Chapter Eight: Multivariate Analysis

Up until now, we have covered univariate (“one variable”) analysis and bivariate (“two
variables™) analysis. We can also measure the simultaneous effects of two or more
independent variables on a dependent variable. This allows us to estimate the effects of
each independent variable on the dependent variable, while controlling for the effects of
one or more other independent variables. This is called multivariate (“multiple
variables”) analysis. In this Chapter we review two ways to do that by using techniques
that you have already used: crosstabs and regression analysis.

Crosstabs Revisited

Recall that the crosstabs procedure is used when variables are nominal (or ordinal).
Simple crosstabs, which examine the influence of one variable on another, should be only
the first step in the analysis of social science data (refer to Chapter 5). One might
hypothesize that people who identify as Republicans are more likely to oppose abortion
than those who identify as Democrats, then run the crosstabs, and then conclude you were
right. However, this one-step method of hypothesis testing is very limited. What if most
of the Republicans in your sample are strongly religious and most of the Democrats are
not strongly religious? Is it the political party that best explains your findings or is it
religious orientation?

Let’s explore this issue. First, we will test whether political conservatism is related to
attitudes toward abortion. Before we run the Cross tabulation, we will recode the
independent variable (partyid) to make our interpretation easier. Refer back to Chapter 3
to review how to recode into a new variable. Naming your new variable partyidr (for
partyid recode), recode partyid into three categories as follows:

Values for partyid | Values for partyidr Value Label for partyidr
0-2 1 Democrat

3 2 Independent

4-6 3 Republican

All other values System-missing

Then, run Crosstabs using partyidr as the independent variable (in the column position),
and abany as the dependent variable (in the row position). You may want to review
Chapter 5 for direction on how to do this. You should get results that look like the table
shown in Figure 8-1.

As the results show, 42.6% of all respondents think that abortion should be allowed for
any reason. However, political party identification does appear to be related to attitudes
toward abortion. Just over half (51.9%) of respondents

who identify as Democrats are in favor of allowing abortion for any reason, compared to
less than a third of those identifying as Republicans (31.6%). So, our hypothesis appears
to be supported. But we are still left with the question of whether the strength of
religious beliefs actually accounts for this relationship.
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We will do a multivariate cross
tabulation to test this idea, also

abany ABORTION IF WOMAN WANTS FOR ANY REASON * partyidr Crosstabulation

called an elaboration analysis. If e
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relationship between party o R

identification and attitudes 3, el (0% e sxpected courlless han . The mnirm

disappears when the strength of Figure 8-1

religious beliefs is controlled (that

is, nearly the same percentage of Democrats and Republicans approve of abortion within
each level of religiosity), then we would conclude that the strength of religious beliefs is
the better predictor. But what if the relationship between political party identification is
different, depending on the strength of religious beliefs? If that is the case, then we
would say that there is an interaction between the two independent variables; they work
together in shaping attitudes toward abortion.

Recall that your original crosstabs procedure produces one contingency table, with as
many rows as there are categories (or values) of the dependent variable, and as many

columns as there are categories of the independent
variable. When you start using control (sometimes called — o e
test) variables, you will get as many separate tables as B .
there are categories of the control variable. There are four B .
categories in the reliten variable, the measure of strength 7o
of religious beliefs. Thus, we should expect to get four -t | —
contingency tables, each one showing the relationship § L -
between partyidr and abany for a different category of ey D
reliten. B supreee s

Figure 8-2

To do the crosstabs, click Analyze, Descriptive

Statistics, Crosstabs, just as you did for testing the bivariate relationship between
partyidr and abany. This time, click on reliten and move it into the box called Layer 1 of
1. The dialog box should look like the one shown in Figure 8-2. Click OK. Your results
should look like the table shown in Figure 8-3.

Notice that the relationship between partyidr and abany is different depending on the
different categories of reliten. What does that tell you?

Try other variables as a control (i.e., in place of reliten) to see what happens. As a
general rule, here is how to interpret what you find from this elaboration analysis:
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If the partial abany ABORTION IF WOMANWANTS FOR ANY REASON * partyr *reiten STRENGTH OF AFFILIATION Crosstabulation
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if you control for all the other logical independent variables you can think of, and
still find essentially no differences between the zero-order tables and their
partials.

If the difference shown in all the partial tables (the separate tables for each
category of the control variable) are significantly smaller than those found in the
original AND IF your control variable is antecedent (occurs prior in time) to both
the other variables, you have found a spurious relationship and explained away
the original. In other words, the original relationship was due to the influence of
that control variable, not the one you first hypothesized.

