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124 Causal-Comparative Design

the criteria used for measurement by the course
instructor. However, one cannot assume that the
difference between an A and a B is the same as the
difference between a B and a C. Similarly,
researchers might set up a Likert-type scale to
measure level of satisfaction with one’s job and
assign a 5 to indicate extremely satisfied, 4 to indi-
cate very satisfied, 3 to indicate moderately satis-
fied, and so on. A person who gives a rating of 5
feels more job satisfaction than a person who gives
a rating of 3, but it has no meaning to say that one
person has 2 units more satisfaction with a job
than another has or exactly how much more satis-
fied one is with a job than another person is.

In addition to verbal descriptions, categorical
variables are often presented visually using
tables and charts that indicate the group fre-
quency (i.e., the number of values in a given cat-
egory). Contingency tables show the number of
counts in each category and increase in complex-
ity as more attributes are examined for the same
object. For example, a car can be classified
according to color, manufacturer, and model.
This information can be displayed in a contin-
gency table showing the number of cars that
meet each of these characteristics (e.g., the num-
ber of cars that are white and manufactured by
General Motors). This same information can be
expressed graphically using a bar chart or pie
chart. Bar charts display the data as elongated
bars with lengths proportional to category fre-
quency, with the category labels typically being
the x-axis and the number of values the y-axis.
On the other hand, pie charts show categorical
data as proportions of the total value or as a per-
centage or fraction. Each category constitutes
a section of a circular graph or “pie” and repre-
sents a subset of the 100% or fractional total. In
the car example, if 25 cars out of a sample of
100 cars were white, then 25%, or one quarter,
of the circular pie chart would be shaded, and
the remaining portion of the chart would be
shaded alternative colors based on the remaining
categorical data (i.e., cars in colors other than
white).

Specific statistical tests that differ from other
quantitative approaches are designed to account
for data at the categorical level. The only mea-
sure of central tendency appropriate for categor-
ical variables at the nominal level is mode (the

most frequent category or categories if there is
more than one mode), but at the ordinal level,
the median or point below which 50% of the
scores fall is also used. The chi-square distribu-
tion is used for categorical data at the nominal

‘level. Observed frequencies in each category are

compared with the theoretical or expected fre-
quencies. Types of correlation coefficients that
use categorical data include point biserial; Spear-
man rho, in which both variables are at the ordi-
nal level; and phi, in which both variables are
dichotomous (e.g., boys vs. girls on a yes-no
question). Categorical variables can also be used -
in various statistical analyses such as ¢ tests,
analysis of variance, multivariate analysis of var-
iance, simple and multiple regression analysis,
and discriminant analysis.

Karen D. Multon and Jill S. M. Coleman

See alse Bar Chart; Categorical Data Analysis; Chi-
Square Test; Levels of Measurement; Likert Scaling;
Nominal Scale; Ordinal Scale; Pie Chart; Variable
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CAUSAL-COMPARATIVE DESIGN

A causal-comparative design is a research design:
that secks to find relationships between indepen-:
dent and dependent variables after an action of
event has already occurred. The researcher’s goal:
is to determine whether the independent variable:
affected the outcome, or dependent variable, by:
comparing two or more groups of individuals.
There are similarities and differences between.
causal-comparative research, also referred to as ex:
post facto research, and both correlational and
experimental research. This entry discusses these:
differences, as well as the benefits, process, limita-
tions, and criticism of this type of research design:;
To demonstrate how to use causalcomparative.
research, examples in education are presented.
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Comparisons With Correlational Research

Many similarities exist between causal-compara-
tive research and correlational research. Both
methods are useful when experimental research
has been deemed impossible or unethical as the
research design for a particular question. Both
causal-comparative and correlational research
designs attempt to determine relationships among
variables, but neither allows for the actual manip-
ulation of these variables. Thus, neither can defini-
tively state that a true cause-and-effect relationship
occurred between these variables. Finally, neither
type of design randomly places subjects into con-
trol and experimental groups, which limits the
generalizability of the results.

