 degrees of freedom for the denominator (MSw). The table
value of F (1, 16) is 4.49 at p < .05 and 8.53 at p < .01. Our com-
puted value of F for Factor 1 is 8.40. Therefore, the effect of Factor 1
is significant at p < .05. Our computed value of F is more extreme
than the table value. This means the main effect of word frequency is
s0 large that it is probably not due to chance. Whether the lists
contained high- or low-frequency words made a significant differ-
ence in subjects’ recall. We reject the null hypothesis that the means
of the high- and low-frequency groups were sampled from the same
population.

The F ratio for Factor 2 {category cues) also has 1 degree of
freedom for the numerator (MS,); it has 16 degrees of freedom for
the denominator (MSy). We know that the table value of F (1, 16) is
4.49 atp < .05 and 853 atp < .01. (They turn out to be the same as
they were for Factor 1 because we had the same number of treat-
ment levels and subjects for both word frequency and category
cues.) Our computed value of £ for Factor 2 is 18.91. The main effect
of Factor 2 is significant at p < .01: Our computed value of F for
Factor 2 is more extreme (that is, in this case larger) than the table
value atp < .01. Subjects who received category cues recalled signifi-
cantly more items than subjects who did not receive cues. We reject
the null hypothesis that the means of the groups under the two levels
of Factor 2 were sampled from the same population.

The computed £ for the interaction is 0. This is clearly not signifi-
cant. In effect, this tells us that the variability between treatment
groups can be explained by the effect of either word frequency or
category cues acting separately on subjects’ scores. Also, the impact
of each independent variable was unrelated to the value of the other

independent variable: The effect of word frequency was the same
regardless of whether or not subjects received category cues. Simi-
larly, the effect of giving category cues was the same whether sub-
jects saw high- or low-frequency words.

PING WITH DATA

Mean number of words recalied

Low High
Word frequency

Figure 13-6 Graphing the
results of a two-factor experi-
ment: Recall of word lists as a
function of word frequency and
category cues.

It the interaction had been significant, we would be limited in
what we could conclude about the main effects in this experiment.
Generally, the existence of a significant interaction makes a discus-
sion of simple main effects unnecessarv. If there is a significant
interaction, it is usually more useful to discuss the impact of the
independent variables in combination with each other. A significant
interaction means that the impact of one independent variable dif-
fers depending on the value of the other. We can make accurate
predictions about subjects’ performance only when we know the
subjects’ position with respect to both variables. For instance. in this
example, a significant interaction would mean that we could accu-
rately predict about how many items the average subject would re-
call—but only if we knew both that the subject saw high-frequency
words and that the subject received cues. Without the interaction, we
can make a reasonably good prediction if we know the subject’s
position on only one variable. If we know that Carl was given cate-
8ory cues, we automatically also know that he probably did beter
than the subjects who did not get cues, regardless of whether he saw
high- or low-frequency words.

Grapbing the results. When we had only one independent vari-
able, we had only one line to graph. However, in a factorial experi-
ment we need to do more. The results of our experiment are pre-
sented graphically in Figure 13-6. Notice that the vertical axis still
represents the dependent variable. The horizontal axis represents
the different levels of one independent variable. Each line that is
graphed presents the data from a different level of the other inde-
pendent variable. One line represents the recall of subjects who
were given category cues; the other stands for recall under the “no
cues” condition. You can see from the location of the lines that there
are differences between the scores of subjects under the various
conditions of this experiment.

Our example vielded two significant main effects. The distance
between the two lines (cues versus no cues) reflects the impact of
the category cues variable. If giving category cues had no effect on
the number of items subjects recalled, the two lines would fall in the
same place on the graph. Similarly, the impact of the word-frequencv
variable is indicated by the relative position of the data points along
the ¥ axis. If word frequency had no effect on recall, subjects would
recall about the same number of items in both the high- and low-
frequency conditions. These and other possible outcomes are illus-
trated in Figure 13-7.

