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4.1 Causal Inference

4.1.1 Covariance and Causation

Theory building and data analyses based on three or more variables offer many
possibilities for refinement and increased accuracy beyond what has been discussed
in Chaps. 2 and 3. One of these involves “causal inference.”

We know that a correlation between two variables, even a strong and statistically
significant correlation—a correlation that justifies risking a Type I error—does not
provide evidence that the relationship between the two variables involves causality.
The distinction between a correlation and a causal connection is sometimes
illustrated by silly, but humorous, examples. Here is one that we heard in the
U.S. a few years ago.

Popular folktales pretend that newborn babies are brought to waiting parents by a
stork. The image of a baby in a blanket hanging from the stork’s beak is familiar, at
least in the U.S. Of course, storks do not really deliver babies; but wait, it turns out
that there is a strong and significant correlation across a sample of geographic
localities between the presence of storks and a relatively high number of babies
born each year.

Does this mean that we should not be so quick to dismiss the story in the folktale?
Of course not. The correlation does not indicate a causal connection. It reflects the
impact of a third variable, and that third variable is probably whether or not a locality
is urban or rural. Birth rates are higher in localities that are more rural, and storks are
more likely to be found in rural localities. Thus, whether or not there are both more
babies and more storks, or fewer of each, depends on whether the locality is urban or
rural. It is the impact of this third variable, rather than a causal relationship between
the original two, that causes a measure of storks and a measure of babies to covary.

Well, maybe this folktale is not so humorous, after all! At least it is silly! There
are many silly examples of things that covary but do not involve a causal relation-
ship. Consider another example: wearing shorts and eating ice cream covary. Is it
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possible that there is something about wearing shorts that pushes a person dressed
this way to eat ice cream, that wearing shorts causes a person to eat ice cream? The
correlation, again, does not indicate a causal connection. It reflects, rather, the impact
of a third variable, and that third variable might be the temperature outside a person’s
residence. When it is hot, people are more likely both to wear shorts and to eat ice
cream; and so it is, again, the impact of this third variable, rather than a causal
relationship between wearing shorts and eating ice cream, that causes the two
variables to covary.

These examples, silly as they are, remind us that phenomena that vary together
may do so for reasons having nothing to do with the variance on one variable
determining, that is to say causing, the variance on a second variable. An online
search of “correlation causation” yields many accounts and examples, some humor-
ous and some less so, of strong bivariate relationships that do not involve causation.
Among the examples given in a series of lectures entitled Real Statistics: An Islamic
Approach1 is the correlation between height and reading ability among school-aged
children. An increase in height does not cause an increase in reading ability, as if
books and other things to read were on the upper shelves of bookcases and could be
reached only by taller individuals. Rather, as illustrated in Fig. 4.1, age is a
confounding variable. As young people get older, their height increases, they go
farther in school, and their reading skills improve.

Relationships that involve covariance, or association, but not causation are
considered “spurious,” meaning that the two variables may appear to be causally
related but in fact are not. Spuriousness may result from co-variance that is coinci-
dental,2 or it may reflect the influence of a third variable that is connected to both of
the two strongly correlated variables. The latter possibility explains the three previ-
ous examples, with the confounding third variable being, respectively, the urban-
rural character of the locality, the outside temperature, and age. This phenomenon is
also sometimes called “omitted variable bias.”

Confounding Variable (Age)

Presumed Independent                     Presumed Dependent

Variable (Height) Variable (Reading Ability)

Fig. 4.1 Impact of a
Confounding Third Variable

1
“Correlations & Common Cause: An Islamic Worldview,” Lec. 9A of Real Statistics: An Islamic
Approach, accessed at https://azprojects.wordpress.com/2020/12/25/correlations-common-cause/
2The following are two of the many examples posted online by a 17-year-old Egyptian science
student: there is a relationship between US spending on science and suicide; there is a relationship
between the consumption of cheese and the number of people who died by becoming tangled in
their bedsheets; accessed at: https://www.arquestssern.org/post/correlation-causation-fallacy
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Exercise 4.1
Can you think of another three-variable relationship in which two of the
variables might appear to be causally related but are not because the third
variable is a confounding variable?

