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14
CORRELATION AND  

REGRESSION ANALYSIS

In the previous chapter, we carefully examined the nature and logic of statistical association through 
proportionate reduction of error (PRE). The discussion in Chapter 13 was limited to measures of 

association for nominal and ordinal variables. Lambda (λ) and gamma (γ) were both introduced and 
explored. Of course, we understand that other measures of association can be utilized for nominal 
and ordinal variables, as presented in Table 13.6.

We begin our discussion in this chapter with Pearson’s r, often referred to as a correlation coeffi-
cient. After enumerating the details of this statistic, we explore the logic of correlation. We will then 
focus on linear regression analysis, which includes a discussion of r2, the coefficient of determina-
tion. You’ll see that r2 is, in fact, a PRE statistic, just like lambda and gamma. Lastly, we will revisit 
measures appropriate for mixed types of variables.

PEARSON’S r: A MEASURE APPROPRIATE  
FOR INTERVAL/RATIO VARIABLES
Finally, we are going to work with Pearson’s r, also known as a product-moment correlation coefficient 
and sometimes simply referred to as a correlation coefficient. Pearson’s r is a measure of association 
that reflects the PRE logic and is appropriate to continuous, interval/ratio (I/R) variables such as 
age, education, and income.

An Indication of Strength and Direction of Association

Like gamma, the value of Pearson’s r ranges from −1.00 to +1.00, indicating both the strength 
and direction of the relationship between two I/R variables. Once again, −1.00 indicates a perfect 
negative association, +1.00 indicates a perfect positive association, and 0.00 indicates no association. 
Table 14.1 summarizes the way Pearson’s r is used.

Example 1: The Logic of Pearson’s r

Although this measure also reflects the PRE logic, its meaning in that regard is not quite as 
straightforward as for the discrete variables analyzed by lambda and gamma. Although it made sense 
to talk about “guessing” someone’s gender or employment status and being either right or wrong, 
there is little chance that we would ever guess someone’s annual income in exact dollars or his or her 
exact age in days. Our best strategy would be to guess the mean income, and we’d be wrong almost 
every time. Pearson’s r lets us determine whether knowing one variable would help us come closer in 
our guesses of the other variable, and it calculates how much closer we would come.
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246  Part III ■ Bivariate Analysis

TABLE 14.1 ■ Summary of Pearson’s r

Measure of association Pearson’s r 

Type of variables I/R × I/R

Values (strength) −1.00 to +1.00

0 = no association

−1.00 = perfect (negative) association

+1.00 = perfect (positive) association 

Direction + indicates positive association (variables change or move in same 
direction, i.e., both ↓↓ OR both ↑↑)

− indicates negative association (variables change or move in 
opposite directions, i.e., as one goes ↑, other goes ↓, OR as  
one goes ↓, other goes ↑)

To understand r, let’s take a simple example of eight young people and see whether there is a cor-
relation between their heights (in inches) and their weights (in pounds). To begin, then, let’s meet 
the eight subjects.

Height Weight

Eddy 68 144

Mary 58 111

Marge 67 137

Terry 66 153

Albert 61 165

Larry 74 166

Heather 67  92

Ruth 61 128

Take a minute to study the heights and weights. Begin with Eddy and Mary, at the top of the list. 
Eddy is both taller and heavier than Mary. If we were forced to reach a conclusion about the associa-
tion between height and weight based on only these two observations, we would conclude that there 
is a positive correlation: The taller you are, the heavier you are. We might even go a step further and 
note that every additional inch of height corresponds to about 3 pounds of weight.

On the other hand, if you needed to base a conclusion on observations of Eddy and Terry, see 
what that conclusion would be. Terry is 2 inches shorter but 9 pounds heavier than Eddy. Our 
observations of Eddy and Terry would lead us to just the opposite conclusion: The taller you are, the 
lighter you are.

Sometimes, it’s useful to look at a scattergram, which graphs the cases at hand in terms of the 
two variables.1 The diagram that follows presents the eight cases in this fashion. Notice that a gen-
eral pattern of increasing height seems to be associated with increasing weight, although a couple of 
cases don’t fit that pattern.

1. We are going to review how you can instruct SPSS Statistics to produce a scattergram (also called a scatterplot) toward the end 
of this chapter.
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Chapter 14 ■ Correlation and Regression Analysis   247

Pearson’s r allows for the fact that the relationship between height and weight may not be com-
pletely consistent; nevertheless, it lets us discover any prevailing tendency in that regard. In the 
gamma logic presented previously, we might consider a strategy of guessing who is heavier or lighter 
on the basis of who is taller or shorter, assuming either a positive (taller means heavier) or negative 
(taller means lighter) relationship between the two variables. With r, however, we’ll take account of 
how much taller or heavier.

To calculate r, we need to know the mean value of each variable. As you recall, this is calculated 
by adding all of the values on a variable and dividing by the number of cases. If you do these calcu-
lations in the case of height, you’ll discover that the eight people, laid end to end, would stretch to 
522 inches, for a mean height of 65.25 inches. Do the same calculation for their weights, and you’ll 
discover that the eight people weigh a total of 1,096 pounds, for a mean of 137 pounds.

From now on, we are going to focus less on the actual heights and weights of our eight people 
and deal more with the extent to which they differ from the means. The table below shows how 
much each person differs from the means for height and weight. Notice that plus and minus signs 
have been used to indicate whether a person is above or below the mean. (If you want to check your 
calculations in this situation, you should add all of the deviations from height and notice that they 
total zero; the same is true for deviations from mean weight.)

74

68

67

66

61

58

92 111 128 137 144

Weight

Heather

H
ei

gh
t

153 165 166

Ruth

Mary

Albert

Terry

Marge

Eddy

Larry

Height Weight H-dev W-dev

Eddy 68 144 +2.75 +7

Mary 58 111 −7.25 −26

Marge 67 137 +1.75 0

Terry 66 153 +0.75 +16

Albert 61 165 −4.25 +28

Larry 74 166 +8.75 +29

Heather 67 92 +1.75 −45

Ruth 61 128 −4.25 −9

Means 65.25 137
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248  Part III ■ Bivariate Analysis

As our next step, we want to determine the extent to which heights and weights vary from their 
means overall. Although we have shown the plus and minus signs above, it is important to note that 
both +2.00 and −2.00 represent deviations of 2 inches from the mean height. For reasons that will 
become apparent shortly, we are going to capture both positive and negative variations by squaring 
each of the deviations from the means. The squares of both +2.00 and −2.00 are the same: 4.00. The 
table below shows the squared deviations for each person on each variable. We’ve also totaled the 
squared deviations and calculated their means.

