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Bivariate, Multiple,
and Logistic Regression

In Chapter 3, we considered how bivariate correlation can be used to describe the
relationship between two variables. Then, in Chapter 9, we looked at how bivariate
correlations are dealt with in an inferential manner. In this chapter, our focus is on
a topic closely related to correlation. This topic is called regression.

Three different kinds of regression are considered here: bivariate regression,
multiple regression, and logistic regression. Bivariate regression is similar to
bivariate correlation, because both are designed for situations in which there are just
two variables. Multiple and logistic regression, however, were created for cases in
which there are three or more variables. Although many other kinds of regression
procedures have been developed, the three considered here are by far the ones used
most frequently by applied researchers.

The three regression procedures considered in this chapter are like correlation
in that they are concerned with relationships among variables. Because of this, you
may be tempted to think that regression is simply another way of talking about, or
measuring, correlation. Resist that temptation, because these two statistical proce-
dures differ in three important respects: their purpose, the way variables are labeled,
and the kinds of inferential tests applied to the data.

The first difference between correlation and regression concerns the purpose
of each technique. As indicated in Chapter 3, bivariate correlation is designed to
illuminate the relationship, or connection, between two variables. The computed
correlation coefficient may suggest that the relationship being focused on is direct
and strong, or indirect and moderate, or so weak that it would be unfair to think of
the relationship as being either direct or indirect. Regardless of how things turn out,
each of the two variables is equally responsible for the nature and strength of the
link between the two variables.



Whereas correlation concentrates on the relationship, or nnk, that ©AaLSLS
between variables, regression focuses on the variable(s) that exist on one or the
other ends of the link. Depending on which end is focused on, regression tries to
accomplish one or the other of two goals: prediction or explanation.

In some studies, regression is utilized to predict scores on one variable based
on information regarding the other variable(s). For example, a college might use
regression in an effort to predict how well applicants will handle its academic cur-
riculum. Each applicant’s college grade point average (GPA) might be the main
focus of the regression, with predictions made on the basis of available data on other
variables (e.g., an entrance exam, the applicant’s essay, and the recommendations
written by high school teachers). If used in this manner, regression’s focus would
be on the one variable toward which predictions are made: college GPA.

In other investigations, regression is used in an effort to explain why the study’s
people, animals, or things score differently on a particular variable of interest. For
example, a researcher might be interested in why people differ in the degree to which
they seem satisfied with life. If such a study were to be conducted, a questionnaire
might be administered to Jarge group of individuals for the purpose of measuring life
satisfaction. Those same individuals would also be measured on several other variables
that might explain why some people are quite content with what life has thrown at them
whereas others seem to grumble incessantly because they think life has been cruel and
unfair to them. Such variables might include health status, relationships with others,
and job enjoyment. If used in this manner, regression’s focus would be on the variables
that potentially explain why people differ in their levels of life satisfaction.

Excerpts 16.1 and 16.2 illustrate the two different purposes of regression. In
the first of these excerpts, the clear objective was to use regression analyses to help
predict people’s adjustment to living in a nursing home. In Excerpt 16.2, the goal

EXCERPTS 16.1-16.2 « The Two Purposes of Regression: Prediction
and Explanation
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EXCERPTS 16.1-16.2 * (continued)
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was explanation, not prediction. Here, the researchers wanted to know which
factors explain why some people are afflicted by work-related fatigue whereas
others are not. The focus was primarily on women workers, a trait called need for
recovery after a day’s work, and demographic variables.

The second difference between regression and correlation concerns the labels
attached to the variables. This difference can be seen most easily in the case in which
data on just two variables have been collected. Let’s call these variables A and B. In
a correlation analysis, variables A and B have no special names; they are simply the
study’s two variables. With no distinction made between them, their location in
verbal descriptions or in pictorial representations can be switched without changing
what is being focused on. For example, once r becomes available, it can be described
as the correlation between A and B or it can be referred to as the correlation between
B and A. Likewise, if a scatter diagram is used to show the relationship between the
two variables, it does not matter which variable is positioned on the abscissa.

In a regression analysis involving A and B, an important distinction between
the two variables must be made. In regression, one of the two variables needs to be
identified as the dependent variable and the other variable must be seen as the
independent variable.! This distinction is important because (1) the scatter dia-
gram in bivariate regression always is set up such that the vertical axis corresponds
with the dependent variable whereas the horizontal axis represents the independent
variable, and (2) the names of the two variables cannot be interchanged in verbal
descriptions of the regression. For example, the regression of A on B is not the same
as the regression of B on A.2

Excerpts 16.3 and 16.4 come from two studies that were quite different. In
the first study, only two variables were involved in the single regression that was

I'The terms criterion variable, outcome variable, and response variable are synonymous with the term
dependent variable, whereas the terms predictor variable or explanatory variable mean the same thing as

independent variable.
2When the phrase “regression of on » is used, the variable appearing in the first blank is the



EXCERPTS 16.3-16.4 * Dependent and Independent Variables

~ Toassess the extent to which students’ perceptions of parenting style predicted eval-
 uations of their parents’ preferred music we performed a multiple regression analysis ‘
. using the mean rating score of parent music (ratings given to only those pieces indi-
 cated as a favorite by a student’s parent) as the dependent variable and scores on the
ca.nng and the autonomy dimensions of the PBI, as well as students age and gender
as mdependcnt vanables, o

| ":Source Serbun, §. | £ DeBono, LG (2019) On appreciating the music of our parents: The
. role of the parem—-chlid bond. Noﬂh Amerzmn Journal of Psycholagy, 12(1) 93-102:

conducted. In the second excerpt, there was one dependent variable and four inde-
pendent variables. Despite these differences, notice how the researchers associated
with each excerpt clearly designate the status of each variable as being a dependent
variable or an independent variable.

The third difference between correlation and regression concerns the focus of
inferential tests and confidence intervals. With correlation, there is just one thing
that can be focused on: the sample correlation coefficient. With regression, how-
ever, inferences focus on the correlation coefficient, the regression coefficient(s),
the intercept, the change in the regression coefficient, and something called the odds
ratio. We consider these different inferential procedures as we look at bivariate
regression, multiple regression, and logistic regression.

Although correlation and regression are not the same, correlational concepts
serve as some (but not all) of regression’s building blocks. With that being the case,
you may wonder why this chapter is positioned here rather than immediately after
Chapter 9. If this question has popped into your head, there is a simple answer. This
chapter is located here because certain concepts from the analysis of variance and
the analysis of covariance also serve as building blocks in some regression analyses.
For example, researchers sometimes base their regression predictions (or expla-
nations) on the interactions between independent variables. Also, regressions are
sometimes conducted with one or more covariate variables controlled or held
constant. Without knowing about interactions and covariates, you would be unable
to understand these particular components of regression analyses.
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We now turn our attention to the simplest kind of regression used by applied
researchers. Take good mental notes as you study this material, for the concepts you
now encounter provide a foundation for the other two kinds of regression to be con-
sidered later in the chapter.

Bivariate Regression

The simplest kind of regression analysis is called bivariate regression. First, we
must clarify the purpose of and the data needed for this kind of regression. Then,
we consider scatter diagrams, lines of best fit, and prediction equations. Finally, we
discuss inferential procedures associated with bivariate regression.

Purpose and Data

As you would suspect based on its name, bivariate regression involves just two vari-
ables. One of the variables serves as the dependent variable whereas the other func-
tions as the independent variable. The purpose of this kind of regression can be
either prediction or explanation; however, bivariate regression is used most fre-
quently to see how well scores on the dependent variable can be predicted from data
on the independent variable.

To illustrate how bivariate regression can be used in a predictive manner,
imagine that Sam, a 41-year-old tennis player, has been plagued by a knee injury
that for months has failed to respond to nonsurgical treatment. Consequently,
arthroscopic surgery is scheduled to repair Sam’s bad knee. Even though he knows
that arthroscopic procedures usually permit a rapid return to usual activity, Sam
would like to know how long he will be out of commission following surgery. His
presurgery question to the doctor is short and sweet: “When will I be able to play
again?” Clearly, Sam wants his doctor to make a prediction.

Although Sam’s doctor might be inclined to answer this question concerning
down-time by telling Sam about the average length of convalescence for tennis
players following arthroscopic knee surgery, that is really not what Sam wants to
know. Obviously, some people bounce back from surgery more quickly than do oth-
ers. Therefore, Sam wants the doctor to consider his (i.e., Sam’s) individual case
and make a prediction about how long /e will have to interrupt his on-court activ-
ity. If Sam’s doctor is aware of what has happened with other tennis players who
have had arthroscopic knee surgery, and if the doctor has a computer program that
can perform a bivariate regression, he could provide Sam with a better-than-average
answer to the question about postsurgical down time.