• What are the two variables that appear to be causally related? Which is the
presumed cause, and which is the presumed effect?

• Why do they appear to be causally related? Why might it be reasonable to
think they are causally related?

• What is the confounding variable? How is the confounding variable related
to the other two variables in a way that makes them covary without being
causally related?

How can a researcher determine, and offer evidence, that a relationship involves
causality and is not spurious? This is among the most salient and frequently asked
questions that a social science investigator needs to answer, and it is among the most
challenging. Social science research designs that incorporate experiments offer one
strategy for determining whether a relationship between two variables is causal, and
then for offering evidence of causality should that be found. Experiments—natural
experiments, field experiments, and survey experiments, among others—are fre-
quently conducted by social scientists, and the use of experiments in social science
research will be very briefly discussed later in this chapter. With the possible
exception of social psychology, however, other data collection and/or data analysis
procedures are much more common, usually because the conduct of an experiment is
not possible or not appropriate given the topic and hypotheses being investigated.

This brings the focus of our discussion to multivariate analysis when seeking to
infer causality, when testing hypotheses that posit a causal relationship between a
dependent variable and an independent variable. And take note, the use of the term
“infer” is deliberate. Causality is usually inferred, not demonstrated or proved,
meaning that the investigator seeks to determine whether or not an observed
relationship is probably, or very likely to be, causal. Described as “causal inference,”
this involves elements both of theory and of research design. In quantitative studies,
it will usually also involve multivariate statistical analysis. Analogous to the choice
between Type I error and Type II error discussed in Chap. 3, the goal is to minimize
the chance of error if causality is inferred, if an investigator concludes that a
relationship is causal.

As discussed in the previous chapter, causal inference begins with the develop-
ment of a causal story that is referenced by a testable hypothesis. Sources of the
causal story, and therefore also the hypothesis, may include previous investigations
by the researcher herself or other investigators, the researcher’s knowledge and
personal experience relating to the subject of the causal story and hypothesis, and
new insights drawn from reflections and theorizing that call upon what is sometimes
described as the “sociological imagination.”
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The important point here is that building a case for causal inference includes the
delineation of a causal story that is at least very plausible and ideally very persuasive.
While this might seem less rigorous than offering findings from a multivariate
statistical test as evidence that a relationship is causal, a topic to which we turn
next, it is actually no less important. In fact, the two must align; the causality
attributed to a relationship whose statistical significance is confirmed must also
make good sense. The fact that it does make good sense—that the causal story is
coherent and persuasive, or at the very least plausible—is part of the case for causal
inference that the researcher will need to build.

Against this background, we now turn to three interrelated considerations
pertaining to causal inference. The first is the importance of a temporal sequence
between the independent variable and the dependent variable. The second consider-
ation is the use of multivariate statistical tests to derive probability values, which in
turn give the researcher a basis for determining whether or not a hypothesized
variable relationship that purports to be causal is very likely to be true—whether
to risk a Type I error or a Type II error, in other words. The discussion focuses on
multivariate regression, a widely used statistical technique that permits including and
holding constant one or more control variables. Multivariate regression is the natural
extension of bivariate regression, which was discussed in Chap. 3. The third
consideration is a deeper look at control variables, including how they are defined
and may be identified and why they are important. These three considerations are
foundational elements of a convincing and robust causal story.

4.1.2 Temporal Sequence

Elements of research design that are relevant for causal inference include decisions
related to the selection and measurement of key variables, beginning, of course, with
the dependent variable and the independent variable. Further, there must be an
appropriate temporal sequence between these two variables if causality is to be
inferred. The cause of the independent variable, in other words, must precede the
effect of the dependent variable.

Sometimes a temporal sequence occurs naturally given the structure of the study
or the nature of the variables, and in these instances, the investigator need not do
anything to ensure a sequential ordering. For example, an individual-level hypothe-
sis that posits level of education as a determinant of current attitudes toward
government held by adults posits a relationship between two variables that are by
their nature sequentially arranged.