Notice that interactions appear on the graphs as lines that are not
parallel. If the lines converge, diverge, or intersect, we may have a
significant interaction effect. Such graphs are useful ways of summa-
rizing the results of an experiment to give an overall view of the
findings. They are especially useful in constructing summaries of
findings for experimental reports. But they are not substitutes for
statistical analysis. Even though the results look impressive, we need
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{b) A main cffect for word {c) An interaction between cues  {d) The maximum interaction
frequency. and word frequency. The

effect. The impact of the
effect of cues differs cues variable is totally
depending on word different at different levels
frequency. of the word frequency
variable.

Figure 13-7 [Illustrating other main effects and interactions: Some hypo-
thetical outcomes of an experiment on the effects of word frequency and
category cues on list recall.

to carry out all the statistical procedures before we can make precise
statements of whether we will accept them as significant indings.

The analysis of vartance (ANOVA) procedures are used in experi-
ments having more than two treatment conditions and interval or
ratio data. An analysis of variance evaluates the effect of treatment
conditions by looking at the variability in data. [n the one-way
ANOVA, all the variability in the data can be divided into two parts:
within-groups variabilitv and between-groups variability. Within-
groups variability is the degree to which the scores of subjects in the
same treatment group differ from one another; between-groups vari-
ability is the degree to which different treatment groups differ from
one another.

Variability is caused by all the sources of error in the experiment:
differences between subjects as well as measurement errors and
other extraneous variables. Error also contributes to within-groups
and between-groups variability. Berween-groups variability, how-
ever, reflects variability due to error and treatment conditions. If the
independent variable had an effect, there should be more variability
between treatment groups than there is within them: Between-
groups variability should be large relative to the amount of variability
within each group. .

The relationship of within- and between-groups variability is eval-
uated by computing the statistic called £, F represents the ratio be-
tween the variability observed between treatment groups and the
variability within the groups. The larger the £ ratio, the more likely it

ING WITH DATA
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is that the variabiliny berween groups was caused bv the independent
variable. £ is found by computing these quantities: summ of squares
between groups (88y) and sum of squares within groups (SSw). Each
of these quantities is divided by its respective degrees of freedom
(df) to obuin the mean square berween groups (MSg) and mean
square within groups (MSy). The degrees of freedom of the experi-
ment are used to locate the critical values of F in standardized tables.
[f the computed value of £ is more extreme than the table value, the
null hypothesis that treatment means were sampled from the same
population is rejected.

The basic ANOVA procedures may be extended to handle the data
from experiments with more than one independent variable. In facto-
rial experiments. the variability in data mav be caused by several
sources: It can be produced by error; it may also be produced by
each independent variable in the experiment. The effects of each
independent variable are called main effects. In addition, there may
be variability due to the interaction or combination of variables in the
experiment. There is an interaction when the effect of one indepen-
dent variable changes depending on the value of another indepen-
dent variable in the experiment. In analvzing data from a factorial
experiment, an £ ratio is computed to evaluate each main effect and
each possible interaction. The basic computational procedures for a
two-factor experiment (two-way ANOVA) are similar to those for a
one-way analysis of variance.

Review and Study Questions

When do we use a one-way analysis of variance?

. What is within-groups variability?

. What are the sources of within-groups variance?

. What is berween-groups variance?

. What are the sources of between-groups variance in an experi-

ment with one independent variable?

6. Explain how the one-way analysis of variance works: How do we
use within- and between-groups variance?

7. Brietly explain each of these terms:

. Sum of squares within groups (SSw)

. Sum of squares berween groups (SSg)

. Mean square within groups (MSy)

. Mean square between groups (MSg)
e. The F ratio

8. A researcher computed the F ratio for a four-group experiment.

The computed £ is 4.86. The degrees of freedom are 3 for the

numerator and 16 for the denominator.

a. Is the computed value of F significant atp < .05? Why or why
not?

b. Is it significant at p < .01? Why or whv not?

O S

c o T
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