Height Weight H-dev W-dev Sq H-dev Sq W-dev

Eddy 68 144 +2.75 +7 7.5625 49 

Mary 58 111 −7.25 −26 52.5625 676 

Marge 67 137 +1.75 0 3.0625 0 

Terry 66 153 +0.75 +16 0.5625 256 

Albert 61 165 −4.25 +28 18.0625 784 

Larry 74 166 +8.75 +29 76.5625 841 

Heather 67 92 +1.75 −45 3.0625 2,025 

Ruth 61 128 −4.25 −9 18.0625 81 

Mean 65.25 137 Totals 4,712 

179.5000 

Now, we’re going to present a couple of steps that would require more complicated explanations 
than we want to subject you to in this book, so if you can simply hear what we say without asking 
why, that’s sufficient at this point. (But if you are interested in learning the logic of the intervening 
steps, that’s great. You should check out discussions of variance and standard deviations in statistics 
textbooks.) Dividing the sum of the squared deviations by 1 less than the number of cases (N − 1) 
yields a quantity that statisticians call the variance. With a large number of cases, this quantity is 
close to the mean of the sum of squared deviations.

The variances in this case are 25.643 for height and 673.143 for weight. The square root of the 
variance is called the standard deviation. (Perhaps you are already familiar with these concepts, or 
perhaps you have heard the terms but didn’t know what they mean.) Thus, the standard deviation 
for height is 5.063891; for weight, it is 25.94499.

Now we are ready to put all of these calculations to work for us. We are going to express all of the 
individual deviations from mean height and mean weight in units equal to the standard deviations. For 
example, Eddy was +2.75 inches taller than the average. Eddy’s new deviation from the mean height 
becomes +0.54 (+2.75 ÷ 5.064). His deviation from the mean weight becomes +0.27 (+7 ÷ 25.945).

Our purpose in these somewhat complex calculations is to standardize deviations from the means 
of the two variables because the values on those variables are of very different scales. From the data, 
we knew that Eddy was 1.75 inches taller and 7 pounds heavier than the mean; we didn’t have a way 
of knowing whether his height deviation was greater or less than his weight deviation. By dividing 
each deviation by the standard deviation for that variable, we can now see that Eddy’s deviation on 
height is actually greater than his deviation in terms of weight. These new measures of deviation are 
called z scores. The table below presents each person’s z score for both height and weight.

Height Weight z height z weight z cross

Eddy 68 144 0.54 0.27 0.15 

Mary 58 111 −1.43 −1.00 1.43 

Marge 67 137 0.35 0.00 0.00 
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Chapter 14 ■ Correlation and Regression Analysis   249

You’ll notice that there is a final column of the table labeled “z cross.” This is the result of mul-
tiplying each person’s z score on height by the z score on weight. You’ll notice that we’ve begun 
rounding the numbers to two decimal places. That level of precision is sufficient for our present 
purposes.

Thanks to your perseverance, we are finally ready to calculate Pearson’s r product-moment cor-
relation. By now, it’s pretty simple.

r = sum of (z scores for height × z scores for weight) divided by N − 1

In our example, this amounts to

r = 2.38 ÷ 8 − 1 = .34

There is no easy, commonsense way to represent the meaning of r. Technically, it has to do with 
the extent to which variations in one variable can explain variations in the other. In fact, if you square 
r, you get the coefficient of determination, .12 in this case. This number can be interpreted as fol-
lows: 12% of the variation in one variable can be accounted for by the variation in the other. Recall 
that the variation in a variable reflects the extent to which individual cases deviate (or vary) from the 
mean value.

Reverting to the logic of PRE, this means that knowing a person’s height reduces by 12% the 
extent of our errors in guessing how far he or she is from the mean weight.

In large part, r’s value comes with use. When you calculate correlations among several pairs of 
variables, the resulting r’s will tell which pairs are more highly associated with each other than is 
true of other pairs.

INTERPRETING PEARSON’S r AND THE 
COEFFICIENT OF DETERMINATION (r2)
We can say for certain that for the measures of association we are considering in this chapter, a 
value of 1.00 (both positive and negative in the case of Pearson’s r) indicates a perfect association or 
the strongest possible relationship between two variables. Conversely, a value of 0.00 indicates no  
relationship between the variables.

We can also say that the closer the value is to 1.00 (both positive and negative in the case 
of Pearson’s r), the stronger the relationship. And the closer the value is to 0.00, the weaker the  
relationship.

That said, in order to give you a sense of one way you can approach these statistics, we include in 
Table 14.2 some general guidelines for interpreting the strength of association between variables. As 
the title of the table clearly indicates, these are merely loose guidelines with arbitrary cutoff points 
that must be understood within the context of our discussion before regarding the absence of any 
absolute “rules” of interpretation. Ultimately, determining whether or not a relationship is notewor-
thy depends on what association values other researchers have found.

Height Weight z height z weight z cross

Terry 66 153 0.15 0.62 0.09 

Albert 61 165 −0.84 1.08 −0.91 

Larry 74 166 1.73 1.12 1.93 

Heather 67 92 0.35 −1.73 −0.60 

Ruth 61 128 −0.84 −0.35 0.29 

Total 2.38 
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250  Part III ■ Bivariate Analysis

INSTRUCTING SPSS STATISTICS  
TO CALCULATE PEARSON’S r
Here’s the really good news. Your reward for pressing through all of the prior calculations in order 
to gain some understanding of what r represents is that you may never have to do it again. SPSS 
Statistics will do it for you.

Let’s consider the possible relationship between two of the continuous variables in the data set: 
AGE and RINCOM16. If you think about it, you should expect that people tend to earn more 
money as they grow older, so let’s check the correlation between age and respondents’ incomes. 
(Note: RINCOM16 is the respondent’s personal income as of 2016; INCOME is total family 
income as of 2016.) You might be reluctant to calculate the deviations, squared deviations, and so 
on for the 1,500 respondents in your data set (if not, you need a hobby), but computers thrive on 
such tasks.