The requirement of a temporal sequence imposed by a concern for causal
inference will very often determine the structure of an investigator’s research design.
Designs that incorporate some of the elements of an experiment, and that might,
therefore, be described as quasi-experimental, constitute one possibility. For exam-
ple, studies that seek to assess the impact and explanatory power of a particular
action or event can measure the dependent variable at a time before the action or
event and then measure it again at a time after the action or event. The difference
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between the two time-specific measures, hence the variance on the dependent
variable, may be attributable to the impact of the intervening action or event,
which in this instance is the independent variable, the presumed cause.

The variance on the dependent variable might also be attributable to other things
that took place during the time between the two measures; and for this reason, other
elements will need to be included in the analysis before a persuasive case for causal
inference can be built. These elements, most notably the identification and inclusion
of control variables, will be taken up later in this chapter. The point to be retained at
present is that the existence of a temporal sequence, while not sufficient for advanc-
ing a claim of causality, is a necessary element of a research design concerned with a
causal relationship.

It is not unusual to survey a country’s population before and after a significant
event, a national election for example, and then consider whether the attitudes or
behavior of that population have changed in ways that might have been caused by
the election. If the surveys are probability-based and nationally representative, the
same population, although possibly not all of the same individuals, will have been
surveyed at two points in time. Country is the unit of analysis in such studies, as
illustrated by the meta-analysis described below.

An interesting variation on this country-level “Before and After” research design
is provided by a meta-analysis that seeks to assess whether and how the Arab Spring
uprisings in Tunisia, beginning at the end of 2010, contributed to changing, and
improving, the status of women. The specific two-stage causal story to be assessed
posits greater social media freedom both as a determinant of reduced violence
against women and as a consequence of political changes brought by the country’s
Arab Spring experience. Several studies have suggested this causal story, or some
variation of it.

A review of these studies prepared by Lilia Labidi, a prominent Tunisian social
psychologist, looks at research projects undertaken both before and after Tunisia’s
Arab Spring uprisings. These uprisings, frequently described as the “jasmine revo-
lution,” brought the fall of the country’s authoritarian government and, most relevant
for the hypothesis, the removal of Internet censorship and restrictions on access to
social media. Labidi reports that a number of private television and radio stations
were started, and social media opportunities multiplied, with one individual able to
maintain several Facebook accounts; and she then gives examples of the ways that
advocates of women’s rights and gender equality used the new media freedoms to
advance their cause.3

One common criticism of a proposed causal story is the possibility that the
direction of the causal relationship is actually reversed. With regard to the previous
example, a critic might argue that increased support for women’s rights and gender
equality pushed toward media reform, thus reversing the direction of the causality.

3Lilia Labidi. 2020. “Violence against Women in Tunisia Before and After January 2011: The Role
of Social Media.” Wilson Center: Washington, DC; at https://www.wilsoncenter.org/blog-post/
violence-against-women-tunisia-and-after-january-2011-role-social-media
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But while worthy of consideration in the case of some hypothesized relationships, in
this particular example Labidi calls attention to the temporal sequence, the before
and after structure of the data. This helps to stave off criticism and strengthens her
causal story.

Lagging independent variables, often referred to simply as lags, are a common
way to ensure that a temporal sequence is built into the data and analysis used to test
a hypothesized causal relationship. Lags provide the analytical structure, for exam-
ple, in country-level studies in which both variables are time-specific, most often
yearly, measures of aggregate national or societal performance or status. If, for
example, a country-level study sought to test the hypothesis that Foreign Direct
Investment (FDI) reduces a country’s level of unemployment, and if the study’s
investigators had obtained or collected data on both variables for the 5 years between
2015 and 2020, the following are among the measures that might be used to test the
hypothesis:

Dependent Variable

• The dependent variable might be the difference between the percent unemployed
in a given year and an earlier year

• The specific year could be any in which the researcher has a particular interest or
considers particularly important

• The magnitude of the time between the 2 years will be specified by the researcher
based on her knowledge of the data and the mechanisms of her causal story

• The dependent variable might thus be the difference between unemployment in
2020 and 2019, or in 2020 and 2018, or even in 2020 and 2015, whichever best
captures the variance for which the researcher seeks to account

