CHAPTER 6

Descriptive Statistics
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statistics
simplify
our lives by

OI'gE],IllZlIlg INSTRUCTIONAL OBJECTIVES
and After studying this chapter, the student will be able to:
summ arizing 1 Describe the nature and uses of descriptive statistics.

2 |dentify the characteristics, uses, and limitations of four types of measurement
scales—nominal, ordinal, interval, and ratio.

data.

3 Organize research data into frequency distributions, present them as frequency

polygons and histograms, and interpret polygons and histograms.

4 Distinguish between the measures of central tendency and the situations in
which each should be used. Calculate and interpret the mean, the median, and
the mode.

5 Describe appropriate applications of measures of variability and compute
variance, standard deviation, and range.

6 Calculate and explain why z scores have universal meaning and how this is
useful in interpreting the position of a single observation in a distribution.

Explain why z scores are often transformed into other standard scores.

8 Convert a z score to a stanine score and use this to give a verbal description of
the score’s meaning. Explain why stanine scores are easy to interpret.

9 Transform raw scores into standard scores.

10 Explain advantages and disadvantages of percentile ranks. Calculate percentile
rank for a given score.

11 Identify the characteristics of the normal curve. Explain why it is useful in
descriptive research.

12 Use the normal curve table to estimate the percentile rank of a given z score or
estimate the z score of a given percentile rank.

13 Identify appropriate applications of Pearson r correlation for describing the
relationship between variables. Explain why it shows both the direction and the
strength of the relationship.

14 Describe the meaning of the coefficient of determination and its application in
interpreting the coefficient of correlation.

Monica Butnaru/Shutterstock.com

15 Identify the components of effect size and the factors that increase and
decrease effect size.

i
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CHAPTER 6 DESCRIPTIVE STATISTICS 113

16 Explain how effect size assesses the strength of relationships between
variables.

17 Calculate effect size for a difference between means. Explain why the Pearson r
is a form of effect size.

18 Perform a meta-analysis and explain the meaning of a meta-analysis outcome.

Statistical procedures are basically methods of handling quantitative information. These
procedures have two principal advantages. First, they enable researchers to organize,
summarize, and describe observations. Techniques used for these purposes are called
descriptive statistics. Second, they help determine how reliably researchers can infer
that phenomena observed in a limited group —a sample —are likely to occur in the unob-
served larger population of concern from which the sample was drawn; in other words,
how accurately researchers can employ inductive reasoning to infer that what they
observe in the part will be observed in the whole. Techniques used for such purposes
are called inferential statistics.

Knowledge of some basic statistical procedures is essential for researchers
proposing to carry out quantitative research. They need statistics to analyze
and interpret their data and communicate their findings to others. Researchers
also need an understanding of statistics in order to read and evaluate pub-
lished research in their fields.

SCALES OF MEASUREMENT

A fundamental step in conducting quantitative research is measurement—the
process through which observations are translated into numbers. S. S. Stevens
(1951) is well remembered for his definition: “In its broadest sense, measure-
ment is the assignment of numerals to objects or events according to rules” (p. 1).
Quantitative researchers first identify the variables they want to study; then they
use rules to determine how to express these variables numerically. The variable
religious preference may be measured according to the numbers indicated by
students who are asked to select among (1) Catholic, (2) Jewish, (3) Protestant, or
(4) Muslim. The variable weight may be measured as the numbers observed when
subjects step on a scale. The variable self-concept may be operationally defined
as scores on the Multidimensional Self-Concept Scale. The nature of the measure-
ment process that produces the numbers determines the interpretation that can
be made from them and the statistical procedures that can be used meaningfully
with them. The most widely quoted taxonomy of measurement scales is Stevens’
classification of measurement as nominal, ordinal, interval, and ratio.

NOMINAL SCALE

The most basic scale of measurement is the nominal scale. Nominal mea-
surement involves placing objects or individuals into mutually exclusive cat-
egories. Numbers are arbitrarily assigned to the categories for identification
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114 PART THREE STATISTICAL ANALYSIS

purposes only. The numbers do not indicate any value or amount; thus, one
category does not represent “more or less” of a characteristic. School District
231 is not more or less of anything than School District 103. Examples of
a nominal scale are using a “0” to represent males and a “1” to represent
females, or the religious preference described previously.

Because the numbers in a nominal scale do not represent quantity, they
cannot be arithmetically manipulated through addition, subtraction, multi-
plication, or division. You can only count the number of observations in each
category or express the numbers in categories as a percentage of the total
number of observations.

ORDINAL SCALE

An ordinal scale ranks objects or individuals according to how much of an
attribute they possess. Thus, the numbers in an ordinal scale indicate only the
order of the categories. Neither the difference between the numbers nor their
ratio has meaning. For example, in an untimed sprint we know who came in
first, second, and third, but we do not know how much faster one runner was
than another. A ranking of students in a music contest is an ordinal scale. We
would know who was awarded first place, second place, and so on, but we
would not know the extent of difference between them.

The essential requirement for measurement at this level is that the rela-
tionship must be such that if object X is greater than object Y and object Y is
greater than object Z, then object X is greater than object Z and is written thus:
If X>Y) and (Y >Z), then (X>Z). When appropriate, other wording may be
substituted for “greater than,” such as “stronger than,” “precedes,” and “has
more of.”

The lack of equal intervals in ordinal scales limits the statistical procedures
available for analyzing ordinal data. We can use statistics that indicate the points
below which certain percentages of the cases fall in a distribution of scores.

INTERVAL SCALE

An interval scale not only places objects or events in order but also is marked
in equal intervals. Equal differences between the units of measurement rep-
resent equal differences in the attribute being measured. Fahrenheit and
Celsius thermometers are examples of interval scales. We can say that the
difference between 60° and 70° is the same as the distance between 30° and
40°, but we cannot say that 60° is twice as warm as 30° because there is no
true zero on an interval scale. Zero on an interval scale is an arbitrary point
and does not indicate an absence of the variable being measured. Zero on
the Celsius scale is arbitrarily set at the temperature at which water freezes
at sea level.

Numbers on an interval scale may be manipulated by addition and subtrac-
tion, but because the zero is arbitrary, multiplication and division of the num-
bers are not feasible. Thus, ratios between the numbers on an interval scale
are meaningless. We may report differences between positions on an interval
scale, or we may add the numbers to report an average.
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CHAPTER 6 DESCRIPTIVE STATISTICS 115

It is important to note that in most academic measures, the intervals are
equal in terms of the measuring instrument, but not necessarily in terms
of the performance being measured. To illustrate, consider a spelling test
with the following words: cat, dish, ball, loquacious, schizophrenia, and
pneumonia. Here, the distance between one correct and three correct is
the same as the distance between three correct and five correct. However,
when considered in terms of spelling performance, the difference between
three and five correct suggests a greater difference in ability than does
the difference between one and three correct. Unless you can say that the
distance between three and five on the spelling test represents the same
amount of spelling performance as does the distance between one and
three, then these scores indicate nothing more than the rank order of the
students.

However, through careful construction it is possible to produce an instru-
ment where the intervals observed between scores on the test give a reason-
able approximation of ability intervals. The better intelligence tests are an
example of this. The difference in ability between an IQ of 90 and an 1Q of 95
may not be precisely the same as the difference between an IQ of 105 and an
IQ of 110, but you will not be greatly misled if you assume that the two differ-
ences are approximately equal.

It has become common practice to treat many educational variables, such
as classroom tests and grades (A=4, B=3, and so on) as if they were interval
data, even when that assumption is not well justified. It would be difficult to
maintain that the difference between F =0 and D =1 represents the same dif-
ference in academic achievement as the difference between C=2 and B=3,
or to justify treating scores on our spelling test example as interval data. Be
cautious when interpreting statistics derived from such data. The statistics
imply interval-level information, but it is actually often somewhere between
ordinal and interval.

However, in schools and universities, grade point average is almost always
calculated as interval data. Scores on teacher-made tests are usually quasi-
interval, somewhere between interval and ordinal data. Although scores on
teacher-made tests are rarely as far from interval data as our spelling test
example, they almost always vary from true interval data to some extent.

RATIO SCALE

A ratio scale, the highest level of measurement scale, has a true zero point as
well as equal intervals. Ratios can be reported between any two given values
on the scale. A yardstick used to measure length in units of inches or feet is
a ratio scale because the origin on the scale is an absolute zero correspond-
ing to no length at all. Thus, it is possible to state that a stick 6 feet long is
twice as long as a stick 3 feet long. Other examples of ratio scales are weight,
money, and distance. All types of statistical procedures are appropriate with
a ratio scale. Only a few variables in education—largely confined to motor
performance and other physiological measures—are ratio in nature. A shot
put score of 16 yards is twice as far as a shot put score of 8 yards, but you
cannot say that a person who scores 40 on a math test is twice as good at
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Figure 6.1 Determining Scales of Measurement

math as a person who scores 20, because math test scores are not ratio data.
Figure 6.1 shows the decisions made to determine the scale of measurement
of an observation.

You are buying a used car. You consider (a) its make (Ford, Toyota, etc.), (b) the miles on the
odometer, (c) the year it was made, and (d) its rating in Consumer Reports.

1. Which of the above is nominal data?

2. Which of the above is ordinal data?

3. Which of the above is interval data?

4. Which of the above is ratio data?

Answers
1.a; 2.d; 3. ¢ (the year 2012 is not twice the year 1006); 4. b
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CHAPTER 6 DESCRIPTIVE STATISTICS 117

ORGANIZING RESEARCH DATA

Before applying statistical procedures, researchers must organize large amounts
of data into a manageable form. The most familiar ways of organizing data are
(1) arranging the measures into frequency distributions and (2) presenting them
in graphic form.

FREQUENCY DISTRIBUTIONS

A systematic arrangement of individual measures from highest to lowest is
called a frequency distribution. The first step in preparing a frequency dis-
tribution is to list the scores in a column from highest at top to lowest at
bottom. Include all possible intermediate scores even if no one scored them;
otherwise, the distribution will appear more compact than it really is. Several
identical scores often occur in a distribution. Instead of listing these scores
separately, it saves time to add a second column recording the frequency of
each measure. Table 6.1 shows the test scores of a group of 105 students in
an Ed 101 lecture class. Part A of the table lists the scores in an unorganized
form. Part B arranges them in a frequency distribution, with the f column
showing how many made each score. Now it is possible to examine the gen-
eral “shape” of the distribution. , You can determine the spread of scores so
organized—whether they are distributed evenly or tend to cluster, and where
clusters occur in the distribution. For example, looking over the frequency
distribution of the scores presented in Part B of Table 6.1, it is easy to see
that they range from 21 to 36, that 29 is the most frequent score, and that
scores tend to cluster more near the top of the distribution than the bottom.
None of this would be apparent had the scores not been organized. Organizing
data into frequency distributions also facilitates the computation of various
useful statistics.