DEMONSTRATION 14.1:  
RECODING RINCOM16 → RECINC
Before we tell SPSS Statistics to take on the task of computing correlations for us, we need to do a 
little housekeeping. First, request a frequency distribution for RINCOM16 in SPSS Statistics.

There are two problems with using RINCOM16 the way it is currently coded. First, we need to 
be sure codes 0 (IAP), 26 (REFUSED), 98 (DK), and 99 (NA) are not included in our analysis. 
They may be eliminated by recoding them “system-missing,” if they are not already coded as such. 
This may have already been done in the data file you are using, but it is certainly important to take 
a moment to check. Second, the code categories are not equal in width. For example, code category 
8 includes respondents whose incomes were between $8,000 and $9,999, whereas code category 9 
includes incomes between $10,000 and $12,499. The categories form an ordinal scale that is not 
appropriate for use with Pearson’s r.

We can use Recode to improve on the coding scheme used for recording incomes.2 If we assume 
that incomes are spread evenly across categories, then we can simply substitute the midpoints of 
the interval widths for the codes used in RINCOM16. That way, we can approximate an I/R scale 
and rid ourselves of the problems created by the interval widths not being equal. Note that code 

2. The authors greatly appreciate the suggestion of this analysis by Professor Gilbert Klajman, Montclair State University.

TABLE 14.2 ■  Some General Guidelines for Interpreting Strength of Association 
(Pearson’s r, Coefficient of Determination)

Strength of Association
Value of Measures of Association  

(Pearson’s r, Coefficient of Determination)

None 0.00

Weak/uninteresting association ±.01 to .09

Moderate/worth noting ±.10 to .29

Evidence of strong association/extremely 
interesting

±.30 to .99

Perfect/strongest possible association ±1.00

Note: This table has been adapted from a more in-depth discussion in Healey et al. (1999).
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Chapter 14 ■ Correlation and Regression Analysis   251

RINCOM16 Respondent’s Income

Freq. % Valid %
Cumulative

Percent

Valid 1 UNDER $1 000 11 .7 1.3 1.3

2 $1 000 TO 2 999 28 1.9 3.3 4.5

3 $3 000 TO 3 999 18 1.2 2.1 6.6

4 $4 000 TO 4 999 13 .9 1.5 8.1

5 $5 000 TO 5 999 18 1.2 2.1 10.2

6 $6 000 TO 6 999 18 1.2 2.1 12.3

7 $7 000 TO 7 999 9 .6 1.0 13.4

8 $8 000 TO 9 999 20 1.3 2.3 15.7

9 $10000 TO 12499 24 1.6 2.8 18.5

10 $12500 TO 14999 15 1.0 1.7 20.2

11 $15000 TO 17499 26 1.7 3.0 23.3

12 $17500 TO 19999 23 1.5 2.7 25.9

13 $20000 TO 22499 41 2.7 4.8 30.7

14 $22500 TO 24999 43 2.9 5.0 35.7

15 $25000 TO 29999 52 3.5 6.0 41.7

16 $30000 TO 34999 68 4.5 7.9 49.7

17 $35000 TO 39999 58 3.9 6.7 56.4

18 $40000 TO 49999 82 5.5 9.5 65.9

19 $50000 TO 59999 72 4.8 8.4 74.3

20 $60000 TO 74999 75 5.0 8.7 83.0

21 $75000 TO $89999 46 3.1 5.3 88.4

22 $90000 TO $109999 35 2.3 4.1 92.4

23 $110000 TO $129999 17 1.1 2.0 94.4

24 $130000 TO $149999 12 .8 1.4 95.8

25 $150000 TO $169999 6 .4 .7 96.5

26 $170000 OR OVER 30 2.0 3.5 100.0

Total 860 57.3 100

Missing 0 IAP 589 39.3

27 REFUSED 42 2.8

98 DK 9 .6

Total 640 42.7

Total 1500 100

25, $150,000 or more, has no upper limit; we just took an educated guess that the midpoint would 
be about $160,000. Even though we don’t have each respondent’s actual income, this recoding 
approach will enable us to use Pearson’s r to search for relationships between income and other vari-
ables. As SPSS Statistics commands, the recoding looks like this:
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252  Part III ■ Bivariate Analysis

Old Variable RINCOM16 New Variable RECINC

Values Values

 1 → 500

 2 → 2,000

 3 → 3,500

 4 → 4,500

 5 → 5,500

 6 → 6,500

 7 → 7,500

 8 → 9,000

 9 → 11,250

10 → 13,750

11 → 16,250

12 → 18,750

13 → 21,250

14 → 23,750

15 → 27,500

16 → 32,500

17 → 37,500

18 → 45,000

19 → 55,000

20 → 67,500

21 → 82,500

22 → 100,000

23 → 120,000

24 → 140,000

25 → 160,000

System or user missing → System-missing

TRANSFORM → RECODE → INTO DIFFERENT VARIABLES
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Chapter 14 ■ Correlation and Regression Analysis   253

Now, go ahead and run Frequencies for RECINC.

Once you have completed the recoding, access the Variable View tab and define your new vari-
able RECINC (i.e., set the width, decimals, etc.). Also, don’t forget to save your recoded variable on 
your DEMOPLUS.SAV file so we can use it later on.
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254  Part III ■ Bivariate Analysis

RECINC Recoded R's Income

Frequency Percent
Valid

Percent
Cumulative

Percent

Valid 500 11 .7 1.3 1.3

2000 28 1.9 3.4 4.7

3500 18 1.2 2.2 6.9

4500 13 .9 1.6 8.4

5500 18 1.2 2.2 10.6

6500 18 1.2 2.2 12.8

7500 9 .6 1.1 13.9

9000 20 1.3 2.4 16.3

11250 24 1.6 2.9 19.2

13750 15 1.0 1.8 21.0

16250 26 1.7 3.1 24.1

18750 23 1.5 2.8 26.9

21250 41 2.7 4.9 31.8

23750 43 2.9  5.2 37.0

27500 52 3.5 6.3 43.3

32500 68 4.5 8.2 51.4

37500 58 3.9 7.0 58.4

45000 82 5.5 9.9 68.3

55000 72 4.8 8.7 77.0

67500 75 5.0 9.0 86.0

82500 46 3.1 5.5 91.6

100000 35 2.3 4.2 95.8

120000 17 1.1 2.0 97.8

140000 12 .8 1.4 99.3

160000 6 .4 .7 100.0

Total 830 55.3 100.0

Missing System 670 44.7

Total 1500 100.0

DEMONSTRATION 14.2: USING SPSS  
STATISTICS TO COMPUTE PEARSON’S r
Now make sure codes 98 and 99 are defined as “missing” for AGE.