If the differences you see in the partial tables are less than you saw in the original
table AND IF your control variable is intervening (that is, the control variable
occurs in time after the original independent variable), you have interpreted the
relationship. If the time sequence between the independent and control variable is
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not determinable (or otherwise unclear), then you don't know whether you have
explanation or interpretation, but you do know that the control variable is
important.

e If one or more of the differences shown in the partial tables is stronger than in the
original and one or more is weaker, you have discovered the conditions under
which the original relationship is strongest. This is referred to as specification or
the interaction effect.

e If the zero order table showed weak association between the variables, you might
still find strong associations in the partials (which is a good argument for keeping
on with your initial analysis of the data even if you didn’t “find” anything with
bivariate analysis). The addition of your control variable showed it to have been
acting as a suppressor in the original table.

e Last, if a zero order table shows only a weak or moderate association, the partials
might show the opposite relationship, due to the presence of a distorter variable.

Look at the patterns in each of the four partial tables and compare them to the original
(bivariate) table. What do you conclude about the relationships? Try some of your own
three-way (or higher) tables using some of the variables in the GSS10A data set. Recall
that for this procedure, there should be few categories for each variable, particularly your
control variables (so you might need to recode), and you are limited to variables
measured at, or recoded to, nominal or ordinal levels.

Multiple Regression

Another statistical technique estimating the effects of two or more independent variables
on a dependent variable is multiple regression analysis. This technique is appropriate
when your variables are measured at the interval or ratio level, although independent
variables with only two categories can be treated as interval level (these are generally
called “dummy variables” in regression analysis). Although technically designed for
interval/ratio variables, it is common for researchers to use multiple regression with
ordinal variables as well.

You may remember from a statistics course that when we use regression analysis, we
make several assumptions about our data: that there is a linear relationship between each
independent variable and the dependent variable, that the distribution of values in your
variables follows a normal

distribution, and the variables are sext
. - Cumulative
measured at interval or ratio levels. Frequency | Percent | valid Percent Percent
Walid .00 Male 923 452 452 452
R R . 1.00 Female 1121 548 548 100.0
The variable hrsrelax indicates the Total 2088 | 1000 100.0
amount of leisure time respondents Figure 8-4

have. Since it is measured in the
number of hours per day, it is an
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interval level variable. There is much existing research that finds that women have less
leisure time than men do. Let’s see if this pattern holds for our data as well. Since we
are only working with two variables at this stage, we will first do a bivariate regression
analysis, just as we did in Chapter 7. But first, we must recode the sex variable. The
mathematics on which regression analysis is based

requires that variables having two categories be E——
coded as 0 and 1. In the GSS10A data, sex is TR e ——
coded as 1 (male) and 2 (female). So, you must S o
first recode sex. If necessary, review the directions  |== |ig

for recoding into a new variable in Chapter 3. Z? oo
Name the new variable sexr (sex recoded), and {o Y ii—

code male as 0 and female as 1. Do a frequency S —
distribution of the new variable to make sure you tem HETT

did it correctly. It should look like the one shown

in Figure 8-4. Don’t forget to add value labels to
the new variable.

Figure 8-5

Now we are ready to analyze the data. We

- - .- Variables Entered/Removed®
will start first by examining the et

- - - - Model Enterad Rermoved Method
relationship between sex and leisure time. T T e
On the menu, click Analyze, B B e oues per
Regression, Linear. Click on hrsrelax Mol Surmary
and move it into the Dependent box at the Wosel | R |Rsouere | “Taae | dheecima
1 0932 aas aas 2618

top of the dialog box. Click on sexr and

a. Predictors: (Constant), sexr

move it into the Independent(s) box. It anovas
should look like the one shown in Figure o Siass | o |wesnsase | ¢ | e
. 1 Regression B8.087 1 69.087 10.068 0gz22
8'5. CIICk OK Reiidua\ 7303.923 1152 6.861
Total 7973010 1143

a. Predictors: (Constant), sexr
Your resu |tS ShOU Id |00k I | ke thOSG ShOWﬂ h. Dependent Wariable: hrsrelax HOURS PER DAY R HAWE TO RELAX

Coefficients®

in Figure 8-6' LOOking firSt at the MOdeI Unstandardized Coefficients Sctanl?auﬁ’\anrwuelﬁtesd
Summary table, you will see that the R- el 5[ owEw | e | s

. 1 (Ganstanty 3.433 112 35077 oog
SquarEd value is .018. As you recall from sexr -480 154 -083 | -3173 003
Chapter 7' thIS means that 1.8% Of the a. Dependent Variable: hrsrelax HOURS PER DAY R HAVE TO RELAX

variation in the dependent variable (hours Figure 8-6

of relaxation time) is explained by

knowing the sex of the respondent. This doesn’t seem like very much. However, our
goal was not to explain all of the factors that influence how much time people have to
relax. Our goal was to find out whether women report having less relaxation time than
men do. For this, we need to look at the Coefficients table. If you look at the B
coefficient for sexr, you will see that it is -.490. If there was absolutely no relationship
between sexr and hrsrelax, the coefficient would be zero. How do we interpret this
coefficient? Recall the discussion in Chapter 7: a one unit change in the independent
variable (sexr) is associated with a change in the dependent variable (hrsrelax) equal to
the value of B. So, if we increase the value of sexr by 1, on average, we get a change of
-.490 in hrsrelax. Since sexr is a dichotomous variable, increasing the value by 1 simply
means going from “male” to “female.” Here is what one might say in a report: WWomen
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report .490 fewer hours than men in their average amount of relaxation time per day. (It
is fewer, because the coefficient is negative; so, when X, the independent variable, goes
up, from 0 to 1, Y, the dependent variable, goes down). Notice that the t is statistically
significant, with a value of .002. This means that since the sample was randomly
selected, the pattern you see in the data is very likely an accurate reflection of the average
experiences in the population from which the sample was drawn.