In the study conducted with people like Sam, imagine that there are 12 tennis
players who had one of their knees repaired via arthroscopic surgery. Also imagine
that data exist on each person regarding two variables: age and number of postsur-



cale (PRUS). . . . E 4 ;
. (PBS). . . . Our primary hypothesis was tested [by means of a simple
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>+ Evan Lf;'&lTrotter,,,D. R. M. (2009). Epistemoingy"and uncertainty in primary care:
ploratory study. Family Medicine, 41(5),319-326. ‘

_ To assess the extent to which students’ perceptions of parenting style predicted eval-

* uations of their parents’ preferred music we performed a multiple regression analysis
 using the mean rating score of parent music (ratings given to only those pieces indi-
" .cated ava favorite by a student’s parent) as the dependent variable and scores on the
. caring and the autonomy dimensions of the PBI as well as students’ age and gender,
as independent variables. ‘ o

" Source: Serbun, .., & DeBono, K. G. (2010). On appreciating the music of our parents: The
. role of the parent—child bond. North American Journal of Psychology, 12(1), 93-102. :

conducted. In the second excerpt, there was one dependent variable and four inde-
pendent variables. Despite these differences, notice how the researchers associated
with each excerpt clearly designate the status of each variable as being a dependent
variable or an independent variable.

The third difference between correlation and regression concerns the focus of
inferential tests and confidence intervals. With correlation, there is just one thing
that can be focused on: the sample correlation coefficient. With regression, how-
ever, inferences focus on the correlation coefficient, the regression coefficient(s),
the intercept, the change in the regression coefficient, and something called the odds
ratio. We consider these different inferential procedures as we look at bivariate
regression, multiple regression, and logistic regression.

Although correlation and regression are not the same, correlational concepts
serve as some (but not all) of regression’s building blocks. With that being the case,
you may wonder why this chapter is positioned here rather than immediately after
Chapter 9. If this question has popped into your head, there is a simple answer. This
chapter is located here because certain concepts from the analysis of variance and
the analysis of covariance also serve as building blocks in some regression analyses.
For example, researchers sometimes base their regression predictions (or expla-
nations) on the interactions between independent variables. Also, regressions are
sometimes conducted with one or more covariate variables controlled or held
constant. Without knowing about interactions and covariates, you would be unable
to understand these particular components of regression analyses.
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We now turn our attention to the simplest kind of regression used by applied
researchers. Take good mental notes as you study this material, for the concepts you
now encounter provide a foundation for the other two kinds of regression to be con-
sidered later in the chapter.

Bivariate Regression

The simplest kind of regression analysis is called bivariate regression. First, we
must clarify the purpose of and the data needed for this kind of regression. Then,
we consider scatter diagrams, lines of best fit, and prediction equations. Finally, we
discuss inferential procedures associated with bivariate regression.

Purpose and Data

As you would suspect based on its name, bivariate regression involves just two vari-
ables. One of the variables serves as the dependent variable whereas the other func-
tions as the independent variable. The purpose of this kind of regression can be
either prediction or explanation; however, bivariate regression is used most fre-
quently to see how well scores on the dependent variable can be predicted from data
on the independent variable.

To illustrate how bivariate regression can be used in a predictive manner,
imagine that Sam, a 41-year-old tennis player, has been plagued by a knee injury
that for months has failed to respond to nonsurgical treatment. Consequently,
arthroscopic surgery is scheduled to repair Sam’s bad knee. Even though he knows
that arthroscopic procedures usually permit a rapid return to usual activity, Sam
would like to know how long he will be out of commission following surgery. His
presurgery question to the doctor is short and sweet: “When will I be able to play
again?” Clearly, Sam wants his doctor to make a prediction.

Although Sam’s doctor might be inclined to answer this question concerning
down-time by telling Sam about the average length of convalescence for tennis
players following arthroscopic knee surgery, that is really not what Sam wants to
know. Obviously, some people bounce back from surgery more quickly than do oth-
ers. Therefore, Sam wants the doctor to consider his (i.e., Sam’s) individual case
and make a prediction about how long ke will have to interrupt his on-court activ-
ity. If Sam’s doctor is aware of what has happened with other tennis players who
have had arthroscopic knee surgery, and if the doctor has a computer program that
can perform a bivariate regression, he could provide Sam with a better-than-average
answer to the question about postsurgical down time.

In the study conducted with people like Sam, imagine that there are 12 tennis
players who had one of their knees repaired via arthroscopic surgery. Also imagine
that data exist on each person regarding two variables: age and number of postsur-
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TABLE 16.1 Data for Bivariate Regression Example

Post-Surgical Down-Time and Age for 12 Adult

Tennis Players

Player Age Down-Time (days)
Kathy 41 7
Alex 47 6
Nancy 36 5
David 29 5
Pat 41 6
Andrew 22 3
Allison 21 4
Gary 38 6
Emily 19 5
Candace 31 4
Ted 32 6
Barbara 24 4

Scatter Diagrams, Regression Lines,
and Regression Equations

The component parts and functioning of regression can best be understood by ex-
amining a scatter diagram. In Figure 16.1, such a picture has been generated using
the data from Table 16.1. There are 12 dots in this “picture,” each positioned so as
to reveal the age and postsurgical convalescent time for one of the tennis players.

Down-Time (Days)

| | | | | | | -
15 20 25 30 35 40 45 50

Age of Player

FIGURE 16.1 Scatter Plot with Regression Line
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The scatter diagram in Figure 16.1 was set up with days of convalescence on
the ordinate and age on the abscissa. These two axes of the scatter diagram were
labeled like this because it makes sense to treat convalescence as the dependent vari-
able. It is the variable toward which predictions will eventually be made for Sam and
other tennis players who are similar to those who supplied the data we are currently
considering. Age, however, is positioned on the abscissa because it is the indepen-
dent variable. It is the variable that “supplies” data used to make the predictions.’

As you can see, a slanted line passes through the data points of the scatter
diagram. This line is called the regression line or the line of best fit, and it func-
tions as the tool our hypothetical doctor will use in order to predict how long Sam
will have to refrain from playing tennis. As should be apparent, the regression line
is positioned so as to be as close as possible to all of the dots. A special formula
determines the precise location of this line; however, you do not need to know any-
thing about that formula except that it is based on a statistical concept called least
squares.*

Let’s make a prediction for Sam, pretending now that we are his doctor. All
we must do is turn to the scatter diagram and take a little trip with our index finger
or our eyes. Our trip begins on the abscissa at a point equal to Sam’s age. (Re-
member, Sam is 41 years old.) We move vertically from that point up into the scat-
ter diagram until we reach the regression line. Finally, we travel horizontally (to the
left) from that point on the regression line until reaching the ordinate. Wherever this
little trip causes us to end up on the ordinate becomes our prediction for Sam’s down
time. According to our information, our prediction is that Sam will be out of com-
mission for approximately six days.

Notice that our prediction of Sam’s down time would have been shorter if he
had been younger and longer if he had been older. For example, we would have pre-
dicted about four days if he had been 21 years old, or five days if he had been 31.
These alternative predictions for a younger Sam are brought about by the tilt of the
regression line. Because there is a positive correlation between the independent and
dependent variables, the regression line tilts from lower left to upper right.

Although it is instructive to see how predictions are made by means of a re-
gression line that passes through the data points of a scatter diagram, the exact same
objective can be achieved more quickly and more scientifically by means of some-
thing called the regression equation. In bivariate, linear regression, this equation
always has the following form:

Y=a+bX

3Because we are dealing with regression (and not correlation), it would be improper to switch the two vari-
ables in the scatter diagram. The dependent variable always goes on the ordinate; the independent variable
always goes on the abscissa.

“The least squares principle simply means that when the squared vertical distances of the data points from
the regression line are added together, they yield a smaller sum than would be the case for any other straight



where Y’ stands for the predicted score on the dependent variable, a is a constant,
b is the regression coefficient, and X is the known score on the independent
variable. This equation is simply the technical way of describing the regression line.
For the data shown in Table 16.1 (and Figure 16.1), the regression equation turns
out like this:

Y =1.978 + 0.098-X

To make a prediction for Sam by using the regression equation, we simply
substitute Sam’s age for X and then work out the simple math. Because the num-
bers in the regression equation are so close to being whole numbers, let’s round
things off a bit and rewrite the regression equation as ¥' = 2 + (0.10)X. We now
have a simple prediction model that says to add 2 to one-tenth of person’s age, with
the result being a guess as to that individual’s down-time. When we do this for Sam,
Y’ = 6.1. If we don't round off, Y’ = 5.996. The fact that these values are very sim-
ilar to what we predicted from the scatter diagram should not be at all surprising.
This is because the regression equation is nothing more than a precise mechanism
for telling us where we should end up if, in a scatter diagram, we first move verti-
cally from some point on the abscissa up to the regression line and then move hor-
izontally from the regression line to the ordinate.