Here are the scores that Mr. Li’s 18 physics class students made on their first exam:

Ali, 21; Ann, 20; Ben, 23; Cal, 20; Dan, 20; Ed, 21; Ima, 22; Jan,19; Kay, 16; Lee, 20; Mel, 18;
Mia, 23; Ned, 21; Ona, 21; Sam, 22; Sue, 19; Ted,16; Van, 18. Create a frequency distribution
of these scores. (For the answer, see the first two columns in Table 6.2.)

GRAPHIC PRESENTATIONS

It is often helpful and convenient to present research data in graphic form.
Among various types of graphs, the most widely used are the histogram and
the frequency polygon. The initial steps in constructing the histogram and the
frequency polygon are identical:

1. Lay out the score points on a horizontal dimension (abscissa) from the
lowest value on the left to the highest on the right. Leave enough space
for an additional score at both ends of the distribution.
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Table 6.1 The Test Scores of 105 Students on Ed 101 Test

Part A. Unorganized Scores

33 29 30 30 33 29 33 32 28 24 34 31 27 29 23
25 29 24 27 26 33 33 26 30 28 26 29 32 32 31
28 34 30 31 33 21 29 31 30 32 36 30 31 27 29
26 29 33 32 29 28 28 30 28 27 30 31 34 33 22
30 29 27 29 24 30 21 31 31 33 28 21 31 29 31
31 33 22 29 31 32 32 31 28 29 30 22 33 30 30
32 33 31 33 28 29 27 33 27 21 30 29 28 27 33

Part B. Frequency Distribution

Scores (X) Tallies Frequencies (f) X cf
36 / 1 36 105
35 0 104
34 Vi 3 102 104
33 Y/l 15 405 101
32 /v 8 256 80
31 /s 14 434 78
30 /s 14 420 64
29 /s 16 464 50
28 //a/ 10 280 34
27 " 8 216 29
26 m 4 104 16
25 / 1 25 12
24 /i 3 72 11
23 / 1 23 8
22 " 3 66 7 £
21 m 4 84 4 f
N =105 5
©

We discuss the fX and ¢f columns later.

Table 6.2 Mr. Li’s Physics Class Exam Scores

1) (2) 3) 4)

X S SX o

23 2 46 18

22 2 44 16

21 4 84 14

20 4 80 10

19 2 38 6

18 2 36 4 £

17 0 0 2 &

16 2 32 2 &
©
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CHAPTER 6 DESCRIPTIVE STATISTICS 119

2. Lay out the frequencies of the scores (or intervals) on the vertical dimen-
sion (ordinate).

3. Place a dot above the center of each score at the level of the frequency of
that score.

From this point you can construct either a histogram or a polygon. In construct-
ing a histogram, draw through each dot a horizontal line equal to the width
representing a score, as shown in Figure 6.2. A score of 26 is thought of as
ranging from 25.5 to 26.5, a score of 27 is thought of as ranging from 26.5 to
27.5, and so forth.

To construct a polygon, connect the adjacent dots, and connect the two
ends of the resulting figure to the base (zero line) at the points representing
1 less than the lowest score and 1 more than the highest score, as shown in
Figure 6.3. Histograms are preferred when you want to indicate the discrete
nature of the data, such as when a nominal scale has been used. Polygons are
preferred to indicate data of a continuous nature. For additional reading per-
taining to the use and merits of other graphing techniques, such as boxplots
and error bars, for presenting data or rendering explanations from results,
see Walker (2005b).

Construct a histogram and a polygon of the scores of Mr. Li’s first physics exam.

Answer
See Figure 6.4.
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Figure 6.2 Histogram of 105 Test Scores from Table 6.1

Copyright 2012 Cengage Learning. All Rights Reserved. May not be copied, scanned, or duplicated, in whole or in part. Due to electronic rights, some third party content may be suppressed from the eBook and/or eChapter(s).
Editorial review has deemed that any suppressed content does not materially affect the overall learning experience. Cengage Learning reserves the right to remove additional content at any time if subsequent rights restrictions require it.

© Cengage Learning



120 PART THREE STATISTICAL ANALYSIS

16 ~
15 —
14 ~
13
12 ~
11~
10
9_
8_
7_
6_
5_
4_
3_
2_
1_

Frequency

0 ¢ T T T T T T T T T T T T T T ¥ T ®
20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37
Score

© Cengage Learning

Figure 6.3 Frequency Polygon of 105 Test Scores from Table 6.1

MEASURES OF CENTRAL TENDENCY

A convenient way of summarizing data is to find a single index that can repre-
sent a whole set of measures. Finding a single score that can give an indication
of the performance of a group of 300 individuals on an aptitude test would be
useful for comparative purposes. In statistics, three indexes called measures of
central tendency are available for such use. To most, the term average means
the sum of the scores divided by the number of scores. The average can be this
measure, known as the mean, or two other popular measures of central ten-
dency known as the mode and the median. Each of these three can serve as an
index to represent a group as a whole.

THE MEAN

The most widely used measure of central tendency is the mean or arithmetic
average. It is the sum of all the scores in a distribution divided by the number
of cases. In terms of a formula, it is

X +X,+ X+ -+ X,

X= N (6.1)
which is usually written as
X=X (6.2)

N
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where

Applying Formula 6.2 to the following 1Q scores, we find that the mean is 111:
119

IQ scores: 112

X

121

X =mean
> =sum of
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Figure 6.4 (A) Histogram of Mr. Li’s Physics Exam and (B) Polygon of Mr. Li’s Physics Exam

Abscissa (Score)
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122 PART THREE STATISTICAL ANALYSIS

Note that in this computation, the scores were not arranged in any particular
order. Ordering is unnecessary for calculation of the mean.

Some think of formulas as intimidating incantations. Actually, they are
timesavers. It is much easier to write X = SX/N than to write “Add all the
scores in a distribution and divide by the number of cases to calculate the
mean.”

Although it is not necessary to put the scores in order to calculate the mean,
with larger sets of numbers it is usually convenient to start with a frequency
distribution and multiply each score by its frequency. This is shown in column 3
(fX) in Table 6.2, Mr. Li’s physics class exam scores. Adding the numbers in this
column will give us the sum of the scores.

2X =360

The mean of the physics exam scores is

THE MEDIAN

The median is defined as that point in a distribution of measures below which
50 percent of the cases lie (which means that the other 50 percent will lie
above this point). Consider the following distribution of scores, where the
median is 18:

14 15 16 17 18 19 20 21 22
In the following 10 scores we seek the point below which 5 scores fall:
14 16 16 17 18 19 20 20 21 22

The point below which 5 scores, or 50 percent of the cases, fall is halfway
between 18 and 19. Thus, the median of this distribution is 18.5.
Consider the following scores:

18 20 22 25 25 30

Any point from 22.5 to 24.5 fits the definition of the median. By convention in
such cases the median is defined as halfway between these lowest and highest
points, in this case 22.5 +24.5/2 =23.5.

To find the median of Mr. Li’s physics exam scores, we need to find the point
below which 18/2 =9 scores lie. We first create a cumulative frequency column (cf,
column 4 in Table 6.2). The cumulative frequency for each interval is the number
of scores in that interval plus the total number of scores below it. Since the interval
between 15.5 and 16.5 has no scores below it, its ¢f is equal to its f, which is 2.
Since there were no scores of 17, the ¢ffor 17 is still 2. Thus, adding the two scores
of 18 yields a cumulative frequency of 4. Continuing up the frequency column, we
get ¢fs of 10, 14, 16, and, finally, 18, which is equal to the number of students.

The point separating the bottom nine scores from the top nine scores, the
median, is somewhere in the interval 19.5 to 20.5. Most statistics texts say
to partition this interval to locate the median. The ¢f column tells us that we
have six scores below 19.5. We need to add three scores to give us half the
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scores (9). Since there are four scores of 20, we go three-fourths of the way
from 19.5 to 20.5 to report a median of 20.25. Note that many computer pro-
grams, including the Statistical Package for the Social Sciences (SPSS) and the
Statistical Analysis System (SAS), simply report the midpoint of the interval—
in this case 20—as the median.

Notice that the median does not take into account the size of individual
scores. In order to find it, you arrange your data in rank order and find the
point that divides the distribution into two equal halves. The median is an
ordinal statistic because it is based on rank. You can compute a median from
interval or ratio data, but in such cases the interval characteristic of the data
is not being used. One circumstance in which the median may be the preferred
measure of central tendency arises when there are some extreme scores in
the distribution. In this case, the use of a measure of central tendency that
takes into account the size of each score results in either overestimation or
underestimation of the typical score. The median, because of its insensitivity to
extreme scores, is the appropriate index to be applied when you want to find
the typical score. For illustration, consider the following distribution:

49 50 51 53 54 55 56 60 89

The score of 54, which is the median of this distribution, is the most typical
score. The mean, which takes into account the individual values of the scores
60 and 89, will certainly result in an overestimation of the typical score.

THE MODE

The mode is the value in a distribution that occurs most frequently. It is the
simplest to find of the three measures of central tendency because it is deter-
mined by inspection rather than by computation. Given the distribution of
scores

14 16 16 17 18 19 19 19 21 22

you can readily see that the mode of this distribution is 19 because it is the
most frequent score. In a histogram or polygon, the mode is the score value of
the highest point (the greatest frequency), as you can see in Figures 6.2 and
6.3, where the mode is 29. Sometimes there is more than one mode in a distri-
bution. For example, if the scores had been

14 16 16 16 18 19 19 19 21 22

you would have two modes: 16 and 19. This kind of distribution with two
modes is called bimodal. Distributions with three or more modes are called
trimodal or multimodal, respectively.

The mode is the least useful indicator of central value in a distribution for
two reasons. First, it is unstable. For example, two random samples drawn
from the same population may have quite different modes. Second, a distri-
bution may have more than one mode. In published research, the mode is
seldom reported as an indicator of central tendency. Its use is largely limited
to inspectional purposes. A mode may be reported for any of the scales of mea-
surement, but it is the only measure of central tendency that may legitimately
be used with nominal scales.
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RESEARCH IN THE PUBLIC EYE

We have all heard the statistics that highly educated people earn more income than do less
educated people. According to a September 2011 article by Beckie Supiano, the median life-
time earnings for those holding a bachelor’s degree is higher than those with an associate’s
degree. But the article points out several other details of interest. Of those with an associate’s
degree, 28.2 percent actually earn more than those with a bachelor’s degree as a result of
differences in wages by type of occupation. The article points out women at every level earn
less than men. Looking at the median, men with no degree or some college earn as much in
a lifetime as women with a bachelor’s degree, and the median income of women with a Ph.D.
or professional degree is equivalent to that of men with bachelor’s degrees.