Now, that analysis tells us that women report fewer e (B
hours of relaxation per week, but it doesn’t tell us g

why. Two variables that might be relevant are the

number of children that people have, and their income
level. One reason might be because most women
spend more time doing childcare and housework than
most men and therefore have fewer hours of relaxation

Methodt [Erter

Selection Verisbe:

Case Label:

LS Wiight

. . & =
time. So, we would expect to see a negative
relationship between the number of children and the Figure 8-7

amount of leisure time. Another might be income; the
higher the family income, the

Variables EnteredRemoved®

more money there iS available \u"EantabI?js ganableg Mathod
- Model niere BIMOve etho
to hire others to do some of the (R T S
work, like house cleaning, e,
babysitting, gardening, etc., CHILBREN,
making more time for leisure. o N
. 4. requesie Vgna es entered.
If that is the case, then we B AR R R oot HOURS PER
would expect to find a positive Model Summary
- . . Adjusted R Std._ Errar of
relationship between income L R
and leisure time. Finally, if N B T T eDE O ALY INCONE,
these two variables explain why aNOvA
women have less leisure time Mool Shiires ar | vean square | sig
- 1 Regression 112.932 3 37.644 5.539 o018
than men do, then controlling
H Total 7351.061 1068
for them Shou'd r_eSUIt In a (a:.'j;rl_e[l):ll\?cllzul\rls.sg?nslanl), income0B TOTAL FAMILY INCOME, childs NUMBER OF
smaller B coefficient for sexr. b. Dependent variable: hrsrelax HOURS PER DAY R HAVE TO RELAX
Lets test this out using multiple Coeicionts™ S—
regression analySiS. o Unsta;dardized CSntzfr::?;:s Cne:;ct:nts . oy
1 iConstanty 4772 310 15.386 oo
B A sewr -472 181 -0a0 | -2940 003
Once agaln, ClICk Analyze1 chiliis NUMBER OF -.020 052 -1z -392 595
Regression, Linear. Click on ncome0s TOTAL FAMILY -.045 015 095 | -3.096 o0z
hrslrelax and move it Into the a. DependentVariable: hrsrelax HOURE PER DAY R HAVE TO RELAX
Figure 8-8

Dependent box at the top of the
dialog box. Click on sexr and move it into the Independent(s) box. Then, move childs
and income06 into Independent(s) box as well. It should look like the one shown in
Figure 8-7. Click OK.

Look at the B values in the Coefficients in the table (your results should look like those in
Figure 8-8).
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Notice that none of the B coefficients are 0, meaning that each of the three independent
variables have some relationship with the number of hours of relaxation per week, when
the effects of the others are controlled. Furthermore, for two of the variable, the t statistic
is significant (p < .05), so that you can generalize the patterns you see in the data to the
population from which the sample was drawn. In contrast, the t statistics is not
statistically significant for the remaining variable (childs). Thus, even though the results
are that all three independent variables have some relationship to the dependent variable
(the B is not 0), we can generalize these results to the population for only two — sex and
total family income. How do we interpret these patterns? First, we would say that the
number of children does not appear to be related to the number of hours of relaxation
time, controlling for sex and family income. Family income is related to relaxation time,
but not in the expected direction. The effect of income is also negative—those who earn
more have fewer hours of relaxation, a result which was contrary to our hypothesis.

Thus, even though the results show that a relationship exists, our hypothesis is not
supported (because we predicted in the wrong direction). So, neither of our hypotheses
were supported by the data. Interestingly, the decrease in the value of B was very small
from the bivariate analysis (-.490) to the multivariate analysis (-.472). This suggests that
the number of children does not appear to account for the pattern in which women report
working fewer hours per week than men. What do you think accounts for this difference?
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Chapter Eight Exercises

1. How would you hypothesize the relationship between fear (Afraid to walk at night in
neighborhood) and sex?
a. Write out your hypothesis.
b. Run a crosstabs to test your hypothesis and report your results.
c. Now, do a second crosstabs, this time controlling for class. Report your results.
d. Now run fear and sex but control for trust. Report your results.

2. Choose three independent variables from the dataset that you think influence the
number of hours people watch television (tvhours, the dependent variable).
a. Write up your hypotheses (how and why each independent variable is associated
with the dependent variable.
b. Run a multivariate regression to test your hypotheses and report your results.
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