Whereas scatter diagrams with regression lines appear only rarely in
research reports, regression equations show up more frequently. We will see an
example shortly; first, however, let’s consider the study that was conducted. In
this investigation, the researchers collected data from 67 individuals with multiple
sclerosis (MS) who had been on a home-based self-medication program. First,
the researcher asked each patient to estimate the percentage of self-injections
that had been missed during the previous two months. Then, self-medication
adherence was electronically monitored during the next two-month period.
These data were used to see if retrospective self-reports could predict prospective
(i.e., future) adherence.

The data assessing self-medication adherence during the second half of the
study did not come from patients’ self-reports. Instead, the researchers provided
patients with special containers into which they put their disposable needles after
they were used. These containers—called MEMS (Medication Event Monitoring
System)—had been designed to record electronically the precise date and time any
needle was put into the container. At the end of the full four-month period of the
study, the researchers performed a regression analysis in which retrospective self-
report of adherence served as the independent (predictor) variable and the electronic
MEMS-based measure of adherence was the dependent (criterion) variable.

In Excerpt 16.5, we see the regression equation that appeared in the research
report that summarized the self-medication study. As indicated in the excerpt, the
data used to create this regression equation came from all research participants
except four who reported very poor adherence over the first two-month period of
the study.

R T S - VT




; a constant,
ndependent
ression line.
ation turns

, we simply
ise the num-
, let’s round
)X. We now
n’s age, with
this for Sam,
pre very sim-
il surprising.
» mechanism
t move verti-
en move hor-

by rarely in
e will see an
pwnducted. In
with multiple
pgram. First,
Flf—mjections
f-medication
onth period.
¢ prospective

ad half of the
hers provided
s meedles after
M Monitoring
 and time any
 period of the
pspective self-
the electronic
ariable.

m the research
pe excerpt, the
h participants
onth period of

Bivariate, Multiple, and Logistic Regression 375

EXCERPT 16.5 « The Regression Equation in Bivariate Regression
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Tt should be noted that there are two kinds of regression equations that can be
created in any bivariate regression analysis. One of these is called an
unstandardized regression equation. This is the kind we have considered thus far,
and it has the form Y’ = a + b+ X. The other kind of regression equation (that can
be generated using the same data) is called a standardized regression equation. A
standardized regression equation has the form z'y = B zx. These two kinds of
regression equations differ in three respects. First, a standardized regression equa-
tion involves z-scores on both the independent and the dependent variables, not raw
scores. Second, the standardized regression equation does not have a constant (e.,
a term for @). Finally, the symbol 8 (called a beta weight) is used in place of the

regression coefficient, b.

Interpreting a, b, r, and r* in Bivariate Regression

When used for predictive purposes, the regression equation has the form
¥' = a + b+X. Now that you understand how this equation works, let’s take a
closer look at its two main ingredients, @ and b. In addition, let’s now pin down the
regression meaning of r and .

Earlier, I referred to a as the constant. Alternatively, this component of the
regression equation is called the intercept. Simply stated, a indicates where the
regression line in the scatter diagram would, if extended to the left, intersect the
ordinate. Tt indicates, therefore, the value of Y’ for the case where X = 0. In many
studies, it may be quite unrealistic (or downright impossible) for there to be a case
where X = 0; nonetheless, Y = awhenX = 0.

Earlier, we considered data concerning the post-surgical down-time of 12
adult tennis players. In the regression equation based on those data, the constant
was equal to 1.978. That is not a very realistic number, for it indicates the predicted
number of down-time days for a tennis player whose age is 0! Clearly, a may be

totally devoid of meaning within the context of a study’s independent and dependent
ALy By B e e L1 ot eo-nonsensical meaning




within a scatter diagram, because a indicates the point where the regression line
intercepts the ordinate.

The other main component of the regression is b, the regression coefficient.
When the regression line has been positioned within the data points of a scatter
diagram, b simply indicates the slope of that line. As you probably recall from your
high school math courses, slope means “rise over run.” In other words, the value of
b signifies how many predicted units of change (either up or down) in the depen-
dent variable there are for any one unit increase in the independent variable. In
Figure 16.1, the regression equation has a slope equal to .098. This means that the
predicted down time for our hypothetical patient Sam would be about one-tenth of
a day longer if the surgery is put off a year (assuming Sam’s knee problem, health
status, and fitness level do not change).

When researchers use bivariate regression, they sometimes will focus on either
b or B more than anything else. Consider, for example, Excerpt 16.6. In the study
associated with this excerpt, several college-age men and women were measured on
several traits, one of which was aggression. In addition, the research participants had
their pain tolerance measured via a device that sent increasing levels of electrical cur-
rent into their non-dominant hands. After collecting the data, the researchers did a
bivariate regression within each gender group to investigate the connection between
trait aggression and pain tolerance. Notice how the researchers focused their atten-
tion on the beta weights when comparing the men versus the women.

EXCERPT 16.6 * Focusing on the Regression Coefficient

men and women completed trait measures and a labora-
sment of pain to .. . To determine whether the relationship between
ce and aggression differed by sex of participant, we . . . computed simple
gression coefficients of pain tolerance and trait aggression for men and ‘women.
ses indicated that while there was no relationship between pain tolerance and
aggression for women [8 = —.02], there was a significant positive relation-
for men [B = 31]. ... Pain tolerance was significantly and positively related
gression in men, but in women the relation between pain tolerance and trait

.D.. 1 aé;anald, K., & Zeichner, A, (2009). The relationship
slerance and trait aggression: Effects of sex and gender role. Aggressive Behavior,

When summarizing the results of a regression analysis, researchers will normally
indicate the value of r (the correlation between the independent and dependent vari-
ables) or 2. You already know, of course, that such values for r and r* measure the
strength of the relationship between the independent and dependent variables. How-
ever, each has a special meaning, within the regression context, that is worth learning.
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As you might expect, the value of r is high to the extent that the scatter dia-
gram’s data points are located close to the regression line. Although that is undeni-
ably true, there is a more precise way to conceptualize the regression meaning of r.
Once the regression equation has been generated, that equation could be used to pre-
dict Y for each person who provided the scores used to develop the equation. In one
sense, that would be a very silly thing to do, because predicted scores are unneces-
sary in light of the fact that actual scores on the dependent variable are available for
these people. However, by comparing the predicted scores for these people against
their actual scores (both on the dependent variable), we would be able to see how
well the regression equation works. The value of r does exactly this. It quantifies the
degree to which the predicted scores correlate, or match up with, the actual scores.

Just as r has an interpretation in regression that focuses on the dependent vari-
able, so it is with 2. Simply stated, the coefficient of determination indicates the
proportion of variability in the dependent variable that is explained by the inde-
pendent variable. As illustrated in Excerpt 16.7, 72 is usually turned into a percent-
age when it is reported in research reports.

EXCERPT 16.7 * Variability in the Dependent Variable Explained
by Variability in the Independent Variable

Appfzed Physiblogy, Numtzon & Metabolmm, 34(4) 7

Inferential Tests in Bivariate Regression

The data used to generate the regression line or the regression equation are typically
considered to have come from a sample, not a population. Thus the component parts
of a regression analysis—a, b, and r—are usually viewed as sample statistics, not
population parameters. Accordingly, it should not come as a surprise that re-
searchers conduct one or more inferential tests whenever they perform a regression
analysis.

In bivariate regression, a test on r is mathematically equivalent to a test on b
or 3. Therefore, you are unlikely to see a case where both r and b (or r and B) are
tested, because such tests would be fully redundant with each other. Researchers
have the freedom to have their test focus on 7 or b or . If r is tested, try to
remember the thmgs we con51dered in Chapter 9. In particular, keep in mind that
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in the population is equal to 0.00. Also keep in mind that a test of this null hypoth-
esis operates properly only if certain assumptions (e.g., linearity) are met.

When bivariate regression is involved in a study, you are likely to see a test of
significance on either b or B rather than r. The null hypothesis in this alternative
(but equivalent) kind of test says that the population value of the regression or beta
weight is 0. Stated differently, the null hypothesis in such tests is that the regression
line has no tilt, thus meaning that the independent variable provides no assistance
in predicting scores on the dependent variable. In Excerpt 16.8, we see a case where
such a test was applied. This excerpt is worth considering for two reasons. First, can
you tell which of the two variables was the dependent variable? Second, do you
agree the researchers deserve a pat on the back for presenting what they did imme-
diately after they cite the test’s p-level?