Discuss the implications for researchers of basing general findings only on median data.

COMPARISON OF THE THREE INDEXES
OF CENTRAL TENDENCY

Because the mean is an interval or ratio statistic, it is generally a more precise
measure than the median (an ordinal statistic) or the mode (a nominal statistic).
It takes into account the value of every score. It is also the most stable of the
three measures of central tendency in that if a number of samples are randomly
drawn from a parent population, the means of these samples will vary less from
one another than will their medians and their modes. For these reasons, the
mean is more frequently used in research than the other two measures.

The mean is the best indicator of the combined performance of an entire
group. However, the median is the best indicator of typical performance.
Consider, for example, a school board whose members have the following
annual incomes: $140,000, $60,000, $50,000, $40,000, and $40,000. The
mean, $66,000, is the sum of their incomes divided by the number of members,
but it is higher than all but one of the board members’ incomes. The median,
$50,000, gives a better picture of the typical income in the group.

SHAPES OF DISTRIBUTIONS

Frequency distributions can have a variety of shapes. A distribution is symmet-
rical when the two halves mirror each other. In a symmetrical distribution,
the values of the mean and the median coincide. If such a distribution has
a single mode, rather than two or more modes, the three indexes of central
tendency will coincide, as shown in Figure 6.5.

If a distribution is not symmetrical, it is described as skewed, pulled out to one
end or the other by the presence of extreme scores. In skewed distributions, the
values of the measures of central tendency differ. In such distributions, the value
of the mean, because it is influenced by the size of extreme scores, is pulled toward
the end of the distribution in which the extreme scores lie, as shown in Figures 6.6
and 6.7. The effect of extreme values is less on the median because this index is
influenced not by the size of scores, but by their position. Extreme values have no
impact on the mode because this index has no relation with either of the ends of
the distribution. Skews are labeled according to where the extreme scores lie. A
way to remember this is “The tail names the beast.” Figure 6.6 shows a negatively
skewed distribution, whereas Figure 6.7 shows a positively skewed distribution.
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MEASURES OF VARIABILITY

Although indexes of central tendency help researchers describe data in terms
of average value or typical measure, they do not give the total picture of a dis-
tribution. The mean values of two distributions may be identical, whereas the
degree of dispersion, spread, or variability, of their scores might differ. In one
distribution, the scores might cluster around the central value; in the other,
they might be scattered. For illustration, consider the following distributions
of scores:

(a) 24, 24, 25, 25, 25,26,26 X=175/7=25
(b) 16, 19, 22, 25, 28, 30,35 X=175/7=25

The value of the mean in both these distributions is 25, but the degree of
scattering of the scores differs considerably. The scores in distribution
(a) are obviously much more homogeneous than those in distribution (b).
There is clearly a need for indexes that can describe distributions in terms
of variation, spread, dispersion, heterogeneity, or scatter of scores. Three
indexes are commonly used for this purpose: range, variance, and stan-
dard deviation.

RANGE

The simplest of all indexes of variability is the range. It is the difference
between the upper real limit of the highest score and the lower real limit of the
lowest score. In statistics, any score is thought of as representing an interval
width from halfway between that score and the next lowest score (lower real
limit) up to halfway between that score and the next highest score (upper real
limit). For example, if several children have a recorded score of 12 pull-ups
on a physical fitness test, their performances probably range from those who
just barely raised their chin over the bar the twelfth time and were finished
(lower real limit) to those who completed 12 pull-ups, came up again, and

The Tail Names the Beast
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almost raised their chin over the bar, but did not quite make it for pull-up 13
(upper limit). Thus, a score of 12 is considered as representing an interval from
halfway between 11 and 12 (11.5) to halfway between 12 and 13 (12.5) or an
interval of 1. For example, given the following distribution of scores, you find
the range by subtracting 1.5 (the lower limit of the lowest score) from 16.5
(the upper limit of the highest score), which is equal to 15. It is simpler to use
Formula 6.3:

2 10 11 12 13 14 16
where

R=range
X, = highest value in a distribution
X;=lowest value in a distribution
I=interval width

Subtract the lower number from the higher and add 1 (16 — 2+ 1 =15). In fre-
quency distribution, 1 is the most common interval width.

The range is an unreliable index of variability because it is based on only
two values, the highest and the lowest. It is not a stable indicator of the spread
of the scores. For this reason, the use of the range is mainly limited to inspec-
tional purposes. Some research reports refer to the range of distributions, but
such references are usually used in conjunction with other measures of vari-
ability, such as variance and standard deviation.

1. a. What is the range of Mr. Li’s physics exam scores?
b. What is the range of the Ed 101 scores?

Answers
1.a.23.5—-15.5=8 or, using Formula 6.3, X}, — X;+1=23-16+1=8.
b.36.5-20.5=16 or X;,— X;+1=36—-21+1=15+1=16. (Note that the highest
occurring score was 36; the lowest occurring score was 21.)

VARIANCE AND STANDARD DEVIATION

Variance and standard deviation are the most frequently used indexes of vari-
ability. They are both based on deviation scores—scores that show the differ-
ence between a raw score and the mean of the distribution. The formula for
a deviation score is

x=X-X (6.4)

x = deviation score
X =raw score
X =mean
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Scores below the mean will have negative deviation scores, and scores
above the mean will have positive deviation scores. For example, the mean
in Mr. Li’s physics exam is 20; thus, Ona’s deviation score is x = 22 — 20 = 2,
whereas Ted’s deviation score is 16 — 20 = —4. By definition, the sum of the
deviation scores in a distribution is always 0. Thus, to use deviation scores
in calculating measures of variability, you must find a way to work around
the fact that %x = 0. The technique used is to square each deviation score
so that they all become positive numbers. If you then sum the squared
deviations and divide by the number of scores, you have the mean of the
squared deviations from the mean, or the variance. In mathematical form,
variance is

2_2362

0t ="y (6.5)

where

o’ =variance

3, =sum of

x? = deviation of each score from the mean (X —X) squared, otherwise known
as the deviation score squared

N=number of cases in the distribution

In column 4 of Table 6.3, we see the deviation scores, differences between
each score, and the mean. Column 5 shows each deviation score squared
(x%), and column 6 shows the frequency of each score from column 2 mul-
tiplied by 2. Summing column 6 gives us the sum of the squared deviation
scores 3x? = 72. Dividing this by the number of scores gives us the mean of the
squared deviation scores or the variance.

The foregoing procedure is convenient only when the mean is a whole num-
ber. This rarely occurs except in textbook examples. We have chosen to do our
examples with whole number means so you can understand the concept and
not become bogged down with the mathematics.

Formula 6.6 avoids the tedious task of working with squared mixed-number
deviation scores such as 7.66672. Using Formula 6.6 yields the desired result
with much less labor. Thus, we recommend that students always use this for-
mula for computing standard deviation if the computation must be done by
hand:

(2X)°
X -

GZ:T (6.6)

where

o? =variance
>X? =sum of the squares of each score (i.e., each score is first squared, and
then these squares are summed)
(2X)? = sum of the scores squared (the scores are first summed, and then this
total is squared)
N = number of cases
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Table 6.3 Variance of Mr. Li’s Physics Exam Scores

(§)) 2 (3) 4) (5) (6) (7 (8)
X f j2 ¢ x x? St X? SX?
23 2 46 +3 9 18 529 1058
22 2 44 +2 4 8 484 968
21 4 84 +1 1 4 441 1764
20 4 80 0 0 0 400 1600
19 2 38 -1 1 2 361 722
18 2 36 -2 4 8 324 648
17 0 0

16 2 32 -4 16 32 256 512

Column 7 in Table 6.3 shows the square of the raw scores. Column 8 shows
these raw score squares multiplied by frequency. Summing this fX* column
gives us the sum of the squared raw scores:

cX)? 360° 7575 _ 129600

S LI v 18 _7272—7200

N 18 18 18

0_2

72
18 4
Note that this result is the same as that which we obtained with Formula 6.5.

Because each of the deviation scores is squared, the variance is necessar-
ily expressed in units that are squares of the original units of measure. For
example, you might find that the variance of the heights of children in a class
is 9 square inches. This would tell you that this class is more heterogeneous in
height than a class with a variance of 4 square inches and more homogeneous
than a class with a variance of 16 square inches.

In most cases, educators prefer an index that summarizes the data in the same
unit of measurement as the original data. Standard deviation (o), the positive
square root of variance, provides such an index. By definition, the standard devi-
ation is the square root of the mean of the squared deviation scores. Rewriting
this definition using symbols, you obtain

_1[2a?
o= \/T (6.7)

For Mr. Li’s physics exam scores, the standard deviation is
72 _\/4—
Tg=V4=2

The standard deviation belongs to the same statistical family as the mean;
that is, like the mean, it is an interval or ratio statistic, and its computation is
based on the size of individual scores in the distribution. It is by far the most fre-
quently used measure of variability and is used in conjunction with the mean.

Formulas 6.5, 6.6, and 6.7 are appropriate for calculating the variance and the
standard deviation of a population. If scores from a finite group or sample are used
to estimate the heterogeneity of a population from which that group was drawn,
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130 PART THREE STATISTICAL ANALYSIS

research has shown that these formulas more often underestimate the popula-
tion variance and standard deviation than overestimate them. Mathematically, to
derive unbiased estimates, N— 1 rather than N is used as the denominator.

The formulas for variance and standard deviation based on sample infor-

mation are
§=ﬁ%i 6.8)
_ 4] 2a?
s=\/7=7 (6.9)
X
NN 6.10)
N—-1

Following the general custom of using Greek letters for population parameters
and Roman letters for sample statistics, the symbols for variance and standard
deviation calculated with N—1 are s*> and s, respectively.

With the data in Table 6.3,

TaEp=424 and s=\/4.24=2.06

Formulas 6.8, 6.9, and 6.10 are often used to calculate variance and standard
deviation even when there is no intention to estimate population parameters.
Many computers and calculators calculate variance and standard deviation
this way unless instructed to do otherwise.

Spread, scatter, heterogeneity, dispersion, and volatility are measured by
standard deviation, in the same way that volume is measured by bushels and
distance is measured by miles. A class with a standard deviation of 1.80 on
reading grade level is more heterogeneous than a class with a standard devia-
tion of 0.70. A month when the daily Dow Jones Industrial Average has a stan-
dard deviation of 40 is more volatile than a month with a standard deviation
of 25. A school where the teachers’ monthly salary has a standard deviation of
$900 has more disparity than a school where the standard deviation is $500.