With the housekeeping out of the way, you need only move through this menu path to launch 
SPSS Statistics on the job of computing r. Unlike the measures of association for nominal and ordi-
nal variables we have discussed, Pearson’s r is not available in the Crosstabs window. This stands to 
reason because you typically would not want to create a crosstabulation of I/R variables; the table 
would be too large to be of any real use.

Instead, Pearson’s r is appropriately available in the Bivariate Correlations dialog box. To access 
this window, simply follow these steps:

Analyze → Correlate → Bivariate

Here’s what the recoded variable looks like:
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Chapter 14 ■ Correlation and Regression Analysis   255

This will bring you to the following window:

Transfer AGE and RECINC to the “Variables:” field. (Be sure to use AGE and not AGECAT 
because we want the unrecoded variable.) Below the “Variables:” list, you’ll see that we can choose 
from among three forms of correlation coefficients. Our previous discussion has described Pearson’s r,  
so click Pearson if it is not selected already.

Did you ever think about what we would do if we had an AGE for someone, but we did not know 
his or her RECINC? Because we would have only one score, we would have to throw that person out 
of our analysis. But suppose we had three variables, and we were missing a score on a case. Would we 
throw out just the pair that had a missing value, or would we throw out the whole case? SPSS Statistics 
lets us do it either way. Click on Options, and you will see that we can choose to exclude cases either 
pairwise or listwise. If we exclude pairwise, we discard a pair only when either score is missing, but with 
listwise exclusion, we discard the entire case if only one score is missing. We will use pairwise exclusion.
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256  Part III ■ Bivariate Analysis

Given the time and money it takes to collect data, it’s usually best to keep as much of it as we can. 
Unless there is a specific reason for using listwise exclusion, it is best to preserve as much of the data 
as possible by using pairwise exclusion.

Once you have selected Exclude cases pairwise, click on Continue and then OK. Your reward 
will be a correlation matrix, a table that shows the correlations among all variables (including, as 
we will see, the correlation of each item with itself).

Correlations

AGE Age of
Respondent

RECINC
Recoded R's

Income

AGE Age of
respondent

Pearson
Correlation

1 .192**

Sig. (2-tailed) .000

N 1495 828

RECINC  
Recoded R's  
Income

Pearson
Correlation

.192** 1

Sig. (2-tailed) .000

N 828 830

**. Correlation is significant at the 0.01 level (2-tailed).

The Pearson’s r product-moment correlation between AGE and RECINC is .192.3 Notice that 
the correlation between AGE and itself is perfect (1), which makes sense if you think about it. You 
now know that the .192 is a measure of the extent to which deviations from the mean income can 
be accounted for by deviations from the mean of age. By squaring r (.192 × .192 = .037), we learn 
that about 3.7% of the variation in income can be accounted for by the variation in how old people 
are. Squaring r yields r2, also known as the coefficient of determination. The coefficient of deter-
mination (r2) is a PRE measure that can be interpreted in the same way as gamma or lambda. (We 
discussed these measures of association for nominal and ordinal variables in Chapter 13.)

We are going to ignore the references to “Significance” until later, in Chapter 15. For now, just 
know that this indicates the statistical significance of the association.

DEMONSTRATION 14.3: REQUESTING  
SEVERAL CORRELATION COEFFICIENTS
What else do you suppose might account for differences in income? If you think about it, you might 
decide that education is a possibility. Presumably, the more education you get, the more money 
you’ll make. Your understanding of r through SPSS Statistics will let you check it out.

3. See Table 14.2 for some general guidelines you can use to interpret the value of Pearson’s r.

SPSS Statistics Command 14.1: Producing a  
Correlation Matrix With Pearson’s r

Click Analyze →  Correlate →  Bivariate

Highlight variable name → Click right-pointing arrow to transfer variable to “Variables:” field

Repeat previous step until all variables have been transferred

Click Pearson →  Options → Exclude cases either pairwise OR listwise

Click Continue →  OK
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Chapter 14 ■ Correlation and Regression Analysis   257

The Correlations command allows you to request several correlation coefficients at once. Go back 
to the Bivariate Correlations window, and add EDUC to the list of variables being analyzed.4 Once 
again, exclude cases pairwise before executing the command.

Here’s what you should get in your Output window. (Hint: If you didn’t get this, go back and-
make sure you defined the value 99 as “missing” for the variable EDUC, and then, try it again.)

4. Make sure to define the values 97, 98, and 99 for EDUC as “missing” before continuing with this demonstration.

Correlations

AGE Age of
Respondent

RECINC
Recoded R's

Income

EDUC Highest
Year of School

Completed

AGE Age of
respondent

Pearson
Correlation

1 .192** −.002

Sig. (2-tailed) .000 .944

N 1495 828 1488

RECINC  
Recoded R's  
Income

Pearson
Correlation

.192** 1 .324**

Sig. (2-tailed) .000 .000

N 828 830 830

EDUC Highest
year of school
completed

Pearson
Correlation

−.002 .324** 1

Sig. (2-tailed) .944 .000

N 1488 830 1493

**. Correlation is significant at the 0.01 level (2-tailed).
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258  Part III ■ Bivariate Analysis

Take a moment to examine your new correlation matrix. It is slightly more complex than the 
previous example. The fact that each variable correlates perfectly with itself should offer assurance 
that we are doing something right.

The new matrix also tells us that there is a stronger correlation between EDUC and RECINC: 
.324. Squaring the r (.3242 = .105) yields the coefficient of determination (r2) and tells us that 11% 
of the variance in income can be accounted for by how much education people have attained.