EXCERPT 16.8 ¢« Testing a Regression Coefficient

Multiple Regression

‘We now turn our attention to the most popular regression procedure of all, multiple

regression. This form of regression involves, like bivariate regression, a single

dependent variable. In multiple regression, however, there are two or more inde- i

pendent variables. Stated differently, multiple regression involves just one Y variable ,5

but two, three, or more X variables.’
In three important respects, multiple regression is identical to bivariate re-

gression. First, a researcher’s reason for using multiple regression is the same as the

reason for using bivariate regression, either prediction (with a focus on the depen-

dent variable) or explanation (with a focus on the independent variables). Second,

a regression equation is involved in both of these regression procedures. Third, both

bivariate and multiple regression almost always involve inferential tests and a

SRecall that the dependent variable (Y) is sometimes referred to as the criterion, outcome, or response variable,
whereas the independent variable (X) is sometimes referred to as the predictor or explanatory variable.
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measure of the extent to which variability among the scores on the dependent vari-
able has been explained or accounted for.

Although multiple regression and bivariate regression are identical in some
respects, they also differ in three extremely important ways. As you will see, mul-
tiple regression can be done in different ways that lead to different results, it can be
set up to accommodate covariates that the researcher wishes to control, and it can
involve (as predictor variables) one or more inferactions between independent vari-
ables. Bivariate regression has none of these characteristics.

In upcoming sections, these three unique features of multiple regression are
discussed. We begin, however, with a consideration of the regression equation that
comes from the analysis of data on one dependent variable and multiple independent
variables. This equation functions as the most important stepping stone between the
raw scores collected in a study and the findings extracted from the investigation.

The Regression Equation

When a regression analysis involves one dependent variable and two independent
variables, the regression equation takes the form

Y =a+ bX, + bX,

where Y’ stands for the predicted score on the dependent variable, a stands for
the constant, b; and b, are regression coefficients, and X; and X, represent the two
independent variables. As indicated previously, multiple regression can accommo-
date more than two independent variables. In such cases, the regression equation is
simply extended to the right, with an extra term (made up of a new b multiplied by
the new X) added for each additional independent variable. The presence of these
extra terms, of course, does not alter the fact that the regression equation contains
only one Y’ term (located on the left side of the equation) and only one a term
(located on the right side of the equation).

In Excerpts 16.9 and 16.10, we see regression equations that were created for
the situations where there were two or three independent variables, respectively. In

EXCERPTS 16.9-16.10  Regression Equations with Different Numbers
of Independent Variables
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EXCERPTS 16.9-16.10 (continued)
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these regression equations, note that the numerical values of 24.09 (in Excerpt 16.9)
and 4.10 (in Excerpt 16.10) represent a (i.e., the constants). The other numerical
values in each equation are the bs (i.e., the regression coefficients), each of which
is paired with a particular independent variable.

In each of the regression equations shown in Excerpts 16.9 and 16.10, the
algebraic sign between any two adjacent terms on the right side of the equation is
positive, meaning that the sign of every regression coefficient was positive. In some
multiple regression equations, one of more of the bs ends up being negative. The sign
of a regression coefficient simply indicates the nature of the relationship between that
particular X variable and the dependent variable. Thus, if the nurses in the study that
gave us Excerpt 16.10 had also been measured on how extensively they feel inde-
pendently in control of their own lives, this predictor variable’s regression coefficient
would likely have a negative sign in front of it, thereby implying an inverse rela-
tionship between feeling independently powerful and level of spiritual intelligence.

Regardless of whether the multiple regression is being conducted for predic-
tive or explanatory purposes, the researcher is usually interested in comparing the in-
dependent variables to see the extent to which each one helps the regression analysis
achieve its objective. In other words, there is usually interest in finding out the
degree to which each independent variable contributes to successful predictions or valid
explanations. Although you (as well as a fair number of researchers) may be tempted
to look at the bs in order to find out how well each independent variable works, this
should not be done because each regression coefficient is presented in the units of
measurement used to measure its corresponding X. Thus, if one of the independent
variables in a multiple regression is height, its  will differ in size depending on
whether height measurements are made in centimeters, inches, feet, or miles.

To determine the relative importance of the different independent variables,
the researcher must look at something other than an unstandardized regression
equation like those we have seen thus far. Instead, a standardized regression equa-
tion can be examined. This kind of regression equation, for the case of three inde-
pendent variables, takes the form

Z'y = Bizy, T Bazx, T Bazx,
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Note that this equation presents the dependent and independent variables in

terms of z, it has no constant term, and it uses the symbol S instead of b. These Bs

are like standardized regression coefficients, and they are called beta weights.

Although standardized regression equations are rarely included in research
reports, researchers often extract the beta weights from such equations and present
the numerical values of these Bs. In Excerpt 16.11, we see an instance in which this
was done. Notice that the beta weights in this excerpt were compared, with the
researchers pointing out that the first beta weight was more than twice as large as
the second beta, and more than three times as large as the third. Unstandardized
regression coefficients cannot be compared like this.

EXCERPT 16.11  Beta Weights

. The betas from regression model were used to determine the relative weights
 factor. [Results indicated that] attitude toward the behavior hz mos!
impact (B = 0.569) on teachers’ intentions to use computer:

_ lessons, produ ing a change of 0.569 units in behavioral
 change in attitude. This influence on intention is more than twice that
 norm (B = 0.229) and more than three times that of perceived beh:
s
. Source: Les, J., Cerreto, F. A., & Lee, 1. (2010). Theory of planned behay
. decisions regardir use of educational technology. Journal of Educational Te
Bt

Before concluding our discussion of regression equations, three important
points must be made. First, one or more of the independent variables in a regres-
sion analysis can be categorical in nature. For example, gender is often used in
multiple regression to help accomplish the researcher’s predictive or explanatory
objectives. As you see the technique of multiple regression used in different stud-
ies, you are likely to see a wide variety of categorical independent variables
included, such as marital status (single, married, divorced), highest educational
degree (high school diploma, bachelor’s degree, Master’s degree, Ph.D.), and race
(Black, White, Hispanic). Such variables are sometimes referred to as dummy
variables.

Second, researchers often include a term in the regression equation that rep-
resents the interaction between two independent variables. Just as two independent
variables in a two-way ANOVA can be examined to see if they interact, so too can
the interaction of independent variables be assessed in regression contexts. We con-
sider this feature of multiple regression later in the chapter; for now, all I want to
do is alert you to the fact that interactions are often used as independent variables
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My third and final comment about regression equations is an important warning.
Simply stated, be aware that the regression coefficients (or beta weights) associated
with the independent variables can change dramatically if the analysis is repeated with
one of the independent variables discarded or another independent variable added.
Thus, regression coefficients (or beta weights) do not provide a pure and absolute
assessment of any independent variable’s worth. Instead, they are context dependent.

Three Kinds of Multiple Regression

Different kinds of multiple regression exist because there are different orders in
which data on the independent variables can be entered into the analysis. In this sec-
tion, we consider the three most popular versions of multiple regression: simulta-
neous multiple regression, stepwise multiple regression, and hierarchical multiple
regression.

In simultaneous multiple regression, the data associated with all indepen-
dent variables are considered at the same time. This kind of multiple regression is
analogous to the process used in preparing vegetable soup where all ingredients are
thrown into the pot at the same time, stirred, and then cooked together. In Excerpt 16.12,
we see an example of simultaneous multiple regression.

EXCERPT 16.12 * Simultaneous Multiple Regression

of [bivariate] linear regression analyses was conducted and analyses indi-
| that all of the predictor variables independently predicted rebuilding the mar-
' [ie., mid-life marital satisfaction]. . . . A simultaneous multiple
n analysis was then conducted with adaptive appraisal, social support, and
ating experiences as predictor variables and rebuilding the marriage rela-.