MEASURES OF RELATIVE POSITION

Measures of relative position indicate where a score falls in relation to all other
scores in the distribution. Researchers often want to assess an individual’s
relative position in a group, or compare the relative position of one individual
on two or more measures or of two or more individuals on the same measure.
The most widely used statistics for these purposes are z scores, stanines, other
standard scores, and percentile rank.

Z SCORE

The most widely used measure of relative position is the z score, which indi-
cates the positive or negative difference between an individual score and the
mean as measured in standard deviation units. It and other indexes derived
from it are known as standard scores. The z score is defined as the distance of
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a score from the mean as measured by standard deviation units. The formula
for finding a z score is

z=X-_X-X (6.11)

where

X=raw score

X =mean of the distribution

o =standard deviation of the distribution
x = deviation score (X —X)

Applying this formula, a score exactly 1 standard deviation above the mean
becomes a z of+1, a score exactly 1 standard deviation below the mean
becomes a z of —1, and so on. A score equal to the mean will have a z score
value of 0. For illustration, suppose a student’s score on a psychology test is 72,
where the mean of the distribution is 78 and the standard deviation equals 12.
Suppose also that the same student has scored 48 on a statistics test, where the
mean is 51 and the standard deviation is 6. If you substitute these figures for
the appropriate symbols in Formula 6.11, you can derive a z score for each test:

Psychology z,= % =-0.50

Statistics z,= % =-0.50
Both these standard scores belong to the z distribution, where by definition
the mean is always 0 and the standard deviation is 1, and therefore they are
directly comparable. It is apparent in this example that the score of 72 on the
psychology test and the score of 48 on the statistics test are equivalent—that
is, both scores indicate the same relative level of performance. In other words,
the standing of this student is the same in both tests when compared with the
performance of the other students. It would be very difficult to make such a
comparison without employing the z score technique.

Let us use another example: Suppose a student who has taken the same
tests has obtained a score of 81 on the psychology test and a score of 53 on the
statistics test. As before, it is difficult to compare these raw scores to show on
which test this student has performed better. Converting the scores to z scores
makes the comparison easy. Using Formula 6.11, we find the values of z; and
z, in this case to be as follows:

Psychology z,= % =+0.25

Statistics z,= % =+0.33

This result shows that the score of 53 on the statistics test actually indicates
a slightly better relative performance than the score of 81 on the psychology
test. Compared with the other students, this student has performed somewhat
better in statistics than in psychology.

Because the mean of the z scores in any distribution is 0 and the standard
deviation is 1, they have universal meaning. A z score of —0.10 is slightly below
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average in a distribution of statistics test scores, a distribution of weights of
people in a weight control program, a distribution of pork belly prices, or any
other distribution. A z score of +2.40 is very high, whether you are talking
about achievement scores, scores on a measure of depression, corn yield per
acre, or any other measure.

OTHER STANDARD SCORES

Scores can also be transformed into other standard score scales that do not
involve negative numbers or decimals. One of the most common procedures
is to convert to 7" scores by multiplying the z scores by 10 and adding 50. This
results in a scale of positive whole numbers that has a mean of 50 and a stan-
dard deviation of 10. The 7 score formula is

T=10() +50=10(X=X) + 50 (6.12)
A score of 21 on a test for which the mean of the scores is 27 and the standard
deviation is 6 would have a z score of —1.00 or a 7 score of 40:

7=10(#1-27)+ 50 = 40 (6.13)
The transformation of z scores into 7 scores not only enables you to work
with whole numbers, but also avoids the adverse psychological implications
of describing subjects’ performances with negative numbers. In the preceding
example, it would be easier to report that the student’s score is 40 where the
mean score is 50 than to report a score of —1.00 with an average of zero.

In addition to 7, there are other transformed standard score distributions.
To transform a distribution of scores to a new standardized distribution, mul-
tiply the z score by the desired standard deviation and add the desired mean.
The general formula is as follows:

A=042)+ py (6.14)
where

A =standard score on the new scale
w4 =mean for the new standard scale
o4 =standard deviation for the new standard scale

For example, College Entrance Examination Board (CEEB) scores have a mean
of 500 and a standard deviation of 100 for its transformed distribution. If you
were 1.50 standard deviations above the mean (z=1.50) on the verbal section
of the Scholastic Assessment Test (SAT), your score would be reported as 650,
which is 500 + (100)(1.50). If your quantitative score were 500, you would
have scored exactly at the mean.

The Wechsler Adult Intelligence Test scores are standard scores with a
mean of 100 and a standard deviation of 15. A raw score on the mean is
reported as 100. A raw score 1 standard deviation below the mean is reported
as 85. A raw score 2 standard deviations above the mean is reported as 130.

Transforming a set of scores to standard scores does not alter the shape
of the original distribution. If a distribution of scores is skewed, the derived
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standard scores also produce a skewed distribution. Only if the original distri-
bution is normal do the standard scores produce a normal distribution.

STANINE SCORES

During World War II, the U.S. Army Air Corps developed a standard system of
nine scores called stanine scores to help its personnel interpret z scores. Stanines
avoid negative numbers and decimals. A stanine score of 5 represents z scores that
are average or slightly above or slightly below average—that is, equivalent to z
scores between —0.25 and +0.25. From there, stanine scores go up to 9 and down
to 1 in increments of 0.50, as shown in Table 6.4. Stanines are standardized with
the mean of 5 and a standard deviation of 2. The formula for stanines is 2z + 5.
You convert a z score to a stanine by multiplying by 2 and adding 5. Stanines are
always rounded to the nearest whole number. Whenever this formula yields a
result greater than 9, the value 9 is assigned. Whenever the result is less than 1,
the value 1 is assigned. Because all z scores above 1.75 are assigned a stanine
score of 9 and all z scores below —1.75 are assigned a score of 1, stanine scores
are not useful for comparing extreme scores. Stanines are easy to comprehend.
Like all transformations of the z score, they have universal meaning. A stanine
score of 4 always means below average but not too far below average. Stanines
are often used in school systems for reporting students’ standardized test scores.

Recall the scores in Mr. Li’s physics class in Think About It 6.2.
1. What is the z score of a raw score of 21 on Mr. Li’'s exam?
2. What is the z score of a raw score of 18 on Mr. Li’s exam?
3. What is the z score of a raw score of 20 on Mr. Li’s exam?
4. What is the stanine for each of these scores?

Answers
1. 4+0.50; 2. -1.0; 3.0
4. Stanines: 1. 6; 2. 3; 3.5

Table 6.4 Conversion of z Scores to Stanines

z Score Stanine Interpretation Percent in Stanine
Above +1.75 9 Among the very highest scores 4
+1.25t0+ 1.75 8 Quite well above average 7
+0.75t0+1.25 7 Quite noticeably above average 12

+0.25 to +0.75 6 Above average 17
—0.25t0+0.25 5 Near the average 20
—-0.75t0-0.25 4 Below average 17
-1.25t0-0.75 3 Quite noticeably below average 12
—-0.75t0o—1.25 2 Quite well below average 7

Below —1.75 1 Among the lowest scores
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PERCENTILE RANK

A measure of relative position that most people find easy to understand and
interpret is the percentile rank (PR), which indicates the percentage of scores
in a distribution that are equal to and fall below a given score point. It is easy
to picture a score with a PR of 32 as having 32 percent of the scores in its dis-
tribution as equal to this and below it, and a score with a PR of 89 as having
89 percent of the scores equal to it and below it.

The following is a simple way to calculate PR:

1. Arrange the scores in a frequency distribution.

2. Determine the cumulative frequency of scores below the interval contain-
ing the score of interest and add one half of the frequency of scores within
the interval containing the score of interest.

3. Divide this sum by the total number of scores and multiply by 100.

Consider Mr. Li’s physics exam scores (see Table 6.2). To calculate the PR
of 21, we start with the cumulative frequency below a score of 21 (¢f=10) and
add one half of the number scoring 21 (f;, = 2). We then divide this number by
the total number of students who took the test (V= 18). Finally, we multiply
the result by 100 and round to the nearest whole number:

PR= (100) (6.15)

which is rounded to 67.
A score of 18 is assigned the following PR:

Jw 2
B Cfi) +? B 2+ 2 3 B
PR=—x"(100) = W(lOO) = E(lOO) =16.67
which is rounded to 17.
The major advantages of percentile ranks are as follows:

1. They have universal meaning. A score with a percentile rank of 89 is high
in any distribution. A score with a percentile rank of 32 is somewhat low
in any distribution.

2. The familiar concept of 0 to 100 percent applies to the interpretation of
percentile rank. Schools often report percentile ranks to parents.

The major disadvantages of percentile rank are as follows:

1. As with other ordinal statistics, percentile ranks cannot be added, sub-
tracted, multiplied, or divided.

2. As with all ordinal indexes, equal differences between percentile ranks
do not represent equal differences between the scores in the original
distribution. If there are many scores near a particular score, a small
change in score will produce a major change in percentile rank. If there
are few scores near a particular score, a considerable change in raw
score will be necessary to produce a change in position relative to other

Copyright 2012 Cengage Learning. All Rights Reserved. May not be copied, scanned, or duplicated, in whole or in part. Due to electronic rights, some third party content may be suppressed from the eBook and/or eChapter(s).
Editorial review has deemed that any suppressed content does not materially affect the overall learning experience. Cengage Learning reserves the right to remove additional content at any time if subsequent rights restrictions require it.



CHAPTER 6 DESCRIPTIVE STATISTICS 135

scores and thus a change in percentile rank. For example, a profes-
sor has recorded the weights of the students in his Physical Education
202 class and used them to illustrate the computation of percentile rank.

The result is the polygon shown in Figure 6.8.
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Figure 6.8 Weights of Students in Physical Education 202 Class
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Figure 6.9 Measures of Relative Position
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A 160-pound student and a 210-pound student both resolve to lose weight
and actually lose 10 pounds each. The 10-pound loss moves the 160-pound
student from a percentile rank of 75 to a percentile rank of 50. The same
weight loss only changes the heavier student’s percentile rank from 95 to 90.
Often, many cases concentrate near the middle of a distribution and then taper
off with few cases occurring at the extreme ends. In such distributions, minor
differences in raw scores will appear as major differences in percentile ranks
among those scores that are near the center of the distribution where a large
number of the scores typically are located. At the extreme ends of the distribu-
tion, where there are few scores, major differences in raw score will have only
minor effects on percentile rank. We discuss the phenomenon more closely
when we consider the normal curve.

Figure 6.9 shows the process of deciding which index to choose for indicat-
ing relative position.