WRITING BOX 14.1

Respondents’ years of education are more strongly related 
to income than are their ages. While age is only moderately 
related to income (r = .192), highest year of school completed 
is more strongly related to income (r = .324). Interestingly, a 
weak inverse relation (r = −.002) exists between age and high-
est year of school, telling us that younger adults are more 
likely to obtain more years of schooling than are older people. 

(Note that this is despite the fact that the youngest adults in  
the sample are temporally limited by their age to a ceiling 
of years of education that they could possibly have earned.) 
Perhaps this relation is an indicator of rising expectations 
for educational achievement in more recent years. At any 
rate, this, in part, accounts for the weaker relationship found 
between age and income than between education and income.

A Note of Caution

We’ll be using the Correlations command and related statistics as the book continues. In clos-
ing this discussion, we’d like you to recall that Pearson’s r is appropriate only for I/R (interval and 
ratio) variables. The same is true for r2, the coefficient of determination, which is also for use only 
with I/R variables. Calculating these statistics would not be appropriate in the analysis of nominal 
variables such as RELIG and MARITAL, for example. But what do you suppose would happen if 
we asked SPSS Statistics to correlate r for those two variables? Again, exclude cases pairwise before 
you execute the command.

Correlations
AGE Age of

Respondent
MARITAL Marital 

Status

AGE Age of
respondent

Pearson
Correlation

1 −.389**

Sig. (2-tailed) .000

N 1495 1494

MARITAL
Marital status

Pearson
Correlation

−.389** 1

Sig. (2-tailed) .000

N 1494 1499

**. Correlation is significant at the 0.01 level (2-tailed).

As you can see, SPSS Statistics does not recognize that we’ve asked it to do a stupid thing. It stupidly 
complies. It tells us that there is a somewhat significant (see next chapter) relationship between a person’s 
marital status and the religion he or she belongs to, but the correlation calculated here has no real meaning.

SPSS Statistics has been able to do the requested calculation because it stores “Married” as 1 and 
“Widowed” as 2 and stores “Protestant” as 1, “Catholic” as 2, and so on, but these numbers have no 
numerical meaning in this instance. Catholics are not “twice” Protestants, and widowed people are 
not “twice” married people.
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Chapter 14 ■ Correlation and Regression Analysis   259

Here’s a thought experiment we hope will guard against this mistake: (a) Write down the tele-
phone numbers of your five best friends; (b) add them up and calculate the “mean” telephone  
number; (c) call that number and see if an “average” friend answers. Or go to a Chinese restaurant 
with a group of friends and have everyone in your party select one dish by its number on the menu. 
Add all of those numbers, and calculate the mean. When the waiter comes, get several orders of the 
“average” dish, and see if you have any friends left.

Pearson’s r is designed for the analysis of relationships among continuous, I/R variables. We have 
just entrusted you with a powerful weapon for understanding. Use it wisely. Remember: Statistics 
don’t mislead—those who calculate statistics stupidly mislead.

REGRESSION ANALYSIS
The discussion of Pearson’s r correlation coefficient opens the door for discussion of a related statis-
tical technique that is also appropriate for I/R-level variables: regression. When we looked at the 
scattergram of weight and height in the hypothetical example that introduced the discussion of cor-
relation, you will recall that we tried to “see” a general pattern in the distribution of cases. Regression 
makes that attempt more concrete.

Example 1: The Logic of Regression

To begin, let’s imagine an extremely simple example that relates the number of hours spent study-
ing for an examination and the grades that students got on the exam. Here are the data in a table:

Student Hours Grade

Fred 0   0 

Mary 2  25 

Sam 4  50 

Edith 6  75 

Earl 8 100 

First question: Can you guess which of us prepared this example? Second question: Can you see a 
pattern in the data presented? The pattern, pretty clearly, is this: The more you study, the better the 
grade you will get. Let’s look at these data in the form of a graph. (This is something you can do by 
hand, using graph paper, but we used SPSS’s scattergram.)

As you can see, the five people in this example fall along a straight line across the graph. This 
line is called the regression line. As you may recall from plane geometry, it is possible to represent 
a straight line on a graph in the form of an equation. In this case, the equation would be as follows:

Grade = 12.5 × Hours

To determine a person’s grade using this equation, you need only multiply the number of hours 
he or she studied by 12.5. Multiply Earl’s 8 hours of study by 12.5, and you get his grade of 100. 
Multiply Edith’s 6 hours by 12.5, and you get 75. Multiply Fred’s 0 hours by 12.5, and, well, you 
know Fred.

Whereas correlation considers the symmetrical association between two variables, regression 
adds the notion of causal direction. One of the variables is the dependent variable—grades, in this 
example—and the other is the independent variable or cause—hours of study. Thus, the equation 
we just created is designed to predict a person’s grade based on how many hours he or she studied. If 
we were to tell you that someone not included in these data studied 5 hours for the exam, you could 
predict that that person got a 62.5 on the exam (5 × 12.5).
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260  Part III ■ Bivariate Analysis

If all social science analyses produced results as clear as these, you probably wouldn’t need 
SPSS Statistics or a book such as this one. In the example we just discussed, there is a perfect 
relationship between the two variables, without deviation or error. We call this a deterministic 
relationship. In practice, however, the facts are usually more complex, and SPSS Statistics is up 
to the challenge.

Given a set of data with an imperfect relationship between two variables, SPSS Statistics can 
discover the line that comes closest to passing through all of the points on the graph. To understand 
the meaning of the notion of coming close, we need to recall the squared deviations found in our 
calculation of Pearson’s r.

Suppose Sam had gotten 70 on the exam, for example. Here’s what he would look like on the 
graph we just drew.
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Notice that the improved Sam does not fall on the original regression line: His grade repre-
sents a deviation of 10 points. With a real set of data, most people fall to one side or the other of 
any line we might draw through the data. SPSS Statistics, however, is able to determine the line 
that would produce the smallest deviations overall—measured by squaring all of the individual 
deviations and adding them. This calculated regression line is sometimes called the least-squares 
regression line.

To use this technique to real advantage, you need more instruction than is appropriate for 
this book. However, we want to introduce you to regression because it is a popular technique 
among many social scientists. Fortunately, requesting such an analysis from SPSS Statistics is 
fairly simple.