- the criterion variable (1 = 476).

iber, C. H., Navarro, R. L., Womble, M. W., & Mumme, F. L. (2010), Family resilicnce
dlife mari al satisf: iomszéFamilyJoumaI: Counseling and Therapy for Couples and

Stepwise multiple regression analysis is analogous to the process of prepar-
ing a soup in which the ingredients are tossed into the pot based on the amount of
each ingredient. Here the stock goes in first (because there is more of that than any-
thing else), followed by the vegetables, the meat, and finally the seasoning. Each of
these different ingredients is meant to represent an independent variable, with
“amount of ingredient” equated, somewhat, to the size of the bivariate correlation
between a given independent variable and the dependent variable. Here, in stepwise
multiple regression, the computer determines the order in which the independent
variables become a part of the regression equation. In Excerpt 16.13, we see an
example of this kind of multiple regression.
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EXCERPT 16.13 « Stepwise Multiple Regression

Pétients;coﬁiple;ed‘ a sym

Instead of preparing our vegetable soup by simply tossing everything into the
pot at once or by letting the amount of an ingredient dictate its order of entry, we
could put things into the pot on the basis of concerns regarding flavor and tender-
ness. If we wanted garlic to flavor everything else, we would put it in first, even
though there is only a small amount of it required by the recipe. Similarly, we would
hold back some of the vegetables (and not put them in with the others) if they are
tender to begin with and we want to avoid overcooking them. Hierarchical multiple
regression is like cooking the soup in this manner, for in this form of regression the
independent variables are entered into the analysis in stages. Often, as illustrated in
Excerpt 16.14, the independent variables that are entered first correspond with
things the researcher wishes to control. After these control variables are allowed
to explain as much variability in the dependent variable as they can, then the other
variables are entered to see if they can contribute above and beyond the indepen-
dent variables that went in first.

EXCERPT 16.14 * Hierarchical Multiple Regression

- against sexual



R, R*, AR?, Adjusted R?, and sr* in Multiple Regression

In multiple regression studies, the extent to which the regression analysis achieves
its objective is usually quantified by means of R, R2, or adjusted R%. Sometimes two
of these will be presented, and occasionally you will see all three reported for the
same regression analysis. These elements of a multiple regression analysis are not
superficial and optional add-ons; instead, they are as central to a regression analy-
sis as the regression equation itself.

In bivariate regression, r provides an indication of how well the regression
equation works. It does that by quantifying the degree to which the predicted scores
match up with the actual scores (on the dependent variable) for the group of indi-
viduals used to develop the regression equation. The R of multiple regression can
be interpreted in precisely the same way. Multiple R is what we get if we compute
Pearson’s r between Y and Y’ scores for the individuals who provided scores on the
independent and dependent variables.

Although the value of R sometimes appears when the results of a multiple
regression are reported, researchers are far more likely to report the value of R*or
to report the percentage equivalent of R?. By so doing, the success of the regression
analysis is quantified by reporting the proportion or percentage of the variability in
the dependent variable that has been accounted for or explained by the study’s
independent variables. Excerpt 16.15 illustrates the way researchers use R*in an
explained-variance manner.

EXCERPT 16.15 « R? as an Index of Explained Variance
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When a multiple regression analysis is conducted with the data from all
independent variables considered simultaneously, only one R? can be computed. In
stepwise and hierarchical regression, however, several R? values can be computed,
one for each stage of the analysis wherein individual independent variables or sets
of independent variables are added. These R? values get larger at each stage, and the
increase from stage to stage is referred to as R? change. Another label for the
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increment in R? that’s observed as more and more independent variables are used
as predictors is AR? where the symbol A stands for the two-word phrase change in.

Excerpt 16.16 illustrates nicely the concept of AR?. In the first step of the hi-
erarchical multiple regression, the control variables of SES and gender were entered
into the regression model, producing an R? of .06. In the second step of the regres-
sion analysis, two more independent variables (reading score and reading self-
efficacy) entered the model, and they explained an additional 21 percent of
variability in the students’ English grades. In the last step of the regression analysis,
the researcher entered the main variable he was concerned about, a measure of each
child’s “confidence to manage learning.” As indicated in the excerpt, this final in-
dependent variable explained an additional eight percent of variability above and
beyond what already had been explained by the first four variables.

EXCERPT 16.16 + AR? in Stepwise or Hierarchical Multiple Regression

. [We conducted] hicrard

Either in place of or in addition to R?, something called adjusted R? is often
reported in conjunction with a multiple regression analysis. If reported, adjusted R?
takes the form of a proportion or a percentage. It is interpreted just like R?, because
it indicates the degree to which variability in the dependent variable is explained
by the set of independent variables included in the analysis. The conceptual differ-
ence between R? and adjusted R? is related to the fact that the former, being based
on sample data, always yields an overestimate of the corresponding population
value of R?.

Adjusted R? removes the bias associated with R? by reducing its value. Thus,
this adjustment anticipates the amount of so-called shrinkage that would be
observed if the study were to be replicated with a much larger sample. As you might
expect, the size of this adjustment is inversely related to study’s sample size.®

6The size of the adjustment is also influenced by the number of independent variables. With more independent



When reporting the results of their multiple regression analyses, some re-
searchers (who probably do not realize that R? provides an exaggerated index of pre-
dictive success) report just R Of those who are aware of the positive bias
associated with R%, some include only adjusted R? in their reports whereas others
include both R* and adjusted R*.

In addition to assessing the effectiveness of the full regression model, many
researchers evaluate the worth of each independent variable. Beta weights can help
in this regard, but they do not indicate how much variability in the dependent vari-
able is explained uniquely by each independent variable. To accomplish this goal,
the square of the semi-partial correlation, symbolized 577, is computed for each vari-
able used to help predict (or explain) variability in the dependent variable. In a very
real sense, sr? is analogous to R%, with the former index focused on a single pre-
dictor, whereas the latter is based on the full set of predictors. Excerpt 16.17 shows
how s7* can help in the interpretation of results.

EXCERPT 6.17 * Assessing the Worth of Individual Independent
Variables with sr*

O“f rm—part‘ correlaxlon (srz} for each ; 

Inferential Tests in Multiple Regression

Researchers can apply several different kinds of inferential tests when they perform
a multiple regression. The three most frequently seen tests focus on 3, R?, and AR~
Let’s consider what each of these tests does and then look at an excerpt in which
all three of these tests are used.

When the beta weight for a particular independent variable is tested, the null
hypothesis says that the parameter value is equal to 0. If this were true, that particu-
lar independent variable would be contributing nothing to the predictive or explana-
tory objective of the multiple regression. Because of this, researchers frequently test
each of the betas in an effort to decide (1) which independent variables should be
included in the regression equation being built, or (2) which independent variables
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included in an already-developed regression equation turned out to be helpful. Beta
weights are usually tested with two-tailed #-tests.’

When R? is tested, the null hypothesis says that none of the variance in the de-
pendent variable is explained by the collection of independent variables. (This H,
of course, has reference to the study’s population, not its sample.) This null hy-
pothesis normally is evaluated via an F-test. In most studies, the researcher hopes
that this Hy will be rejected.’

When AR? is tested, the null hypothesis says that any new independent vari-
ables added to an existing regression equation are totally worthless in helping to ex-
plain variability in the dependent variable. As with the null hypotheses associated
with tests on beta weights and R?, this particular H, has reference to the study’s pop-
ulation, not its sample. A special F-test is used to evaluate this null hypothesis. This
kind of test, of course, logically fits into the procedures of stepwise and hierarchi-
cal multiple regression; however, it is never used within the context of a simultane-
ous multiple regression.’

Consider now Excerpt 16.18 which comes from a study involving a hierar-
chical multiple regression. Take the time to look at this excerpt closely, because it

EXCERPT 16.18 « Inferential Tests in Multiple Regression

The df for this kind of 7-test is equal to the sample size minus one more than the number of independent variables.
#The first df for this kind of F-test is equal to the number of independent variables; the second df value is
equal to the sample size minus one more than the number of independent variables.

9The df for this kind of F-test is equal to (1) the number of new independent variables and (2) the sample size



contains—in the second step of the analysis—tests of R%, AR?, and the beta weights
for the two key independent variables.

Two additional features of Excerpt 16.18 are worth noting. First, the initial
sentence contains the bivariate correlations between each of the primary indepen-
dent variables and the dependent variable. Each of those rs has a negative sign,
which is why the two betas, presented in the excerpt’s final sentence, turned out to
be negative rather than positive. The second thing to notice about Excerpt 16.18 is
the fact that the value of R? increased dramatically from step 1 to step 2. Clearly,
variation in medication adherence is associated with violence and substance abuse,
even after gender and time since diagnosis are controlled.

Moderated and Mediated Multiple Regression

Researchers sometimes report that they have conducted a moderated multiple
regression or a mediated multiple regression. Despite the similar-sounding names,
these two kinds of regression are quite different. Let’s briefly consider the goals and
the procedure of these two special cases of multiple regression.