THE NORMAL CURVE

Recall the example of deductive reasoning in Chapter 1, where we concluded
that if the probability of having a son is 50 percent and the probability of hav-
ing a daughter is 50 percent, the probability of two daughters is 25 percent,
the probability of two sons is 25 percent, and the probability of one of each is
50 percent. Abraham DeMoivre (1667-1754) pondered the probabilities of vari-
ous outcomes when the percent of likelihood in each trial is 50/50, as in heads
and tails in honest coin flips. He came up with a formula to predict the prob-
abilities of various number of heads (or tails) when a coin is flipped an infinite
number of times. The most frequent score is half infinity, the next most frequent
scores are half infinity plus one and half infinity minus one, and so forth. When a
polygon of the expected proportions of various z scores is made, the outcome is
a bell-shaped curve called the normal curve. This model proved very useful for
gamblers interested in predicting the probability of various gaming outcomes.

Soon after the normal curve was developed, it was noticed that many natu-
rally occurring distributions, such as height, weight, and 1Q, formed polygons
resembling the normal curve. If in America you measure boys on their 10th
birthday, you will find many whose height is near the mean and slightly fewer
boys who are a bit above or a bit below the mean. The further you move from
the mean, the fewer boys you will find at each height. As in the normal curve
probability model, z scores near 0 will be expected to occur more frequently
than other z score values, and the farther from O a z score is, the less fre-
quently it will be expected to occur.

Inasmuch as so many naturally occurring distributions resemble the normal
curve, this theoretical model has proved very useful in research. Whenever
actual data are known or believed to resemble the normal curve in distribu-
tion, you can deduce many useful estimates from the theoretical properties of
the normal curve.

Note in Figure 6.10 that the normal curve is a symmetrical distribution
with the same number of cases at specified z score distances below the mean
as above the mean. Its mean is the point below which exactly 50 percent of
the cases fall and above which the other 50 percent of the cases are located.
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Figure 6.10 Normal Curve and Equivalents

Source: Test Service Notebook 148. Originally publisned as Test Service Bulletin No. 48, January 1955. Updated to include Normal
Curve Equivalents, September 1980 by NCS Pearson, Inc. Reproduced with permission. All rights reserved.

Because the curve is symmetrical, the mean, the median, and the mode are
identical. In a normal distribution, most of the cases concentrate near the
mean. The frequency of cases decreases as you proceed away from the mean
in either direction. Approximately 34 percent of the cases in a normal distri-
bution fall between the mean and 1 standard deviation above the mean, and
approximately 34 percent are between the mean and 1 standard deviation
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below the mean. Between 1 and 2 standard deviations from the mean on
either side of the distribution are approximately 14 percent of the cases.
Only approximately 2 percent of the cases fall between 2 and 3 standard
deviations from the mean, and only approximately one-tenth of 1 percent of
the cases fall above or below 3 standard deviations from the mean.

These characteristics can be seen in Figure 6.10. You can see that approx-
imately one-sixth of the curve falls to the left of 1 standard deviation below
the mean. The first line under the curve shows standard deviations from —4
to +4. These are equivalent to z scores from —4.00 to +4.00. The cumula-
tive percentage line tells you that 15.90 percent of scores fall below —1
and 97.70 percent falls below +2, and so on. The line following cumulative
percentage shows these cumulative percentage scores rounded to the near-
est whole percentage. Multiplying each of these numbers by 100 gives you
percentile rank.

Percentile equivalents are shown on the next line, which also shows the
first quartile (Q, sets off the lowest 25 percent of scores), the median (Md),
and the third quartile (Q, sets off the lower 75 percent or upper 25 percent of
scores). Note how slowly the percentile equivalents change below @, and above
Q; and how rapidly they change between these two points. The next line after
percentile equivalents shows z scores, which are identical to the scores on the
standard deviation line. Following the z score line are various standard scores
transformed from z scores including 7" scores, CEEB scores, stanines, percent
in stanine, Wechsler subtest scores, and Weschsler deviation I1Qs. Note that
95 percent of the normal curve falls between plus and minus z=1.96, and
99 percent falls between plus and minus z=2.58. These boundaries become
important when we discuss the use of the normal curve in inferential statistics.
To determine the exact percentage of the cases below and above each z score
in the normal distribution, consult Table A.1 in the Appendix, which gives the
areas of the normal curve. Column 1 of Table A.1 contains different z values.
Column 2 gives the area under the curve between the mean and each z value.
Column 3 shows the remaining area from each z score to the end of the curve.
Therefore, the areas in column 2 and column 3 add up to .5000. Take as an
example the z value of +0.70. The area between this z value and the mean
can be found in column 2; it is .2580. This figure indicates that 26 percent of
the cases fall between this z value and the mean of the distribution. Because
the mean of the normal distribution coincides with the median, 50 percent
of the cases lie below the mean. Add 0.50 to the .2580, and the result tells
you that you can expect 75.80 percent of the cases to fall below the z value
of +0.70. Column 3 indicates that the other 24.20 percent of the cases fall
above the z value of +0.70.

This procedure is reversed when the z value is negative. Suppose you
want to find the percentage of cases below the z value of —0.70. The area
between the mean and a z score of —0.70 is .2580 or, in terms of percent-
age, 25.80 percent of the cases. Subtracting 25.80 from 50, results in 24.20,
indicating that only 24.20 percent of the scores lie below a z value of —0.70
in a normal distribution. This value can also be found in column 3 of the
table, which gives a value of .2420 for a z score of 0.70. The percentage of
scores above —0.70 is 100 — 24.20, or 75.80 percent. Because the normal
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curve is symmetrical, we do not need separate tables for positive and nega-
tive z scores. You just have to remember the sign of the z score with which
you are working.

Among other applications, the normal curve can be used to help people
interpret standard scores. For example, how high is a score of 650 on the SAT?
The SAT has a mean of 500 and a standard deviation of 100, so the z score here
is 1.50. Consulting Table A.1, column 2, you find .4332 of the normal curve
falls between the mean and z=1.50. Adding the 50 percent below the mean,
you can say that an SAT score of 600 exceeds the scores of 93 percent of SAT
scores.

Because it is known that the population distribution of SAT scores closely
resembles the normal curve, PR approximations based on the normal curve
will be quite near to the actual PRs. With other scores, as actual distribu-
tions become increasingly less like the normal curve, the PR approximations
become more distant. Where the shape of a distribution is not known, it is
usually reasonable to assume a distribution similar to the normal curve and
to use the normal curve table to find reasonable approximations of the PRs of
various z scores. The more the actual shape differs from the normal, the less
useful the approximations become.

The most common use of the normal curve in descriptive statistics is going
from a given z score to a percentile rank, as described in the previous para-
graph, but we can also use it to go in the opposite direction, from a given per-
centile rank to its z score equivalent.

CORRELATION

After completing the second unit in physics class, Mr. Li gave a second exam.
Table 6.5 lists his students in column 1. Their z scores on test 1 are shown
in column 2, and their z scores on test 2 are shown in column 3. Recall that
z scores are a way to indicate the relative positions of scores. They have uni-
versal meaning and can be used with any interval or ratio data.

Table 6.5 reveals that there is a tendency for those who had positive z scores
on test 1 to have positive z scores on test 2, and for those with negative z scores
on test 1 to have negative z scores on test 2. Four students have identical
z scores on both tests. The others have z scores with the same sign but different
values, except Ali, who had a positive z score on test 1 and a negative z score
on test 2.

Figure 6.11 shows a histogram ofthe first test scores on the abscissa (x) and
a histogram of the second test scores turned sideways on the ordinate (y).
In the upper right part of Figure 6.11 you find each student’s position on
both the first and the second test. This gives a picture of how the students
tend to have similar z scores on the two tests, but there is some shift-
ing of their relative positions. There is a strong but not perfect positive
relationship between the relative positions of each student’s scores on the
two tests.

Correlations indicate the relationship between paired scores. The correla-
tion indicates whether the relationship between paired scores is positive or
negative and the strength of this relationship. The pairs may be two scores
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Table 6.5 Mr. Li’s First and Second Test z Scores

Test 1 z Scores Test 2 z Scores z Score Products

Student Z, z, (z.z,)

Ali +0.50 -1 -0.50

Ann 0 0 0

Ben +1.50 +1 1.50

Cal 0 -1 0

Dan 0 +0.50 0

Ed +0.50 +0.50 0.25

Ima +1 +1.50 1.50

Jan —0.50 0 0

Kay -2 -1.50 3

Lee 0 -1 0

Mel -1 -0.50 0.50

Mia +1.50 +1 1.50

Ned +0.50 +1.50 0.75

Ona +0.50 +1 0.50

Sam +1 +1 1

Sue -0.50 -0.50 0.25 o

Ted —2 -1 2 £

Van -1 -1.50 1.50 E,
3=13.75 8

for the same individual, natural pairs such as husbands and wives, or two
individuals matched on some measure such as reading test scores. In addition
to looking at correlation through visual means, the researcher can calculate a
correlation coefficient that represents the correlation.

PEARSON PRODUCT MOMENT
CORRELATION COEFFICIENT

A very useful statistic, the Pearson product moment correlation coefficient
(Pearson r), indicates both the direction and the magnitude of the relationship
between two variables without needing a scatterplot to show it.

Start with the knowledge that because of the way z scores are defined, the
sum of the z scores squared in any distribution will always equal the number
in that distribution. (To test this, square the z scores in column 1 or column 2,
and find that the sum of the z scores squared in each column is 18.) Therefore,
the mean of the squared deviations is always 1.

For example, if you measured precisely the square feet in each room in your
building (x), and then precisely measured each room in square meters (y), the
z scores would be identical and the Pearson r would be +1.0.

Taking a schedule of Amtrak trains traveling between Chicago and Seattle,
showing the miles from Seattle (x) and miles from Chicago (y), the z scores of
each station in terms of miles from Seattle (x) would be the exact opposite of
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Figure 6.11 Mr. Li’s Students’ z Scores on First and Second Exam Scores

z scores on y (miles from Chicago). Each mile farther from Chicago is a mile
closer to Seattle. The Pearson r would be —1.0.
We have seen that the z scores on Mr. Li’s two tests in Table 6.5 are similar
but not perfectly aligned, so we know that the z score product averages for x
and y will be less than +1.0 but approaching +1.0.
The definition of the Pearson r is simplicity itself. It is the mean z,z, product:

3z,
- N

(6.16)
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where

r=Pearson product moment coefficient of correlation
2z,z,=sum of the z score products
N =number of paired scores

The sum of the z score products in Table 6.5, column 4, is 13.75. Therefore,
r=13.75/18 =.76. This confirms what we had already concluded: The z scores on
the two tests are positively related, and this relationship is strong but not perfect.