- Despite similarities, there are distinct differences
between causal-comparative and correlational
research designs. In causal-comparative research,
the researcher investigates the effect of an indepen-
dent variable on a dependent variable by compar-
ing two or more groups of individuals. For
example, an educational researcher may want to
determine whether a computer-based ACT pro-
gram has a positive effect on ACT test scores. In
this example, the researcher would compare the
ACT scores from a group of students that com-
pleted the program with scores from a group that
did not complete the program. In correlational
research, the researcher works with only one
group of individuals. Instead of comparing two
groups, the correlational researcher examines the
effect of one or more independent variables on the
dependent variable within the same group of sub-
jects. Using the same example as above, the corre-
lational researcher would select one group of
- subjects who have completed the computer-based
ACT program. The researcher would use statistical
measures to determine whether there was a positive
relationship between completion of the ACT pro-
gram and the students’ ACT scores.

Comparisons With Experimental Research

A few aspects of causal-comparative research par-

allel experimental research designs. Unlike correla-
_tional research, both experimental research and
-causal-comparative research typically compare
two or more groups of subjects. Research subjects
. are generally split into groups on the basis of the

independent variable that is the focus of the study.
Another similarity is that the goal of both types of
research is to determine what effect the indepen-
dent variable may or may not have on the depen-
dent variable or variables.

While the premises of the two research designs
are comparable, there are vast differences between
causal-comparative research and experimental
research. First and foremost, causal-comparative
research occurs after the event or action has been
completed. It is a retrospective way of determining
what may have caused something to occur, In true
experimental research designs, the researcher
manipulates the independent variable in the exper-
imental group. Because the researcher has more
control over the variables in an experimental
research study, the argument that the independent
variable caused the change in the dependent vari-
able is much stronger. Another major distinction
between the two types of research is random sam-
pling. In causal-comparative research, the research
subjects are already in groups because the action
or event has already occurred, whereas subjects in
experimental research designs are randomly
selected prior to the manipulation of the variables.
This allows for wider generalizations to be made
from the resuits of the study.

Table 1 breaks down the causal-comparative,
correlational, and experimental methods in refer-
ence to whether each investigates cause-effect and
whether the variables can be manipulated. In addi-
tion, it notes whether groups are randomly
assigned and whether the methods study groups or

- individuals.

When to Use Causal-Comparative
Research Designs

Although experimental research results in more
compelling arguments for causation, there are
many times when such research cannot, or should
not, be conducted. Causal-comparative research
provides a viable form of research that can be con-
ducted when other methods will not work, There
are particular independent variables that are not
capable of being manipulated, including gender,
ethnicity, socioeconomic level, education level, and
religious preferences. For instance, if researchers
intend to examine whether ethnicity affects
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Table | Comparison of Causal-Comparative, Correlational, and Experimental Research
Randomly ldentifios
{nvestigates Assigns {nvolves Studies Verriables
Carrse- Manipulates Parkicipaints Group Crotips or for Experimental
Methud Effect Varialile to Groups Comparisons  Individuals Focus Exploration
Causal- Yes No (it No {groups Yes Two or more Focus on Yes
comparative already formed groups of differences
research occurred) prior to individuals and of variables
study) one independent berween
variable groups
Correlational No No No {only No Two or more Focus on Yes
research one variables and relationship
group) one group of among
individuals variables
Experimental Yes Yes Yes Yes Groups or Depends on Yes

research

indivicduals design;

depending fucuses on
on design cause/effect

of variables

self-esteem in a rural high school, they cannot
manipulate a subject’s ethnicity. This indepen-
dent variable has already been decided, so the
researchers must look to another method of
determining cause. In this case, the researchers
would group students according to their ethnic-
ity and then administer self-esteermn assessments.
Although the researchers may find that one eth-
nic group has higher scores than another, they
must proceed with caution when interpreting the
results. In this example, it might be possible that
one ethnic group is also from a higher socioeco-
nomic demographic, which may mean that the
socioeconomic variable affected the assessment
scores.

Some independent variables should not be
manipulated. In educational research, for example,
ethical considerations require that the research
method not deny potentially useful services to stu-
dents. For instance, if a gnidance counselor wanted
to determine whether advanced placement course
selection affected college choice, the counselor
could not ethically force some students to take cer-
tain classes and prevent others from taking the
same classes. In this case, the counselor could still
compare students who had completed advanced
placement courses with those who had not, but
causal conclusions are more difficult than with an
experimental design.