‘When researchers conduct a moderated multiple regression, their goal is to
see if the findings of the multiple regression are the same (or perhaps different) for
different subgroups of people or different settings. For example, suppose data are
collected from several young adults on a variety of independent variables that might
explain variability in the study’s dependent variable: level of satisfaction with a first
date. In this situation, the researcher might choose to do a moderated multiple
regression due to the thought that men and women could have different reasons for
thinking that a first date was a terrific or terrible experience (or anywhere between
these extremes).

In Excerpt 16.19, we see an example of a moderated multiple regression con-
ducted in a business setting with data gathered from a large number of employees.
The researchers wanted to see if employee commitment to an organization was
related to the employee’s perception of fit between him or her and the company he

EXCERPT 16.19 *« Moderated Multiple Regression
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EXCERPT 16.19 « (continued)

perceive that there are nume b
_fit and organizational commitment
that there are few job altemative
organizational commitment. W]
ternatives, then their comm
whether there is a fit or misfi
tives moderate the relation betw

Source: Da Silva, N., Hutcheson,

or she worked for. The researchers also wanted to see if the strength of that rela-
tionship varies depending on whether other job opportunities exist for the employee.
To answer these questions, a moderated multiple regression was conducted. The
dependent variable was organizational commitment, with the analytic approach
being hierarchical in nature. In step 1, the independent variables were strategy fit
and job opportunities. Then in step 2, the researchers added a term to the regression
model: the interaction between fit and other opportunities. It was this interaction
term that caused the regression analysis to be of the moderated variety. Carefully
read the material in Excerpt 16.19 and you get a good feel for the goal and proce-
dures of a moderated multiple regression.

With a mediated multiple regression, a researcher’s goal is to see whether the
apparent causal influence of one variable on a second variable is attributable—
totally, partially, or not at all—to the first variable having an influence through some
other third variable. To illustrate, let’s consider the plight of graduate students who
are on teaching assistantships. These individuals probably feel varying levels of job
stress because they are pressured to do three important things in the university
setting: (1) earn high grades in the graduate courses they take, (2) perform well
as instructors in the undergraduate courses they teach, and (3) get research papers
published so they can be competitive in the job market once they complete their
graduate degree programs.

We might hypothesize that the graduate students’ levels of stress will impact
their physical health, with those with more stress being more susceptible to colds,
the flu, allergies, and other ailments. At this point in our example, we have an
independent variable (job stress) that may have a causal impact on the dependent
variable (illness). We could investigate this hypothesized relationship in a simple
way by measuring a large group of graduate students on these two variables and then
correlating the two sets of scores. By itself, a statistically significant positive cor-
relation from our data would not prove that job stress causes illness; nevertheless,




Job Stress lliness

FIGURE 16.2 Diagram of Three-Variable Mediation Model

Continuing our stress-and-illness example, suppose we now add a third vari-
able to our causal model: faculty advisor mentoring. The quality of faculty men-
toring varies, of course, with some graduate students having faculty advisors who
are better than others at handling job stress, more willing to talk with their advisees
about the difficulty of being a graduate teaching assistant, and more knowledgeable
about the early-warning signals of impending illness. We might hypothesize that the
level of job stress felt by graduate students is mediated by the quality of their men-
tors. In other words, we might conjecture that at least a portion of a graduate stu-
dent’s job stress flows through the relationship he or she has with his or her faculty
advisor, with a good advisor functioning to lessen the stress (and ultimately lessen
the likelihood of illness), whereas a not-so-good advisor would do little or nothing
to mediate the causal impact of stress on illness.

A visual depiction of our example appears in Figure 16.2. The three lines are
meant to represent the paths of the causal influence. Line a represents the direct
effect of job stress on illness, whereas lines b and ¢ represent the path of mediation.
As Figure 16.2 illustrates, the effect of job stress may flow through, and may well
be reduced by, the quality of mentoring provided by the graduate faculty advisor.
Any reduction in the causal impact of the independent variable on the dependent
variable is called the indirect effect.

To assess the worthiness of a mediated model, researchers do more than just
draw diagrams with directional arrows between variable names. To test their
hypotheses, they collect and analyze data. The usual data analytic strategy involves
a four-step set of regression analyses. The sequence of tests and the needed results
to establish mediation are shown in Excerpt 16.20. This excerpt comes from a study

EXCERPT 16.20 « Mediated Multiple Regression
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EXCERPT 16.20 (continued)

effects Gf the medlator
~inténtion, B = 0.21, t(;
nomm, B = 042,(6717)
B = 044,(677) = 13. .
;;wasno longer mgmﬁcan { educ

'ﬁnon~d0mts of varymg ége and edm:anon

involving 687 Dutch residents who had never donated blood, even though they
were eligible to do so. The researchers hypothesized that their participants’ level of
intention to donate was influenced by their sense of altruism. However, they also
hypothesized that the variable of norms (i.e., the degree to which family members

" and friends donate blood and encourage others to do so) would functioned as a

mediator. Examine this excerpt carefully to see the typical approach to a mediated
multiple regression.

In the last sentence of Excerpt 16.20, reference is made to the Sobel test, one
option for seeing if the reduction in the two involved regression coefficients is
statistically significant. Another option for making this kind of test is bootstrapping,
a procedure that can be used in many statistical situations. If bootstrapping is applied
in this regression context, a computer is used to develop a sampling distribution (to
evaluate the drop in the regression coefficient) by extracting many, many samples
from the available data used in the study. This computer-based procedure is con-
sidered by some to be superior to the Sobel test.

Logistic Regression

The final kind of regression considered in this chapter is called logistic regression.
Originally, only researchers from medical disciplines (especially epidemiology)
used this form of regression. More recently, however, logistic regression has been
discovered by those who conduct empirical investigations in a wide array of disci-
plines. Its popularity continues to grow at such a rate that it may soon overtake mul-
tiple regression and become the most frequently used regression tool of all.
Before considering how logistic regression differs from the forms of regression
already considered, let’s look at their similarities. First, logistic regression deals with



dependent (i.e., outcome or response) variable whereas the others are the independent
(predictor or explanatory) variables. Second, the independent variables can be con-
tinuous or categorical in nature. Third, the purpose of logistic regression can be either
prediction or explanation. Fourth, tests of significance can be and usually are con-
ducted, with these tests targeted either at each individual independent variable or at the
combined effectiveness of the full set of independent variables. Finally, logistic regres-
sion can be conducted in a simultaneous, stepwise, or hierarchical manner depending
on the timing of and reasons for independent variables entering the equation.

There are, of course, important differences between logistic regression, on the
one hand, and either bivariate or multiple regression, on the other hand. These differ-
ences are made clear in the next three sections. Logistic regression revolves around a
core concept called the odds ratio that was not considered earlier in the chapter
because it is not a feature of either bivariate or multiple regression. Before looking
at this new concept, we must focus our attention on the kinds of data that go into a
logistic regression and also the general reasons for using this kind of statistical tool.

Variables

As does any bivariate or multiple regression, logistic regression always involves two
main kinds of variables. These are the study’s dependent and independent variables.
In the typical logistic regression (as in some applications of multiple regression), a
subset of the independent variables is included for control purposes, with the label
control (or covariate) designating any such variable. Data on these three variables
constitute the only ingredients that go into the normal logistic regression, and the
results of such analyses are inextricably tied, on a conceptual level, to these three
kinds of variables. For these reasons, it is important for us to begin with a careful
consideration of the logistic regression’s constituent parts.

In any logistic regression, as in any bivariate or multiple regression, there is
one and only one dependent variable. Here, however, the dependent variable is cat-
egorical. Although the dependent variable can have three or more categories, thus
making the logistic regression multinomial in nature, we consider here only situa-
tions where the dependent variable is dichotomous. Examples of such variables
used in recent studies include whether or not a person survives open heart surgery,
whether an elderly and ill married person considers his or her spouse to be the pri-
mary caregiver, whether a young child chronically suffers from nightly episodes of
coughing, and whether an adolescent drinks at least eight ounces of milk a day. As
illustrated by these examples, dichotomous dependent variables in logistic regres-
sions can represent either true or artificial dichotomies. Either way, our focus is on
what sometimes is referred to as binary logistic regression.

In addition to the dependent variable, at least one independent variable is
involved in any logistic regression. Almost always, two or more such variables are
involved. As in multiple regression, these variables can be either quantitative or
qualitative in nature. If of the former variety, scores on the independent variable are
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construed to represent points along a numerical continuum. With qualitative inde-
pendent variables, however, scores carry no numerical meaning and only serve the
purpose of indicating group membership. In any given logistic regression, the inde-
pendent variables can be all quantitative, all qualitative, or some of each. Moreover,
independent variables can be used individually or jointly as an interaction.