DEMONSTRATION 14.4: REGRESSION
To experiment with the regression technique, let’s make use of a new variable: SEI. This variable 
rates the socioeconomic prestige of respondents’ occupations on a scale from a low of 0 to a high of 
100 based on other studies that have asked a sample from the general population to rate different 
occupations.

Here’s how we would ask SPSS Statistics to find the equation that best represents the influence of 
PAEDUC on EDUC. You should realize that there are a number of ways to request this information, 
but we’d suggest you do it as follows. (Just do it this way, and nobody gets hurt, okay?)

Under Analyze, select Regression → Linear. Then select EDUC as the “Dependent:” variable 
and PAEDUC as the “Independent(s):” variable.
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Chapter 14 ■ Correlation and Regression Analysis   261

Click Options, and select Exclude cases pairwise; then, hit Continue.

Click OK, and SPSS Statistics is off and running. Here’s the output you should get in response 
to this instruction.
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262  Part III ■ Bivariate Analysis

Model Summary

Model R R Square Adjusted R Square
Std. Error of  
the Estimate

1 .417a .174 .173 2.580

a. Predictors: (Constant), PAEDUC Highest year school completed, father

ANOVAa

Model
Sum of

Squares df
Mean 

Square F Sig.

1 Regression 1552.574 1 1552.574 233.22 .000b

Residual 7369.324 1107 6.657

Total 8921.898 1108

a. Dependent Variable: EDUC Highest year of school completed

b. Predictors: (Constant), PAEDUC Highest year school completed, father

Coefficientsa

Model

Unstandardized
Coefficients

Standardized
Coefficients

t Sig.B Std. Error Beta

1 (Constant) 10.326 .242 42.723 .000

PAEDUC  
Highest year  
school 
completed, 
father

.295 .019 .417 15.272 .000

a. Dependent Variable: EDUC Highest year of school completed

The key information we are looking for is contained in the final table, titled “Coefficients”: the 
intercept, labeled “Constant” (10.326), and the slope, labeled “PAEDUC” (.295). These are the data 
we need to complete our regression equation. Use them to fill the equation as follows:

Y = a + bX

EDUC = 10.326 + (PAEDUC × 0.295)

This means that we would predict the education level of a respondent whose father was a high 
school graduate (12 years of schooling) as follows:

EDUC = 10.326 + (12 × 0.295) = 13.866 years of education
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On the other hand, we would predict the education level of a respondent whose father was a col-
lege graduate (16 years of schooling) as

EDUC = 10.326 + (16 × 0.295) = 15.046 years of education

Notice that along with the regression coefficient and constant, we are also provided other informa-
tion, including both Pearson’s r (.417) and r2 (.174), the coefficient of determination.

DEMONSTRATION 14.5: PRESENTING DATA 
GRAPHICALLY—PRODUCING A SCATTERPLOT 
WITH A REGRESSION LINE
Another way to explore the relationship between SEI and EDUC is to instruct SPSS to produce 
a scatterplot with a regression line. Scatterplot is a term SPSS Statistics uses to identify what we 
referred to earlier in our discussion of Pearson’s r as a scattergram. A scatterplot/scattergram is simply 
a graph with a horizontal (x) axis and a vertical (y) axis. As you saw earlier, each dot on the graph 
represents the point of intersection for each individual case. It is the “scatter” of dots taken as a whole 
that, along with the regression line, indicates the strength and direction of association between the 
variables.

Instructing SPSS Statistics to produce a scatterplot with a regression line allows us to see the 
distribution and array of cases while saving us the time-consuming task of creating the graph on our 
own (which, as you can imagine with 1,500 cases, would be quite daunting).

To produce a scatterplot, all you have to do is open the Scatterplot window by clicking  
Graphs → Legacy Dialogs and then choosing Scatter/Dot in the drop-down menu.

SPSS Statistics Command 14.2: Regression

Click Analyze →  Regression →  Linear

Highlight dependent variable and click right-pointing arrow to transfer it to “Dependent:” field

Highlight independent variable and click right-pointing arrow to transfer it to “Independent(s):” 
field

Click OK
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264  Part III ■ Bivariate Analysis

When you have opened the Scatter/Dot box, as shown above, select Simple Scatter if it is not 
already highlighted; then click Define. You should now be looking at the Simple Scatterplot dialog 
box, as shown below.

Following the example we used above, place EDUC (the dependent variable) along the y-axis. 
Then place PAEDUC (the independent variable) along the x-axis. When you are finished with this 
process, you can hit OK, and the following graph should appear on your screen.
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Chapter 14 ■ Correlation and Regression Analysis   265

As requested, our independent variable, PAEDUC, is arrayed along the x (horizontal) axis, and 
our dependent variable, EDUC, is arrayed along the y (vertical) axis. You can also see the splatter of 
dots on the graph, each representing a particular case.

However, we are going to use the Chart Editor to add our regression line, which, as we saw earlier, is 
simply a single straight line that will run through our scatterplot and come as close as possible to touch-
ing all of the “dots,” or data points. Double-click on the graph, and the SPSS Chart Editor will appear.

There is a button that allows you to quickly request the “fit line,” which, in this case, refers to the 
line of best fit as measured by the sum of the least squares or ordinary least squares (OLS) regression 
line. As you can see below, it’s the fifth button from the left on the lower toolbar.
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266  Part III ■ Bivariate Analysis

Here’s another way to add the line representing the linear regression equation. With the Chart 
Editor active, right-click on the chart to show the Properties window.

Click on Add Fit Line at Total to insert the regression line. Then, close the Chart Editor. You’ll 
find the result of that action below.
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An Indication of Direction and Strength of Association

The scatterplot and regression line serve as a visual indication of the direction and strength of 
association between PAEDUC and EDUC.

The direction of association can be determined based on the way the regression line sits on the 
scatterplot. Generally, when the line moves from the bottom left-hand side of the graph to the upper 
right-hand side of the graph (uphill), this indicates a positive association between the variables (they 
both either increase or decrease in the same direction), whereas a regression line that runs from 
the upper left to the lower right side of the scatterplot (downhill) indicates a negative association 
between the items (as one increases, the other decreases).