Furthermore, causal-comparative research may
prove to be the design of choice even when experi-
mental research is possible. Experimental research
is both time-consuming and costly. Many school
districts do not have the resources to conduct a fuli-
scale experimental research study, so educational
leaders may choose to do a causal-comparative
study. For example, the leadership might wanrt to
determine whether a particular math curriculum
would improve math ACT scores more effectively
than the curriculum already in place in the school
district. Before implementing the new curriculum
throughout the district, the school leaders might
conduct a causal-comparative study, comparing
their district’s ntath ACT scores with those from
a school district that has already used the curricu-
lum. In addition, causal-comparative research is
often selected as a precursor to experimental
research. In the math curriculum example, if the
causal-comparative study demonstrates that the cur-
riculum has a positive effect on student math ACT
scores, the school leaders may then choose to con-
duct a full experimental research study by piloting
the curriculum in one of the schools in the district,

Conducting Causal Comparative Research

The basic outline for conducting causal compara-
tive research is similar to that of other research
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designs. Once the researcher determines the focus
of the research and develops hypotheses, he or she
selects a sample of participants for both an experi-
mental and a control group. Depending on the
type of sample and the research question, the
researcher may measure potentially confounding
variables to include them in eventual analyses. The
next step is to collect data. The researcher then
analyzes the data, interprets the results, and
reports the findings. Figure 1 illustrates this
process.

Determine the Focus of Research

As in other research designs, the first step in
conducting a causal-comparative research study is
to identify a specific research question and gener-
ate a hypothesis. In doing so, the researcher identi-
fies a dependent variable, such as high dropout
rates in high schools. The next step is to explore
reasons the dependent variable has occurred or is
occurring. In this example, several issues may
affect dropout rates, including such elements as
parental support, socioeconomic level, gender, eth-
nicity, and teacher support. The researcher will
need to select which issue is of importance to his
or her research goals. One hypothesis might be,
“Students from lower sociceconomic levels drop
out of high school at higher rates than students
from higher socioceconomic levels.” Thus, the inde-
pendent variable in this scenario would be socio-
economic levels of high school students.

It is important to remember that many factors
affect dropout rates. Controlling for such factors
in causal-comparative research is discussed later in
this entry. Once the researcher has identified the
main research problem, he or she operationally
defines the variables. In the above hypothesis, the
dependent variable of high school dropout rates is
fairly self-explanatory. However, the researcher
would need to establish what constitutes lower
socioeconomic levels and higher socioeconomic
levels. The researcher may also wish to clarify the
target population, such as what specific type of
high school will be the focus of the study. Using
the above example, the final research question
might be, “Does sociceconomic status affect drop-
out rates in the Appalachian rural high schools in
East Tennessee?” In this case, causal comparative
would be the most appropriate method of research

because the independent variable of socioeconomic
status cannot be manipulated.

Because many factors may influence the depen-
dent variable, the researcher should be aware of,
and possibly test for, a variety of independent vari-
ables. For instance, if the researcher wishes to
determine whether sociceconomic level affects
a student’s decision to drop out of high school, the
researcher may also want to test for other poten-
tial causes, such as parental support, academic
ability, disciplinary issues, and other viable
options. If other variables can be ruled out, the
case for socioeconomic level’s influencing the drop-
out rate will be much stronger.

Participant Sampling and
Threats to Internal Validity

In causal-comparative research, two or more
groups of participants are compared. These groups
are defined by the different levels of the indepen-
dent variable(s). In the previous example, the
researcher compares a group of high school drop-
outs with a group of high school students who
have not dropped out of school. Although this is
not an experimental design, causal-comparative
researchers may still randomly select participants
within each group. For example, a researcher may
select every fifth dropout and every fifth high
school student. However, because the participants
are not randomly selected and placed into groups,
internal validity is threatened. To strengthen the
research design and counter threats to internal
validity, the researcher might choose to impose the
selection techniques of matching, using homoge-
neous subgroups, or analysis of covariance

(ANCOVA), or both.

Matching

One method of strengthening the research sam-
ple is to select participants by matching. Using this
technique, the researcher identifies one or more
characteristics and selects participants who have
these characteristics for both the control and the
experimental groups. For example, if the
researcher wishes to control for gender and grade
level, he or she would ensure that both groups
matched on these characteristics. If a male 12th-
grade student is selected for the experimental
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group, then a male 12th-grade student must be
selected for the control group. In this way the
researcher is able to control these two extraneous

variables.

Comparing Homogeneous Subgroups

Another control technique used in causal-com-
parative research is to compare subgroups that are
clustered according to a particular variable. For
example, the researcher may choose to group and
compare students by grade level. He or she would
then categorize the sample into subgroups, com-
paring 9th-grade students with other 9th-grade
students, 10th-grade students with other 10th-
grade students, and so forth. Thus, the researcher
has controlled the sample for grade level.