When using logistic regression, applied researchers usually collect data on
several independent variables, not just one. In the study alluded to earlier in which
the dependent variable dealt with nighttime coughing among preschool children,
the independent variables dealt with the child’s sex and birth weight, the possible
presence of pets and dampness problems in the home, whether the parents smoked
or had asthma, and whether the child attended a day care center. It is not unusual to
see this many independent variables utilized within logistic regression studies.

As indicated previously, some of the independent variables in a typical logis-
tic regression are control variables. Such variables are included so the researcher
can assess the “pure” relationship between the remaining independent variable(s)
and the dependent variable. In a very real sense, control variables are included
because of suspected confounding that would muddy the water if the connection
between the independent and dependent variables were examined directly.

In any given logistic regression wherein control is being exercised by means
of the inclusion of covariate variables, it may be that only one such variable is in-
volved, or that two or three are used, or that all but one of the independent variables
are covariates. It all depends, of course, on the study’s purpose and the researcher’s
ability to identify and measure potentially confounding variables. In the study con-
cerned with preschoolers and chronic coughing at night, all but one of the inde-
pendent variables were included for control purposes; by so doing, the researchers
considered themselves better able to examine the direct influence of day care
versus home care on respiratory symptoms.

In Excerpt 16.21, we see a case in which the three kinds of variables of a typical
logistic regression are clearly identified. It is worth the time to read this excerpt closely
with an eye toward noting the nature and number of these three kinds of variables.

EXCERPT 16.21 * Dependent, Independent, and Control Variables




Many logistic regression studies are like the one associated with Excerpt 16.21
in that they involve one dichotomous dependent variable, multiple independent vari-
ables, and multiple control variables. In some logistic regression studies, there are
multiple independent variables and a single control variable. Or, there might be a sin-
gle independent variable combined with several control variables. It all depends on
the goals of the investigation and the researcher’s ability to collect data on indepen-
dent and control variables that are logically related to the dependent variable.

Objectives of a Logistic Regression

Earlier in this chapter, I pointed out that researchers use bivariate and multiple re-
gression in order to achieve one of two main objectives: explanation or prediction.
So it is with logistic regression. In many studies, the focus is on the noncontrol
independent variables, with the goal being to identify the extent to which each one
plays a role in explaining why people have the status they do on the dichotomous
dependent variable. In other studies, the focus is primarily on the dependent vari-
able and how to predict whether people end up in one or the other of the two cate-
gories of that outcome variable.

In Excerpt 16.22, we see a case in which logistic regression was used for
predictive purposes. In the final sentence of this excerpt, the researchers point out
which of their independent variables helped predict relapses among patients afflicted
with schizophrenia.

EXCERPT 16.22 * Logistic Regression and Prediction

Odds, Odds Ratios, and Adjusted Odds Ratios

Because the concept of odds is so important to logistic regression, let’s consider a
simple example that illustrates what this word does (and does not) mean. Suppose
you have a pair of dice that are known to be fair and not loaded. If you were to roll
these two little cubes and then look to see if you rolled a pair (two of the same
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number), the answer is either yes or no. Altogether, there are 36 combinations of
how the dice might end up, with six of these being pairs. On any roll, therefore, the
probability of getting a pair is 6/36, or .167. (Naturally, the probability of not get-
ting a pair is .833.) Clearly, it is more likely that you will fail than succeed in your
effort to roll a pair. However, we can be even more precise than that. We could say
that the odds are 5 to 1 against you, meaning that you are five times more likely to
roll a nonpair than a pair.

Most researchers utilize logistic regression so they can discuss the explana-
tory or predictive power of each independent variable using the concept of odds.
They want to be able to say, for example, that people are twice as likely to end up
one way on the dependent variable if they have a particular standing on the inde-
pendent variable being considered. For example, in a hypothetical study focused on
the possible impact of car color on auto accidents, the researchers might summa-
rize their findings by saying that “Red cars are three times as likely to be involved
in an accident than white cars.” Or, in a different study dealing with exercise and
injuries, the research report might include a sentence saying that “Adults who
stretched before exercising were found to be one-half as likely to incur a muscle
cramp as compared with those who did not stretch.”

After performing a logistic regression, researchers often cite the odds ratio
for each independent variable, or at least for the independent variable(s) not being
used for control purposes. The odds ratio is sometimes reported as OR, and it is
analogous to r? in that it measures the strength of association between the indepen-
dent variable and the study’s dependent variable. However, the odds ratio is con-
sidered by many people to be a more user-friendly concept than the Pearson-based
coefficient of determination. Because the odds ratio is so central to logistic regres-
sion, let’s pause for a moment to consider what this index means.

Imagine that two very popular TV programs end up going head-to-head
against each other in the same time slot on a particular evening. For the sake of our
discussion, let’s call these programs A and B. Also imagine that we conduct a sur-
vey of folks in the middle of this time slot in which we ask each person two ques-
tions: (1) What TV show are you now watching? and (2) Are you a male or a
female? After eliminating people who either were not watching TV or were watch-
ing something other than program A or B, let’s suppose we end up with data like
that shown in Figure 16.3.

TV Program Being Watched

Program A Program B
Male 200 100
Gender
Female 50 150




As you can see, both TV programs were equally popular among the 500 peo-
ple involved in our study. Each was being watched by 250 of the people we called.
Let’s now look at how each gender group spread itself out between the two pro-
grams. To do this, we will arbitrarily select Program A and then calculate, first for
males and then for females, the odds of watching Program A. For males, the odds
of watching Program A are 200 + 100 (or 2 to 1); for females, the odds of watch-
ing this same program are 50 + 150 (or 1 to 3). If we now take these odds and
divide the one for males by the one for females, we obtain the ratio of the odds for
gender relative to Program A. This OR is equal to (2 + 1) + (1 + 3), or 6. This
result tells us that among our sampled individuals, males are six times more likely
to be watching Program A than women. Stated differently, gender (our indepen-
dent variable) appears to be highly related to which program is watched (our
dependent variable).

In our example involving gender and the two TV programs, the odds ratio was
easy to compute because there were only two variables involved. As we have seen,
however, logistic regression is typically used in situations where there are more than
two independent variables. When multiple independent variables are involved, the
procedures for computing the odds ratio become quite complex; however, the basic
idea of the odds ratio stays the same.

Consider Excerpts 16.23 and 16.24. Notice the phrase “about 30% lower” in
the first of these excerpts, and the phrases “four times as likely” and “nearly three
times as likely” in the second excerpt. Most people can understand conclusions such
as these even though they are unfamiliar with the statistical formulas needed to gen-
erate an odds ratio type of conclusion. In addition, I suspect you can see, without
difficulty, that whether an odds ratio ends up being greater than 1 or less than 1 is

EXCERPTS 16.23-16.24 » Odds Ratio and Adjusted Odds Ratio

panics are about 30% lower compared to ¥

T, Barlow, A. E. L. & Villarejo, M. (2010). Importance of undergraduate
ority persistence and achievement in biology. Journal of Higher Education

here y important predictors-of Emotional Cue Eating in this study: women

‘were four times as likely [AOR = 4.0] to be emotional eaters, and those whose
ramilies offered food to comfort were nearly three times as likely (AOR =26)t0

tional eaters. e ‘ ¢ v

 Source: Brown, $. L., Schiraldi. G. R., & Wrobleski, P. P. (2009). Association of eating
- behaviors and obesity with psychosocial and familial influences, American Journal of Health -
- Education, 40(2), 80-89. , e
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quite arbitrary. It all depends on the way the sentence is structured. For example,
the researchers who gave us Excerpt 16.23 would have presented an OR of 1.52
in the final sentence (and they would have said “about 50% higher”) if the position
of the words Hispanics and Whites had been reversed.

When the odds ratio is computed for a variable without considering the other
independent variables involved in the study, it can be conceptualized as having
come from a bivariate analysis. Such an OR is said to be a crude or unadjusted odds
ratio. If, as is usually the case, the OR for a particular variable is computed in such
a way that it takes into consideration the other independent variable(s), then it is
referred to as an adjusted odds ratio. By considering all independent variables
jointly so as to assess their connections to the dependent variable, researchers often
say that they are performing a multivariate analysis.

To see an example of an adjusted odds ratio, consider once again Excerpt
16.24. Notice that the letters AOR, the abbreviation for this kind of odds ratio,
appears twice in the excerpt. This study’s other predictor variables (besides gender
and whether a family offered food to comfort) do not appear in this excerpt, but
there were many. These included ethnicity, a variety of personality variables, and
several family characteristics.