Whenever individuals tend to have z scores of the same sign but do not have
exactly the same z score on X that they have on Y, the sum of the z scores
will be positive but less than N. Therefore, the mean z score product, the
Pearson r, will be less than +1. If positive z, scores tend to be paired with nega-
tive z, scores, but they are not perfect mirror images of each other, the sum
of the z,z, products will be a negative number, nearer to zero than to negative
N. Therefore, the mean will be between —1 and 0. If there is a strong but not
perfectly negative relationship, the » will be near to —1.00. If there is no overall
relationship between the paired z scores, their product will be zero and their
mean will be zero.

Here we have an index that indicates not only the direction of relation-
ships between variables, but also the strength of the relationships. This
index is never greater than+1.00 or less than—1.00. It has universal
meaning.

Means and standard deviations that are whole numbers almost never occur
except in textbooks. Typical z scores are awkward decimal or mixed numbers,
such as .4716 or 1.6667. Formula 6.16 is useful for understanding what the
Pearson r means, but it is hopeless for calculation. Formula 6.17 avoids the
need for calculating z scores and multiplying awkward decimals and mixed
numbers. It also avoids rounding errors. Its result is the same as that of
Formula 6.16:

syy- GHEY
r= (6.17)

Ve - ) - B

where

r = Pearson r
2X = sum of scores in X distribution
3Y = sum of scores in Y distribution
3X? = sum of the squared scores in X distribution
3Y? = sum of the squared scores in Y distribution
3XY = sum of products of paired X and Y scores
N = number of paired X and Y scores (subjects)

Table 6.6 provides the data needed to calculate the Pearson r for Mr. Li’s
tests 1 and 2 using Formula 6.17. Column 1 lists the students. Column 2 shows
each student’s raw score on test 1 (X), and column 3 shows these raw scores
squared (X?). Column 4 shows each student’s raw score on test 2 (Y), and col-
umn 5 shows these scores squared (Y?). Column 6 shows the product of each
student’s X raw score multiplied by his or her Y raw score (XY).
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Table 6.6 Mr. Li’s Physics Class Raw Scores lllustrating the Calculation of the Pearson r

1) (2) (3) 4) (5) (6)
Name X X? Y Y? XY
Ali 21 441 22 484 462
Ann 20 400 26 676 520
Ben 23 529 30 900 690
Cal 20 400 22 484 440
Dan 20 400 28 784 560
Ed 21 441 28 784 588
Ima 22 484 32 1024 704
Jan 19 361 26 676 494
Kay 16 256 20 400 320
Lee 20 400 22 484 440
Mel 18 824 24 576 432
Mia 23 529 30 900 690
Ned 21 361 32 1024 672
Ona 21 331 30 900 630
Sam 22 484 30 900 660
Sue 19 361 32 1024 672
Ted 16 256 22 484 352
Van 18 324 20 400 360

2X=360 SX?=7272 2Y=468 SY2=12456 3XY=9470

Using Formula 6.17, we obtain

_ (360)(468)
r: 9470 — =220
B (360)2) ( 3 (468)2)
\/(7272 “Tg | |12456 - ¢
_ 168480
_ 9470 — =272
_ 129600 _ 219024
\/(7272 18 )(12456 18 )
9470 — 9360

N V(7272 —-7200)(12456 — 12168)

_9470-9360 _9470—9360 _9470—-9360 _ 110 _

= /(72) (288) /20736 144 14470
SCATTERPLOTS

The upper right part of Figure 6.11 shows icons with names to illustrate the con-
cept that each icon represents an individual’s z scores on both dimensions, test
1 and test 2. It is easier in practice to use a dot to represent individuals’ pairs of
scores and plot them on a graph called a scatterplot, as shown in Figure 6.12.
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Figure 6.12 Scatterplot of Mr. Li’s Students’ First and Second Test Scores

In a research situation, the z scores on the horizontal axis will be those of
the independent variable, with the lowest z score on the left and the highest
z score on the right. The z scores on the vertical axis will be those of the
dependent variable (y), with the lowest z score at the bottom and the highest
z score at the top.

A scatterplot illustrates the direction of the relationship between the vari-
ables. A scatterplot with dots going from lower left to upper right indicates a
positive correlation (as variable x increases, variable y also increases). One
with dots going from upper left to lower right indicates a negative correlation
(as variable x increases, variable y decreases).

A scatterplot of z scores also reveals the strength of the relationship between
variables. If the dots in the scatterplot form a narrow band such that when a
straight line is drawn through the band the dots will be near the line, there is
a strong linear relationship between the variables. However, if the dots in the
z score scatterplot scatter widely, the relationship between variables is rela-
tively weak. The scatterplots in Figure 6.13 show various positive and negative
and strong and weak relationships, expressed mathematically by r.

You can see in comparing these scatterplots that the tilt of the “cloud” of
dots becomes increasingly less as r moves from a 45° angle for r=+1.00 or
r=—1.00 until it reaches r =0, where it is flat and matches the line for the
mean of the xy scores.
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Once you are used to correlations, you will be able to picture a scatterplot
for any Pearson correlation you encounter.

Like the mean and standard deviation, the Pearson r is an interval sta-
tistic that can also be used with ratio data. An assumption underlying the
product moment coefficient of correlation is that the relationship between
the two variables (X and Y) is linear—that is, that a straight line provides
a reasonable expression of the relationship of one variable to the other.
If a curved line expresses this relationship, it is said to be a curvilinear
relationship. In a curvilinear relationship, as the values of X increase, the
values of Yincrease up to a point, at which further increases in X are asso-
ciated with decreases in Y. An example is the relationship between anxiety
and performance. As individuals’ anxiety level increases, so does their per-
formance, but only up to a point. With further increases in anxiety, perfor-
mance decreases. Another example is the amount of care people require
during the course of a lifetime: It is high in the early and late years and
usually relatively low in the middle years. A scatterplot of this relationship
would produce a curve.

A practical way of determining whether the relationship between two vari-
ables is linear or curvilinear is to examine a scatterplot of the data. Figure 6.14
shows two diagrams, one of which (A) indicates a linear relationship and the
other (B) a curvilinear one.

After scoring test 2 and entering these exam scores in his computer, Mr. Li also entered each
student’s number of days absent during the second unit. He instructed the computer to cal-
culate the Pearson r for these two variables (days absent and test 2 scores). The r was —.40.
What would he conclude?

Answer
There was a moderate tendency for those with high days absent to have lower test 2 scores,
and those with low days absent to have higher scores on test 2.
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Figure 6.14 Linear and Curvilinear Relationships
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If the relationship between variables is curvilinear, the computation of the
Pearson r will result in a misleading underestimation of the degree of relation-
ship. In this case, another index, such as the correlation ratio (A), should be
applied. A discussion of the correlation ratio is presented in Chapter 13.

1. What is the best estimate of the Pearson r in Figure 6.157 (a) .80, (b) .60, (c) 0,
(d) —.60, (e) —.90.

Answers
1l.e

INTERPRETATION OF PEARSON r

You have seen that when two variables are highly related in a positive way,
the correlation between them approaches +1.00. When they are highly related
in a negative way, the correlation approaches —1.00. When there is little rela-
tion between variables, the correlation will be near 0. The Pearson r provides
a meaningful index for indicating relationship, with the sign of the coefficient
indicating the direction of the relationship, and the difference between the
coefficient and 0 indicating the degree of the relationship.

However, in interpreting the correlation coefficient, keep the following
points in mind:

1. Correlation does not necessarily indicate causation. When two variables
are found to be correlated, this indicates that relative positions in one
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variable are associated with relative positions in the other variable. It
does not necessarily mean that changes in one variable are caused by
changes in the other variable.

We may find a correlation between two variables not because there is
an intrinsic relationship between these variables, but because they are
both related to a third variable. For example, if we correlate the aver-
age teachers’ salary for each of the past 20 years and the dollar value of
coffee sold during each of these years, we derive a high correlation. This
does not mean that as soon as teachers’ salaries are raised, they spend
the extra money on coffee. We observe a correlation between the two
variables because each of them is highly correlated with a third variable,
general inflation.

2. The size of a correlation is in part a function of the variability of the
two distributions to be correlated. Restricting the range of the scores to
be correlated reduces the observed degree of relationship between two
variables. For example, people have observed that success in playing
basketball is related to height: The taller an individual is, the more
probable that he or she will do well in this sport. This statement is true
about the population at large, where there is a wide range of heights.
However, within a basketball team whose members are all tall, there
may be little or no correlation between height and success because
the range of heights is restricted. For a college that accepts students
with a wide range of scores on a scholastic aptitude test, you would
expect a correlation between the test scores and college grades. For
a college that accepts only students with very high scholastic aptitude
scores, you would expect very little correlation between the test scores
and grades because of the restricted range of the test scores in this
situation.

If we correlate shoe size and reading vocabulary scores for a sin-
gle grade level, we would expect a correlation of approximately zero.
However, if we correlated this variable for all elementary students, we
would obtain a high correlation because as children mature their feet
become larger and their vocabulary increases.

3. Correlation coefficients should not be interpreted in terms of percentage
of perfect correlations. Because correlation coefficients are expressed
as decimal fractions, sometimes they are interpreted mistakenly as a
percentage of perfect correlation. For example, an r of .80 does not
indicate 80 percent of a perfect relationship between two variables.
This interpretation is erroneous because, for example, an r of .80 does
not express a relationship that is twice as great as an r of .40. A way
of determining the degree to which you can predict one variable from
the other is to calculate an index called the coefficient of determina-
tion. The coefficient of determination is the square of the correlation
coefficient. It gives the percentage of variance in one variable that is
associated with the variance in the other. For example, if you find a cor-
relation of +.80 between achievement and intelligence, 64 percent of
the variance in achievement is associated with variance in intelligence
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test scores. Probably the best way to give meaning to the size of the
correlation coefficient is to picture the degree of scatter implied by cor-
relations of different sizes (as illustrated in Figure 6.12) and to become
familiar with the size of correlations commonly observed between vari-
ables of interest.

4. Avoid interpreting the coefficients of correlation in an absolute sense.
In interpreting the degree of correlation, keep in mind the purpose for
which it is being used. For example, it may not be wise to use a cor-
relation of .50 for predicting the future performance of an individual.
However, if you could develop a measure that you could administer to
high school seniors that correlated with their subsequent college fresh-
man grade point average (GPA), your services could be in high demand
because both ACT and SAT scores correlate approximately .40 with sub-
sequent freshman GPAs. Correlations and their use in research are dis-
cussed further in Chapter 13.

EFFECT SIZE

We have seen that the Pearson r indicates both the direction and the
strength of a relationship between variables. The Pearson r has universal
meaning in that an r near +1.00 always indicates a strong positive relation-
ship no matter the variables under consideration. An r near —1.00 always
means a strong negative relationship and an r near 0 always means a weak
relationship. Smith and Glass (1977) were among the first contemporary
researchers to write about the concept of effect size, a statistic that has
universal meaning to assess both the direction and the strength of a differ-
ence between two means. In this sense, an effect size subtracts the mean of
the control group from the mean of the experimental group and then divides
this difference by the standard deviation of the control group, as seen in
Formula 6.18:

A=X°’80X” (6.18)

where

A = effect size for a difference between means
X, =mean of the experimental group
X,=mean of the control group

s. = standard deviation of the control group

In experimental studies, effect size can be used to compare the direction and
the relative strength of different independent variables (i.e., intervention) on
the same dependent variable.