Amnalysis of Covariance

, Using the ANCOVA statistical method, the
researcher is able to adjust previously dispropor-
tionate scores on a pretest in order to equalize the
groups on some covariate (control variable). The
researcher may want to control for ACT scores
and their impact on high school dropout rates. In
comparing the groups, if one group’s ACT scores
are much higher or lower than the other’s, the
researcher may use the technique of ANCOVA to
balance the two groups. This technique is particu-
larly useful when the research design includes
a pretest, which assesses the dependent variable
before any manipulation or treatment has
occurred. For example, to determine the effect of
an ACT curriculum on students, a researcher
would determine the students’ baseline ACT
scores. If the control group had scores that were
much higher to begin with than the experimental
group’s scores, the researcher might use the
ANCOVA technique to balance the two groups.

Instrumentation and Data Collection

The methods of collecting data for a causal-
comparative research study do not differ from any
other method of research. Questionnaires, pretests
and posttests, various assessments, and behavior
observation are common methods for collecting
data in any research study. It is important, how-
ever, to also gather as much demographic

information as possible, especially if the researcher
is planning to use the control method of matching,

Data Analysis and Interpretation

Once the data have been collected, the
researcher analyzes and interprets the results.
Although causal-comparative research is not true
experimental research, there are many methods of
analyzing the resulting data, depending on the
research design. It is important to remember that
no matter what methods are used, causal-compar-
ative research does not definitively prove cause-
and-effect results. Nevertheless, the results will
provide insights into causal relationships between
the variables.

Inferential Statistics

When using inferential statistics in causal-com-
parative research, the researcher hopes to demon-
strate that a relationship exists between the
independent and dependent variables. Again, the
appropriate method of analyzing data using this
type of statistics is determined by the design of the
research study. The three most commonly used
methods for causal-comparative research are the
chi-square test, paired-samples and independent ¢
tests, ‘and analysis of variance (ANOVA) or
ANCOVA.

Pearson’s chi-square, the most commonly used
chi-square test, allows the researcher to determine
whether there is a statistically significant relation-
ship between the experimental and control groups
based on frequency counts. This test is useful when
the researcher is working with nominal data, that
is, different categories of treatment or participant
characteristics, such as gender. For example, if
a researcher wants to determine whether males
and females learn more efficiently from different
teaching styles, the researcher may compare
a group of male students with a group of female
students. Both groups may be asked whether they
learn better from audiovisual aids, group discus-
sion, or lecture. The researcher could use chi-
square testing to analyze the data for evidence of
a relationship.

Another method of testing relationships in
causal-comparative research is to use independent
or dependent ¢ tests. When the researcher is
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comparing the mean scores of two groups, these
tests can determine whether there is a significant
difference between the control and experimental
groups. The independent ¢ test is used in research
designs when no controls have been applied to the
samples, while the dependent ¢ test is approprate
for designs in which matching has been applied to
the samples. One example of the use of ¢ testing in
causal-comparative research is to determine the
significant difference in math course grades
between two groups of elementary school students
when one group has completed a math tutoring
course. If the two samples were matched on cer-
tain variables such as gender and parental suppeort,
the dependent ¢ test would be used. If no marching
was involved, the independent ¢ test would be the
test of choice. The results of the # test allow the
researcher to determine whether there is a statisti-
cally significant relationship between the indepen-
dent variable of the math tutoring course and the
dependent variable of math course grade.

To test for relationships between three or more
groups and a continuous dependent variable,
a researcher might select the statistical technique
of one-way ANOVA. Like the independent  test,
this test determines whether there is a significant
difference between groups based on their mean
scores. In the example of the math tutoring course,
the researcher may want to determine the effects
of the course for students who attended daily ses-
sions and students who attended weekly sessions,
while also assessing students who never attended
sessions. The researcher could compare the aver-
age math grades of the three groups to determine
whether the tutoring course had a significant
impact on the students’ overall math grades.