Tests of Significance

When using logistic regression, researchers usually conduct tests of significance.
As in multiple regression, such tests can be focused on the odds ratios (which are
like regression coefficients) associated with individual independent variables or
on the full regression equation. Whereas tests on the full regression equation
typically represent the most important test in multiple regression, tests on the
odds ratios in logistic regression are considered to be the most critical tests the
researcher can perform.

When the odds ratio or adjusted odds ratio associated with an independent
variable is tested, the null hypothesis says that the population counterpart to the
sample-based OR is equal to 1. If the null hypothesis were true (with OR = 1), it
means that membership in the two different categories of the dependent variable is
unrelated to the independent variable under consideration. For this null hypothesis
to be rejected, the sample value of OR must deviate from 1 further than would be
expected by chance.

Researchers typically use one of two approaches when they want to test an
odds ratio or an adjusted odds ratio. One approach involves setting up a null
hypothesis, selecting a level of significance, and then evaluating the H, either by
comparing a test statistic against a critical value or by comparing the data-based p
against a. The second way a researcher can test an odds ratio is through the use of
a confidence interval (CI). The CI rule-of-thumb for deciding whether to reject or
retain the null hypothesis is the same as when CIs are used to test means, rs, the



pinpoint number in the null hypothesis, the null hypothesis is retained; otherwise,
H, is rejected. Excerpts 16.25 and 16.26 illustrate these two ways to test an odds
ratio or an adjusted odds ratio.

EXCERPTS 16.25-16.26 * T esting an OR or an AOR for signiﬁcance

sed to explore what baseline vanables could predlct, .
six months (predlctlve model). . . . Stroke severity
'.OI,) Wa‘ska, mgmﬁcant predlctor of psychologlcal dlstrg§s .

Y, P Mar hallf J.‘ W1ggms, R D Chataway, I et al.»
e and aphasna The ﬁrst six months. Clinical Reha- o

determine whether residential exposure to vehicular
AB [spontaneous abortion}. . +SAB was exammed i
xposure measures using lOgISHC regressmn axijustmg fora
3 graphxc and festyle variables. ... Among women who were non-
i ‘d odds ef SAB ‘were observed in the mghest traffic

Notice in Excerpt 16.25 that a Wald test was used to see if the odds ratio was
statistically significant. This test is highly analogous to the t-test in multiple regres-
sion that is used to see if a beta weight is statistically significant. These two tests
are only analogous, however, for they differ not only in terms of the null hypothesis
but also in the kinds of calculated and critical values used to test the Hy. As illustrated
in Excerpt 16.25, the Wald test is tied to a theoretical distribution symbolized by x*
rather than 7. (This is the chi-square distribution.)

Excerpt 16.26 illustrates how a CI can be used to test an odds ratio. Take the
time to look closely at this excerpt’s CI, note its ends, and then recall that the pin-
point number in the null hypothesis being tested is 1.0. I hope that you see why the
researchers’ AOR of 1.47 was reported to reflect “significantly increased odds of
SAB” for one of the study’s comparison groups.

As indicated previously, it is possible in logistic regression to assess whether
the collection of independent and control variables do a better-than-chance job of
accounting for the status of people on the dependent variable. Three popular pro-
cedures exist for doing this. One approach involves setting up and testing a single
null hypothesis concerning the full equation, with a data-based p-level compared
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against an alpha level to see if the independent variables, as a unified set, are linked
to the dependent variable. A second approach involves computing Nagelkerke’s R,
an index that is highly analogous to the R* used in multiple regression.!® A third
approach involves determining the hit rate to see how successful the set of inde-
pendent variables are at correctly classifying individuals into the categories of the
dependent variable. Some researchers use one of these approaches, others use two,
and a few, as illustrated in Excerpt 16.27, use all three.

EXCERPT 16.27 + E valuating the Full Logistic Regression Model

- Thc ﬁnal 10gJStIC regressmn
- p <.:001; indicating that co
adults with SLI from those with
 the vammce in language status (
87% of cases, with a sensitivity of
.50 or greater predicted probabi

Source: Poll, G. H,, Betz, S; K.
specific language i 1mpa1rment m
33(2),414-429. '

Excerpt 16.27 contains two new technical terms: sensitivity and specificity.
Sensitivity is the hit rate for correctly classifying people as being in the first cat-
egory—usually the category that has a disease or ailment—of the dependent vari-
able, whereas specificity is the hit rate for correctly classifying people into the
other category. Both sensitivity and specificity are based on the data used to build
the logistic regression model, with each index computed as the percentage of peo-

ple actually in a given category who are correctly classified as being members of
that category.

Final Comments

As we conclude this chapter, we must consider four additional regression-related
issues: assumptions, control, practical significance, and the inflated Type I error
risk. If you keep these issues in mind as you encounter research reports based on
bivariate, multiple, and logistic regression, you will be in a far better position to
both decipher and critique such reports.

1"Nagelkerke’s R* sometimes is referred to as an approximate or pseudo-measure of explained variability
hecanse of the wav it i< camnited (Tt beoinge with the Cavy and Snell’c meaciire of P2 whirh jtealf i anlv am



All three forms of regression considered in this chapter carry with them
underlying assumptions. If these assumptions are violated, regression results can be
misleading. Therefore, give credit to researchers who indicate that they attended to
their regression’s assumptions before analyzing their data to get answers to their
research questions. Excerpt 16.28 illustrates this good practice.

EXCERPT 16.28 *+ Concern for Assumptions

The : of multiple regression were examined using a series of diagnostic
graphs and tests for outliers, nommality of residuals, homoscedasticity, multicollincar-

.. linearity, model specification, and independence. . . . The regression models pro-
ion of the data because no violations of the assumptions

ssumptions

L L. Baynard, T, Heffernan, K., Jae, S. Y. Hsu, 8.,
unctional tasks in individuals with Down Syndrome.
vise, 42(2), 388-393. T

Two important terms in Excerpt 16.28 have not been discussed previously in
this book: multicollinearity and model specification. Multicollinearity exists if
two or more independent variables are too highly correlated with each other. This
undesirable situation causes inferences about individual predictor variables to be
untrustworthy. Accordingly, regression assumes that multicollinearity does not exist.
Model specification is concerned with the researcher’s decision regarding which
variables to include in the regression model. If important variables are overlooked
or if irrelevant variables are included, the regression model is said to be misspecified.
Understandably, the assumption here is that the model has been specified properly,
thereby avoiding the problem of misspecification.

In the discussions of both hierarchical multiple regression and logistic
regression, we saw that researchers often incorporate control or covariate variables
into their analyses. Try to remember that such control is very likely to be less than
optimal for three reasons: First, one or more important confounding variables might
be overlooked. Second, potential confounding variables that are measured are likely
to be measured with instruments possessing less than perfect reliability. Finally,
recall that the analysis of covariance undercorrects when used with nonrandom
groups that come from populations that differ on the covariate variable(s). Regres-
sion suffers from this same undesirable characteristic.

My next concern relates to the distinction between statistical significance and
practical significance. We considered this issue in connection with tests focused on
means and rs, and it is just as relevant to the various inferential tests used by
researchers within regression analyses. In Excerpts 16.29 and 16.30, we see two
cases in which researchers attended to the important distinction between useful and
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EXCERPTS 16.29-16.30 * Practical versus Statistical Stgmﬁcance
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Source: Gr&nélio, D. H. (2010). Cognitive compléxity among pracncmgcounselorsﬁﬂw b
thinking changes with experience. Journal of Counseling & Development, 88(1), 92-100.

trivial findings. The researchers associated with the first excerpt set a good exam-
ple by conducting an a priori power analysis in the planning stage of their investi-
gation. The researchers associated with the second of these excerpts deserve high
praise for realizing (and for warning their readers) that inferential tests can yield re-
sults that are statistically significant without being important in a practical manner.

In many research reports, researchers make a big deal about a finding that
seems small and of little importance. Perhaps such researchers are unaware of the
important distinction between practical and statistical significance, or it may be that
they know about this distinction but prefer not to mention it due to a realization that
their statistically significant results do not matter very much. Either way, it is
important that you keep this distinction in mind whenever you are on the receiving
end of a research report. Remember, you have the right to evaluate a statistical finding
as having little or no meaningfulness after you examine the research report’s sum-
mary statistics, and you can draw such a conclusion even if your opinion is at odds
with those of the researcher’s.

As we have seen in the excerpts of previous chapters, competent researchers
are sensitive to the inflated Type I error risk that occurs if a given level of signifi-
cance, say .03, is used multiple times within the same study when different null
hypotheses are tested. Give credit to researchers when they apply the Bonferroni