Consider an experiment in which on-task behavior is the dependent vari-
able. The experimental group receives contingent reinforcement, whereas the
control group does not. (We explain this contrast more fully in Chapter 11.)
The control group has a mean of 90 and a standard deviation of 10. The experi-
mental group has a mean of 96. The effect size is 96 —90/10 = .60. Consider
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another experiment with the same dependent variable (i.e., on-task behavior),
but with a drug treatment versus a placebo as the independent variable. The
control group, which received the placebo, has a mean of 95 and a standard
deviation of 8. The experimental group, which received a drug, has a mean
of 97. The effect size is 97 —95/8 .25. The evidence suggests that contingent
reinforcement has had a greater effect related to on-task behavior than has
the drug.

Effect sizes are interpreted in the same way that z scores are interpreted.
Effect size can be used to compare the direction and the relative magnitude
of the relationships that various independent variables have with a common
dependent variable. In addition, it can be used to help decide whether the dif-
ference an independent variable makes on the dependent variable is strong
enough to recommend its implementation in practice.

One approach is to ask if a given effect size is larger or smaller than effect
sizes found in other studies with the same dependent variable. Also, you can
assess the utility of an effect size by relating the cost in time, money, and
other resources needed to implement the independent variable in relation to
the importance of the dependent variable. For example, a school of nursing
would be interested in a brief inexpensive procedure that produced an effect
size of .20 on state nursing licensure exam scores. Effect size is a useful sta-
tistic for assessing the strength and utility of a treatment or other independent
variable. Cohen (1988), with approximate verification from Lipsey and Wilson
(1993) and Sawilowsky (2009), suggested the following interpretations, but
as with guidelines these should be applied cautiously within the context of a
research study:

An effect size of .20 is small.
An effect size of .50 is medium.
An effect size of .80 is large.

Cohen also developed an alternate index of effect size symbolized by lower-
case d. Cohen’s d is computed by subtracting the mean of the control group
from the mean of the experimental group and dividing by the pooled standard
deviation of the two groups:
X, -X
d=—2=~_—E£_ (6.19)

Saf+ 3l
n,+n,—2
d = effect size

X; =mean of one group
X, =mean of the other group
3, =sum of deviation scores squared in the first group
3x, =sum of deviation scores squared in the second group
n, =number in first group
n, =number in second group

where

For example, we compare the scores of 28 students taught method A (group 1)
and 22 students taught method B (group 2) with the following statistics. The d
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is .56 indicating that the group 1 mean is higher than the group 2 mean by an
effect size of .56 or a medium effect size.

_ XX, 82-79
Sa2+3al 1390
W 28+22-2

_ 3 3 __3 s
1390 1/28.9583 5.3513
48

Often Cohen’s d is employed more readily than Smith and Glass’s A because
d does not require designating one group as the control group in the numera-
tor. Also, the denominator is an estimate of the population standard deviation
based on the variance within both groups and the number in both groups.

As a form of z scores, effect sizes have universal meaning. An effect size of
—.50 always means that the group 1 mean was half a standard deviation below
the group 2 mean. Effect sizes are important for evaluating the results of a
quantitative study that has produced statistically significant results. The con-
cept of effect size that has been promoted in the field of educational research is
now widely used in other social science disciplines. The Publication Manual of
the American Psychological Association (2010, p. 34) asserts: “For the reader
to appreciate the magnitude or importance of a study’s findings, it is almost
always necessary to include some measure of effect size in the Results section.”

Effect size can be calculated for various statistics other than X,— X,. The
coefficient of determination, referred to previously, is considered an effect size
for correlations. For further discussion of effect size, see Walker (2004; 2005a;
2005c¢), who analyzes various effect sizes encountered in sundry situations within
social science research, particularly effect sizes affiliated with Cohen’s d and its
related indices, and also r-based functions of variance accounted for effect sizes.
Additionally, Kline (2004), Levin and Robinson (2000), McGrath and Meyer (2006),
Thompson (2002), and Vacha-Haase and Thompson (2004) all have extended the
discussion and potential possibilities via the use and analysis of effect sizes with
statistically significant results. Lastly, Onwuegbuzie (2003) has proposed ways
to apply effect size in qualitative research. Thus, the reporting of effect sizes is
becoming more frequent in education and other social sciences fields.

A note of caution: Effect size is independent of sample size. Therefore,
large effect sizes can easily be observed through chance alone with very small
samples. A rule of thumb is that samples of less than 30 are considered small.
(Most of our examples are less than 30, so you are not bogged down by the
math.) In Chapter 7, we present ways of taking into account size of sample as
well as effect size in evaluating results.

META-ANALYSIS

Smith and Glass (1977) developed the concept of meta-analysis, which is a sta-
tistical technique that combines the effect sizes reported in the results of stud-
ies with the same (or similar) independent and dependent variables. In 1981,
Glass, McGaw, and Smith wrote Meta-Analysis in Social Research, which is
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considered the classic work on meta-analysis. The result of a meta-analysis
provides an overall summary of the outcomes of a number of studies by cal-
culating a weighted average of their effect sizes. Meta-analysis gives a better
estimate of the relationship among variables than do single studies alone. It is
important that the group of studies included in a meta-analysis focus on the
same hypothesis or research questions with the same variables. You would not
conduct a meta-analysis on school achievement in general, but rather would
focus on a particular area such as the effect of specific science teaching strate-
gies on student achievement in high school chemistry. The average effect size
as a formula is

_ An.+An,+---+/A.n
A=—11 112v Kk (6.20)

where

A = average effect size
A, = effect size for group 1
A= effect size of the last group
n,; =number in first group
n, =number in last group
N = total number of subjects

Suppose we have four studies investigating the effect of phonics instruction on
reading proficiency. Their statistics are as follows:

Study 1: effect size =.90, n= 60
Study 2: effect size = .40, n =40
Study 3: effect size = —.20, n =30
Study 4: effect size =.10, n =70

The average effect size is

54+16+-6+7 71 _ 36

A =.9(60) +.4(40) + —.2(30) +.1(70) = 200 —200 -

This is approximately halfway between what Cohen describes as a small effect
size and a medium effect size. Another way of looking at it is to use the nor-
mal curve. Consulting Table A.1 in the Appendix, you see that a z score of .36
has a percentile rank of 64. The mean in a treatment group is equivalent to a
score with a percentile rank of approximately 64 in the control group. If the
treatment is relatively inexpensive, you would be inclined to recommend it in
practice. If the treatment is expensive and/or the dependent variable is rela-
tively unimportant, you would not be inclined to recommend it. The following
is an abstract of a meta-analysis by Graham and Perin (2007):

There is considerable concern that the majority of adolescents do not develop
the competence in writing they need to be successful in school, the workplace, or
their personal lives. A common explanation for why youngsters do not write well
is that schools do not do a good job of teaching this complex skill. In an effort
to identify effective instructional practices for teaching writing to adolescents,
the authors conducted a meta-analysis of the writing intervention literature
(Grades 4-12), focusing their efforts on experimental and quasi-experimental
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studies. They located 123 studies that yielded 154 effect sizes for quality of
writing. The authors calculated an average weighted effect size (presented in
parentheses) for the following 11 interventions: strategy instruction (.82), sum-
marization (.82), peer assistance (.75), setting product goals (.70), word pro-
cessing (.55), sentence combining (.50), inquiry (.32), prewriting activities (.32),
process writing approach (.32), study of models (.25), grammar instruction (-.32).

Based on the average weighted effect size of the interventions, Graham and
Perin (2007, p. 445) made a number of recommendations:

1. Teach adolescents strategies for planning, revision, and editing their
compositions.

2. Teach strategies and procedures for summarizing reading material.

3. Develop instructional arrangements in which adolescents work together
to plan, draft, revise, and edit their work.

4. Set clear and specific goals for what students are to accomplish with their
writing.

5. Have students use word processing as a primary tool for writing.

6. Teach them how to combine sentences into increasingly more complex
sentences.

7. Provide teachers with professional development in how to use the pro-
cess writing approach.

8. Involve students with writing activities designed to sharpen their skills of
inquiry.

9. Engage students in prewriting activities that help them to gather and
organize ideas.

10. Provide students with good models for each type of writing that is the
focus of instruction.

Meta-analysis is also used to integrate the findings of nonexperimental stud-
ies. For example, you might conduct a meta-analysis of studies that have
examined gender differences in mathematics performance on standardized
tests, or a meta-analysis might involve studies investigating the correla-
tion of certain noncognitive variables to achievement in graduate education
courses.

Meta-analysis has sometimes been criticized for including the results of
poorly designed and conducted studies along with the results of more credible
studies (criteria for evaluating research designs are presented in Chapter 10).
This problem can be resolved by first calculating the average effect size of all
studies and then calculating the average effect size of well-designed studies
to determine if the latter agree with the former. Qin, Johnson, and Johnson
(1995) did this in a meta-analysis of studies comparing problem-solving per-
formance of subjects under cooperative versus competitive conditions. In 55
cases, cooperation outperformed competition; whereas in 8, competition out-
performed cooperation. The average effect size was .55 in favor of cooperation.
The average effect size of the 33 studies judged as being of high methodologi-
cal quality was .68.
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The statistical computations involved in a meta-analysis are beyond the
scope of this text. A number of software programs are available for perform-
ing the two main computations: (1) calculating the effect size estimates and
(2) analyzing the estimates obtained. The reader is referred to Cummings
(2012), Hedges (1998), Hunter and Schmidt (2001), Lipsey and Wilson (2000),
Rosenthal (1991), and Walker (2003) for further discussion of meta-analysis

approaches and applications.

SUMMARY

Descriptive statistics serve to describe and
summarize observations. The descriptive tech-
nique to be employed is selected according to
the purpose the statistic is to serve and the
scale of measurement used.

Scales of measurement are means of quanti-
fying observations. There are four types:

1. Nominal scales classify observations into
mutually exclusive categories.

2. Ordinal scales sort objects or classes
of objects on the basis of their relative
standing.

3. Interval scales use equal intervals for
measurement and indicate the degree to
which a person or an ohject possesses a
certain quality.

4. Ratio scales use equal intervals for mea-
surement and measure from an absolute
zero point.

Once observations are quantified, the data
can be arranged into frequency distributions
and shown graphically.