Limitations

Although causal-comparative research is effective
in establishing relationships between variables,
there are many limitations to this type of research.
Because causal-comparative research occurs ex
post facto, the researcher has no control over the
variables and thus cannot manipulate them. In
addition, there are often variables other than the
independent variable{s) that may impact the
dependent variable(s). Thus, the researcher cannot
be certain that the independent variable caused the
changes in the dependent variable. In order to

counter this issue, the researcher must test several
different theories to establish whether other vari-
ables affect the dependent variable. The researcher
can reinforce the research hypothesis if he or she
can demonstrate that other variables do not have
a significant impact on the dependent variable,

Reversal causation is another issu¢ that may
arise in causal-comparative research. This problem
occurs when it is not clear that the independent
variable caused the changes in the dependent vari-
able, or that a dependent variable caused the inde-
pendent variable to occur For example, if
a researcher hoped to determine the success rate of
an advanced English program on students’ grades,
he or she would have to determine whether the
English program had a positive effect on the stu-
dents, or in the case of reversal causation, whether
students who make higher grades do better in the
English program. In this scenario, the researcher
could establish which event occurred firsc. If the
students had lower grades before taking the
course, then the argument that the course
impacted the grades would be stronger.

The inability to construct random samples is
another limitation in causal-comparative research.
There is no opportunity to randomly choose parti-
cipants for the experimental and control groups
because the events or actions have already
occurred. Without random assignment, the results
cannot be generalized to the public, and thus the
researcher’s results are limited to the population
that has been included in the research study.
Despite this problem, researchers may strengthen
their argument by randomly selecting participants
from the previously established groups. For exam-
ple, if there were 100 students who had completed
a computer-based learning course, the researcher
would randomly choose 20 students to compare
with 20 randomly chosen students who had not
completed the course. Another method of reinfor-
cing the study would be to test the hypothesis with
several different population samples. If the results
are the same in all or most of the sample, the argu-
ment will be more convincing.

Criticisms

There have been many criticisms of causal-
comparative research. For the most part, critics
reject the idea that causal-comparative research
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results should be interpreted as evidence of causal
relationships, These critics believe that there are
too many limitations in this type of research to
allow for a suggestion of cause and effect. Some
critics are frustrated with researchers who hold
that causal-comparative research provides stronger
causal evidence than correlational research does.
Instead, they maintain that neither type of research
can produce evidence of a causal relationship, so
neither is better than the other. Most of these
critics argue that experimental research designs are
the only method of research that can illustrate any
type of causal relationships between variables.
Almost all agree, however, that experimental
designs potentially provide the strongest evidence
for causation.

Ernest W. Brewer and Jennifer Kubn

See also Céuse and Effect; Correlation; Experimental
Design; Ex Post Facto Study; Quasi-Experimental
Designs
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CAuse AND EFrreCT

Cause and effect refers to a relationship between
two phenomena in which one phenomenon is the
reason behind the other. For example, eating too
much fast food without any physical activity leads
to weight gain. Here eating without any physical
activity is the “cause” and weight gain is the
“effect.” Another popular example in the

discussion of cause and effect is that of smoking
and lung cancer. A question that has surfaced in
cancer research in the past several decades is,
What is the effect of smoking on an individual’s
health? Also asked is the question, Does smoking
cause lung cancer? Using data from observational
studies, researchers have long established the rela-
tionship between smoking and the incidence of
lung cancer; however, it took compelling evidence
from several studies over several decades to estab-
lish smoking as a “cause” of lung cancer.

The term effect has been used frequently in sci-
entific research. Most of the time, it can be seen
that a statistically significant result from a linear
regression’ or correlation analysis between two
variables X and Y is explained as effect. Does X
really cause Y or just relate to Y? The association
(correlation} of two variables with each other in
the statistical sense does not imply that one is the
cause and the other is the effect. There needs to be
a mechanism that explains the relationship in
order for the association to be a causal one, For
example, without the discovery of the substance
nicotine in tobacco, it would have been difficult to
establish the causal relationship between smoking
and lung cancer. Tobacco companies have claimed
that since there is not a single randomized con-
trolled trial that establishes the differences in death
from lung cancer between smokers and nonsmo-
kers, there was no causal relationship. However,
a cause-and-effect relationship is established by
observing the same phenomenon in a wide variety
of settings while controlling for other suspected
mechanisms.

Statistical correlation (e.g., association) des-
cribes how the values of variable Y of a specific
population are associated with the values of
another variable X from the same population. For
example, the death rate from lung cancer increases
with increased age in the general population, The
association or correlation describes the situation
that there is a relationship between age and the
death rate from lung cancer. Randomized prospec-
tive studies are often used as a tool to establish
a causal effect. Time is a key element in causality
because the cause must happen prior to the effect,
Causes are often referred to as treatments or expo-
sures in a study. Suppose a causal relationship
between an investigational drug A and responge Y
needs to be established. Suppose Y4 represents the
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