The strength of association can be estimated based on the extent to which the dots (cases) are scat-
tered around the regression line. The closer the dots are to the regression line, the stronger the association 
between the variables. (In the case of a “perfect” or deterministic relationship, the dots will sit exactly on 
the regression line, indicating the strongest possible association between the variables.) Conversely, the 
farther spread out or scattered the dots are, the weaker the relationship between the items.

We want to emphasize that although this type of visual representation allows us to estimate 
the strength of association between variables, there is no agreement regarding what constitutes a 
“strong” versus a “moderate” or “weak” association.

Consequently, your best option may be to use the scatterplot with a regression line in conjunction 
with a measure such as Pearson’s r and/or r2, which allows you to obtain a value summarizing the 
association between variables more precisely than just the scatterplot and regression line do. Keep in 
mind that because both options are appropriate for continuously distributed I/R variables, they can 
be used to examine the same types of items.

Now, try to see if you can describe the strength and direction of association between PAEDUC 
and EDUC as shown in the scatterplot with a regression line above.
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Chapter 14 ■ Correlation and Regression Analysis   267

What is the direction of association? Are the variables positively or negatively related (i.e., does 
the regression line run uphill or downhill)? What can you estimate in terms of the strength of asso-
ciation between PAEDUC and EDUC? Are the dots or cases clustered around the regression line, 
or are they spread out?

WRITING BOX 14.2

The positive relationship between father’s educational 
attainment and respondent’s educational attainment can be 
seen by inspection of the scatterplot. While the many cases 

are widely dispersed, there is a discernible pattern concen-
trating on the lower left and upper right quadrants. Adding 
the regression line confirms that assessment.

That’s enough fun for now. We’ll return to regression in the next chapter when we discuss  
multivariate analysis.

MEASURES OF ASSOCIATION  
FOR INTERVAL AND RATIO VARIABLES
The measures of association we have focused on in this chapter are appropriate for variables mea-
sured at the interval and/or ratio level of measurement (I/R variables). Table 14.3 lists the measures 
we have reviewed, along with their appropriate level of measurement.

SPSS Statistics Command 14.3: Producing a  
Scatterplot With a Regression Line

Click Graphs →  Legacy Dialogs →  Scatter/Dot →  Simple Scatter →  Define

Highlight independent variable → Click right-pointing arrow to transfer to x-axis

Highlight dependent variable → Click right-pointing arrow to transfer to y-axis

Click OK

To Add Regression Line

Double-click on scatterplot to open SPSS Statistics Chart Editor → With Chart Editor active, 
right-click on chart to display Properties window

Click Add Fit Line at Total to insert regression line

Close Chart Editor

TABLE 14.3 ■ Measures of Association Reviewed in This Chapter

Level of Measurement Measure of Association (Range of Values) of Each Variable

Interval/ratio Pearson’s r [−1 to +1]

r2 [0 to 1]

Linear regression
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268  Part III ■ Bivariate Analysis

Keep in mind, however, that there are situations where one might need to analyze variables that 
are not I/R along with those that are I/R. While one can certainly use statistical techniques that lie 
beyond the scope of this book (e.g., logistic regression for dichotomous dependent variables and I/R 
independent variables), there are some ways to incorporate different types of variables into linear 
regression analysis. We have to first make the variables “appropriate,” as explained below.

ANALYZING THE ASSOCIATION  
BETWEEN VARIABLES AT  
DIFFERENT LEVELS OF MEASUREMENT
In some cases, you may discover that you want to analyze the association between variables at differ-
ent levels of measurement: for instance, nominal by ordinal, nominal by I/R, and so on. While there 
are specialized bivariate measures of association for use when two variables have different levels of 
measurement, the safest course of action for the novice is to use a measure of association that meets 
the assumptions for the variable with the lowest level of measurement.

This usually means that one variable will have to be recoded to reduce its level of measurement. 
For instance, when we examined the relationship between church attendance (ordinal) and age (I/R) 
in Chapter 13, we recoded people’s ages into ordinal categories.

While it would not be appropriate to use Pearson’s r to correlate our CHATT and AGE, it is 
perfectly legitimate to use gamma to correlate CHATT with AGECAT.

With linear regression, there is a technique that allows us to incorporate into the equation an 
independent variable that is not originally an I/R variable. This technique is known as “creating a set 
of dummy variables.” There is a brief discussion of this technique in Chapter 7 of Wagner’s Using IBM 
SPSS Statistics for Research Methods and Social Science Statistics.5 Single dummy variables are addressed 
later on in Adventures in Social Research (the book you are reading right now!) in Chapter 17.

While it is beyond the scope of this chapter to review all of the statistical measures appropriate 
for every situation you might encounter, those of you who are interested in pursuing relationships 
between mixed variables may want to consult a basic statistics or research methods text for a dis-
cussion of appropriate measures.6 Keep in mind that a variety of basic statistics texts are now easily 
accessible on the Internet. In addition, several websites help students identify appropriate statistical 
tests. Here is just one of the numerous sites available: HyperStat Online, http://davidmlane.com/
hyperstat/index.html.

CONCLUSION
In this chapter, we’ve seen a number of statistical techniques that can be used to summarize the 
degree of relationship or association between two variables. We’ve seen that the appropriate tech-
nique depends on the level of measurement represented by the variables involved. Lambda is appro-
priate for nominal, gamma for ordinal, and Pearson’s r product-moment correlation and regression 
for I/R variables.

We realize that you may have had trouble knowing how to respond to the results of these cal-
culations. How do you decide, for example, whether a Pearson’s r of .25 is high or low? Should you 
get excited about it or yawn and continue looking? The following chapter on statistical significance 
offers one basis for making such decisions.

5. Wagner, W. E., III. (2016). Using IBM SPSS Statistics for research methods and social science statistics (6th ed.). Thousand Oaks, 
CA: Sage.