Measures of central tendency—the mode,
the median, and the mean—provide a single
index to represent the average value of a
whole set of measures. The mode, which is a
nominal statistic, is the least stable and least
useful measure in educational research. The
median is an ordinal statistic that takes into
account the ranks of scores within a distribu-
tion but not the size of the individual scores.
The mean, which is an interval (or ratio)
statistic, is the most stable and most widely
used index of central tendency. Another way
of describing observations is to indicate the
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variation, or spread, of the values within a
distribution. The range, the variance, and the
standard deviation are three indexes used for
this purpose. The range, a nominal statistic, is
the distance between the highest and the low-
est values in a distribution, plus 1. Variance is
the mean of the squared deviations of scores
from the mean. It is an interval (or ratio) sta-
tistic. Standard deviation—the square root of
the variance—is the most widely used index
of variability.

Standard scores are used to indicate the
position of a single score in a distribution.
The most widely used is the z score, which
converts values into standard deviation units.
The z scores are often converted into stanines,
T scores, or other standard scores. An ordinal
index of location shows a score’s position in
percentile rank, which indicates what per-
centage of scores fall equal to or below the
midpoint of the score’s interval. Using the
characteristics and the areas of the normal
curve, you can approximate the percentage of
cases below and above each z score in a nor-
mal distribution.

Correlation techniques enable research-
ers to describe the relationship between two
sets of measures. Product moment correlation
(Pearson r), the most widely used index of rela-
tionships, is used with interval or ratio data.
Table 6.7 summarizes correlation indexes appro-
priate for interval, ordinal, and nominal data.

Effect size—the difference between the
means of the experimental and control groups
divided by the standard deviation of the control
group—is a useful measure of the strength or
magnitude of their relationship.



Table 6.7 Summary of Descriptive Statistics Presented in This Chapter
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Nominal Ordinal Interval
Indexes of central tendency =~ Mode Median Mean
Indexes of variability Range Variance and standard deviation
Indexes of location Label or Percentile rank z score, T scores, and other standard
classification scores
Correlation indexes Pearson r

Meta-analysis is a widely used method for combining the statistical results
of a group of studies on the same problem. It enables researchers to succinctly
summarize results of many studies on a particular question. The most widely
used index is the average effect size.

KEY CONCEPTS

coefficient of determination  mean

positive correlation

Cohen’s d measures of central tendency positively skewed distribution
correlation median range

correlation coefficient meta-analysis scatterplot

curvilinear relationship mode skewed distribution ratio scale

descriptive statistics negative correlation standard deviation scatterplot
deviation scores negatively skewed distribution  standard score

effect size nominal scale stanine score

frequency distribution normal curve symmetrical distribution
frequency polygon normal distribution T score

histogram ordinal scale variability

inferential statistics Pearson product moment variance

interval scale correlation coefficient z score

linear relationship percentile rank

EXERCISES

1. Identify the type of measurement scale—
nominal, ordinal, interval, or ratio—
suggested by each statement:

a. Lili finished the math test in 35 minutes,
whereas Tsavo finished the same test in
25 minutes.

. Tsavo speaks French, but Lili does not.

. Tsavo is taller than Lili.

. Lili is 6 feet 2 inches tall.

. Lili’s IQ is 120, whereas Tsavo’s IQ is

110.

2. Draw a histogram and a frequency
polygon for the following frequency
distribution:

o L0 T

80
79
78
77

3 74 22 71 9
10

. Provide answers as requested, given the

following distribution: 15, 14, 14, 13, 11,
10, 10, 10, 8, 5.

a. Calculate the mean

b. Determine the value of the median

c. Determine the value of the mode
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10.

11.

12.

13.
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. Briefly explain the relationship between

the skewness of a distribution of scores
and the resulting values of the mean,
median, and mode.

. Identify the measure—mode, mean, or

median—that best suits each type of
scale:

a. Ordinal

b. Nominal

c. Interval

. Identify the measure—mode, mean, or

median—that each term defines:

a. The middle score

b. The arithmetic average

c. The most frequently occurring score

. Discuss the advantages and disadvantages

of range and standard deviation as mea-
sures of variability of the scores.

. a. Calculate the z score for a score of 5 in

a distribution with a mean of 7 and a
standard deviation of 0.50.

b. What would be the stanine score for
this score?

. Using Table A.1, what is the estimated

percentile rank for a z score of +1.20?

Why do you think the U.S. Census Bureau

reports median income instead of mean

income?

On an analysis of achievement test, male

scores were more heterogeneous, more

spread from low to high, than female

scores.

a. Which statistics would be greater for
males?

b. Which gender had more stanine scores
of 9?

¢. Which gender had more stanine scores
of 1?

d. Which gender had more stanine scores
of 5?

The mean score on a test is 40, and the

standard deviation is 4. Express each of

the following raw scores as a z score:

.41

30

48

.36

46

. What would be the T score for the raw

score of 46 in Exercise 12?
. What would be the stanine score for the
raw score of 46?

popoTse

=3

14. In a normal distribution, what percentage of

the scores would fall below a z score of —1?
A z score of 0? A z score of +.67?

15. Describe the relationship shown by these
scatterplots. Then estimate the correlation

coefficients.
a. High b. High
L]
° : '...
° e e00%,
v ° v ..O .o...
L O.o'..‘o
. e o © o
° o ®o 0
L]
.. 00 o %%
Low | o Low e .’
Low High Low High
X X
c. High
L]
L}
L]
Y L]
L]
L]
L]
L]
Low '.
Low High
X
d. High e. High
0® g0 © o® %
®0o0 0° © e® ®© o 00
0o © 0 ¢ %0 ® o0 ® o.'.o..
Y o.o.o.o.o. Yy L4 oo". '...
o'.: '.o °® :no ...:..
0..0.0.0. ....o o..c
:".0. oe® ® o 4 0 °
Low 00 % ® Low e 0 o,.°
Low High Low High
X X

16. Each dot in a scatterplot represents
17. Five girls took a history test and a
geography test, with the following results:

History Geography
Raw Score z Score Raw Score z Score

Ann 28 .5 85 1.50
Nesa 32 1.5 65 .50
Nanner 26 0 55 0
Benazir 20 -1.5 45 —0.50
Yoko 24 —.5 25 —1.50

History Geography

3 =310 3X =275

o=4 o=20
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18.

19.

a. What is the mean of the history test?

b. Whose performance in history is most
in agreement with her performance in
geography?

c. What is the correlation between the
history and geography scores?

Given that the history test mean in

Exercise 17 is lower than the geography

test mean, which of the following conclu-

sions would be correct?

a. These girls are better in history than in
geography.

b. These girls are better in geography
than in history.

c. Their teacher has probably spent twice
as much time on geography as on history.

d. Their teacher knows more geography
than history.

e. None of the above.

If the coefficient of correlation between

variable X and variable Y is found to be

—.98, which of the following would be

indicated?

a. Variable X and variable Y are closely
related.

b. Variable X and variable Y are unrelated.

c. Variable X and variable Y are perfectly
related.

d. Variable Yis a result of variable X.

ANSWERS

1.

a. Ratio

b. Nominal
c. Ordinal
d. Ratio

e. Interval
HISTOGRAM

Frequency

25

20

—o— —o—
—o—

—o—

0le ®
68 69 70 71 72 73 74 75 76 77 78 79 80 81

Scores

20.

21.

22.

23.

24.

25
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For each of the following cases, indicate

which statistic should be used—mean,

standard deviation, z score, or Pearson r.

a. We want to know the extent to which
the scores of a class are spread out or
heterogeneous.

b. We want to determine how Zumbiwa’s
score compares with the scores of the
rest of the class.

¢. We want to know how well the class as
a whole did on an examination.

d. We want to predict the future achieve-
ment of students from their 1Q.

Interpret the following: “On the College

Board exam (2 =500, o = 100), the mean

of this year’s Central High School seniors

was 490, and the standard deviation was

110. The correlation between the exam

scores and high school grade point aver-

age was +.40.”

Interpret the following: “Parents of

Central High students were asked to rank

10 problems from 10 = most serious to

1 =less serious. The median for the prob-

lem ‘cyberbullying’ was 5.21.”

Smith and Glass’s A and Cohen’s d are

two ways of defining what?

Define effect size and explain how it is used.

. What is the purpose of meta-analysis?

. Figures may be expanded or contracted

vertically or horizontally, or both, and be
correct if the relationships between scores
and frequencies are maintained.

POLYGON
Frequency
25

20

0« O
68 69 70 71 72 73 74 75 76 77 78 79 80 81
Scores
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3.a. Mean=11 14. 16 percent; 50 percent; 75 percent
b. Median =10.50 15. a. Perfect positive, +1 correlation
c. Mode =10 b. Positive, +75

4. The three measures are not equal in a c. Perfect negative,-1

skewed distribution. The mean is pulled in
the direction of the skewed side. Thus, in
a positively skewed distribution the mean
is always higher than the median, and

d. Negative, —.75
e. No correlation, 0

16. An individual’s score on two dimensions
or other paired z scores

the mode is usually lowest in value. In a 17. a. 26
negatively skewed distribution, the mean b. Nanner; she had the same z score on
is always lower than the median, and the both test.
mode is usually highest in value. _2zz, 3
5. a. Median “ TN T5°
b. Mode ig g
6. ; ﬁgg?an 20. a. Standard deviation
b. Mean b. z score
c. Mode ¢. Mean
7. The range is easy to calculate and to d. Pearson r

explain. The standard deviation takes into
account all the scores and is more stable.
.a.z=(5-7)/.5=.40
b. Stanine =1
. 88 (rounded from 88.49)

21. As a group, the Central High seniors were
slightly below the national average. Their
scores were slightly more heterogeneous
than usual. Those with high scores tended
to have high GPAs. Those with low scores
tended to have low GPAs. The relationship

10. Bec:'mse the medlan 1S more typlcal.of between scores and GPAs was moderate
the incomes in the United States. It is not positive.
ir}ﬂ}len(‘jed by the (.exﬁ;ren%e salaries of the 22. Parents ranked “cyberbullying” about
billionaires and millionaires.
. . average.
11. a. Male scores had higher variance, stan- 23. Effect size
dard deviation, and range. 24. Effect size (a form of z score) is the dif-
b. Males ference between experimental and
¢. Males control groups divided by the standard
d. Females deviation of the control group. It indi-
12.a..25 cates the strength of the relationship
b. —2.5 between the independent and dependent
c. 2 variables.
d. -1 25. It combines the result of studies with simi-
e. 1.50 lar independent and dependent variables
13.a. T=10z+50=10(1.5) + 50 = 65 to produce an average effect size, a math-
b. Stanine score 2z +5 rounded = ematical summary of the results.
(2)(1.5)+5=8
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