6. Among the many basic statistics texts you may want to consult are Freeman’s Elementary Applied Statistics (1968), Siegel and 
Castellan’s Nonparametric Statistics for the Behavioral Sciences (1989), and Frankfort-Nachmias and Leon-Guerrero’s Social Statis-
tics for a Diverse Society (2006). Alreck and Settle’s The Survey Research Handbook (1985, pp. 287–362) contains a table titled 
“Statistical Measures of Association” (Table 10-5, p. 303), which, depending on the type of independent and dependent variables 
you are working with (i.e., categorical or continuous), specifies appropriate measures of association. The table is accompanied by 
a discussion of statistical analysis and interpretation.
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Main Points

 • In this chapter, we looked at new ways to examine the 
relationships among interval/ratio (I/R) variables.

 • Measures of association summarize the strength (and, 
in some cases, the direction) of association between 
two variables in contrast to the way percentage tables 
lay out the details.

 • This chapter focuses on only some of the many 
measures available: Pearson’s r, r2 (the coefficient of 
determination), and regression.

 • The coefficient of determination (r2) is based on the 
logic of proportionate reduction of error (PRE).

 • Pearson’s r is appropriate for two I/R items; its values 
range from −1 to +1.

 • The coefficient of determination, r2, is also appropriate 
for two I/R items; it is a PRE statistic whose values 
range from 0 to 1.

 • The closer the Pearson’s r value is to positive or 
negative 1, the stronger the relationship between the 
items (with +1 or −1 indicating a perfect association). 
The closer the value is to 0, the weaker the 
relationship between the items (with 0 indicating no 
association between the items).

 • There are no set rules for interpreting strength of 
association.

 • Like Pearson’s r, linear regression is also appropriate 
for I/R variables.

 • Another way to explore the strength and direction of 
association between two I/R variables is to produce a 
scatterplot with a linear regression line.

 • A variety of statistics are appropriate for 
examining the relationship between mixed types of 
variables.

Key Terms

Coefficient of  
determination (r2) 256

Correlation matrix 256
Deterministic relationship 260
Intercept 262

Least-squares regression 
line 260

Pearson’s r 245
Regression 259
Regression line 259

Scattergram 246
Slope 262
z scores 248

SPSS Statistics Commands Introduced in This Chapter

14.1. Producing a Correlation Matrix With Pearson’s r

14.2. Regression

14.3. Producing a Scatterplot With a Regression Line

Review Questions

 1. If two variables are strongly associated, does that 
necessarily mean they are causally related?

 2. What is PRE?

 3. List two measures of association for interval/ratio 
(I/R) variables.

 4. Measures of association give us an indication of 
the                                    _ of 
association and (if the variables are ordinal or higher) 

the                                of association 
between two variables.

 5. Pearson’s r and the coefficient of determination (r2) are 
appropriate for variables at which level of measurement?

 6. List the range of values for each of the following 
measures:

 • Pearson’s r

 • Coefficient of determination (r2)

(Continued)
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270  Part III ■ Bivariate Analysis

 7. The closer Pearson’s r is to                 
or                (value), the stronger the 
relationship between the variables.

 8. The closer Pearson’s r or r2 is to                 (value), 
the weaker the relationship between the variables.

 9. A Pearson’s r value of                 or                               
indicates a perfect (or the strongest) relationship 
between the variables.

10. What does a positive association between two 
variables indicate? What does a negative association 
between two variables indicate?

11. Linear regression is appropriate for two variables at 
which level of measurement?

12. What type of graph did we review in this chapter that 
allows us to examine the strength and direction of 
association between two I/R variables?

(Continued)
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SPSS Statistics Lab Exercise 14.1

NAME:  

CLASS:  

INSTRUCTOR:  

DATE:  

To complete these exercises, load your EXERPLUS.SAV data file.

Produce a correlation matrix, exclude cases pairwise, and request Pearson’s r for the variables MAEDUC (indepen-
dent) and EDUC (dependent). Then, answer Questions 1 through 5.

 1. What is the level of measurement for the variable MAEDUC?

 2. What is the level of measurement for the variable EDUC?

 3. Pearson’s r for MAEDUC and EDUC is _________________, while r2 is _________________.

 4. Would you characterize the relationship between these two variables as weak, moderate, or strong? 
Explain.

 5. What proportion of the variation in EDUC can be explained by the variation in MAEDUC? (Hint: You’ve 
already calculated the PRE measure that will reveal this amount.) ____________________

Produce a scatterplot with a regression line for the variables EDUC (independent) and TVHOURS (dependent). Then, 
answer Questions 6 through 11. Before proceeding with your analysis, be sure to define the values 97, 98, and 99 as 
“missing” for the variable EDUC. In addition, define the values −1, 98, and 99 as “missing” for the variable TVHOURS.

 6. What is the level of measurement for the variable EDUC?

 7. What is the level of measurement for the variable TVHOURS?

 8. What is the regression equation for EDUC and TVHOURS?

Y = ________ + ________ × X

 9. What is the direction of the relationship between the variables? ____________________ As years 
of education increases, does the number of hours of television watched increase or decrease? 
____________________

10. The relationship of the “dots” or cases to the regression line suggests what about the strength of the 
relationship between these two variables?

(Continued)
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272  Part III ■ Bivariate Analysis

11. Produce a correlation matrix with Pearson’s r, excluding cases pairwise. Then, further describe the 
strength of the relationship between EDUC and TVHOURS by noting what the value of Pearson’s r is and 
whether the relationship is weak, moderate, or strong.

12. Now, choose two variables from your data set that you think may be associated. After defining 
appropriate values for each variable as “missing,” analyze the relationship between the variables by 
instructing SPSS to calculate the appropriate measure of association. If you want to recode either of your 
variables, feel free to do so. Remember, if you choose two variables at different levels of measurement, 
you can follow our suggestion toward the end of the chapter that you use a measurement that meets 
the assumptions for the variable with the lowest level of measurement. If you choose two interval/ratio 
variables, also produce a scatterplot with a regression line.

Once you have completed your analysis, print your output, and attach it to this sheet. Then, take a few moments to 
describe your findings in the space provided below. In particular, you may want to consider noting the following:

 • What variables you chose and why

 • The levels of measurement of each

 • Whether you had to recode either item or designate any values as “missing”

 • What measure of association you instructed SPSS to calculate

 • The value of that measure

 • What it indicates about the relationship between these variables (strength and direction)

If you are having any trouble producing an analysis of your findings in prose, you may want to reread the writ-
ing boxes throughout Chapters 13 and 14.

(Continued)
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