Independent Variable

• The measure of the independent variable might be the difference in FDI as a
percentage of Gross National Product (GNP) between the earliest of the years on
which the dependent variable is based and an earlier year

• If the dependent variable is the difference between unemployment in 2020 and
2019, the independent variable might be the difference in FDI between 2019
and 2018

• As in the case of the dependent variable, the magnitude of the time between the
two measures of the independent variable will be specified by the researcher
based on her knowledge of the data and the mechanisms of her causal story

In this hypothetical example, as noted, the specifics of the hypothesis to be tested
might be that an increase in FDI between 2018 and 2019 caused the level of
unemployment to decrease between 2019 and 2020. Notice the careful choice of
the years for the independent and dependent variables. If a researcher were to claim
that the increase in FDI between 2019 and 2020 caused the level of unemployment to
decrease between 2019 and 2020, a critic would immediately respond that not
enough time could have passed for the increase in FDI to be the driver of the change

92 4 Multivariate Analysis: Causation, Control, and Conditionality



in unemployment. By lagging the independent variable and looking at FDI between
the years 2018 and 2019, the researcher creates a temporal sequence between the
independent and dependent variables and thus a much more convincing causal story.
This example is hypothetical, of course, and it is also simplified. But in fact, there
have been serious tests of the proposition that an increase in FDI brings about a
decrease in unemployment. A 2019 macroeconomic study of unemployment rates in
general and youth unemployment in particular in eight Arab countries reports, “A
positive impact of FDI on reducing national unemployment is proven in the group as
a whole and individually in Jordan, Morocco, and Tunisia while it leads to an
increase in unemployment in Egypt. The impact of FDI on reducing youth unem-
ployment is not proven.”4

This might be the place to introduce readers to the Cairo-based Economic
Research Forum.5 The ERF commissions and makes available numerous studies
based on aggregate data with variables measured sequentially over time. A large
proportion of these studies have an applied and policy-relevant focus. Among the
ERF publications and working papers are, in fact, several studies that examine the
relationship between FDI and unemployment in Arab countries. One of these
compares and contrasts the impact of FDI in Arab countries and Asian countries.6

The ERF website gives access to many other country-level studies that use aggregate
data over time and lagged independent variables to test hypotheses about
determinants of the variance associated with important economic and societal
features, behavior, and performance.

4.1.3 Multivariate Regression

Multivariate regression is one of the inferential statistics most commonly used to test
hypotheses in social science research. There are other statistical tests, of course, but
attention to regression will be sufficient for present purposes, particularly because it
has been used in many of this chapter’s examples of causal stories that involve more
than two variables. Among the kinds and purposes of the additional variables that a
multivariate regression analysis might include, beyond the dependent variable and
one independent variable, are the following:

4Ahmed Mohamed Ezzat. 2019. “The Impact of Foreign Direct Investment on Unemployment:
Evidence from Arab Countries.” Scientific Journal of Economic & Commerce (December); at
https://journals.ekb.eg/article_94610_c9c12c652d5f8447d0b27e502309d122.pdf
5Economic Research Forum, Cairo, Egypt; at https://erf.org.eg
6See, for example, Brahim Elmorchid, Nouira Ridha and Khalid Sekkat. 2013. “A Comparative
Analysis of the Determinants of Foreign Direct Investment in the Arab World and in Asia.”
Economic Research Forum Working Paper No. 811; see also Pierre-Guillaume Méon and Khalid
Sekkat. 2014. “The Impact of Foreign Direct Investment in Arab Countries.” Economic Research
Forum. Working Paper No. 9.
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• Multiple independent variables. Multivariate regression allows the researcher to
test each of several hypotheses by considering one independent variable at a time
with any others held constant

• Control variables, which are discussed later in this chapter
• Multiple indicators of the same, more abstract concept, or concepts, in order to

consider the possibility that explanatory power resides in some dimensions of the
concept but not in other dimensions

• Other “third” variables, to which we turn in the section of this chapter devoted
to “Third Variable Possibilities.”

These possibilities are not mutually exclusive. It would not be unusual for an
investigator to include in her regression analysis variables selected for several of
these objectives, or possibly even all of them.
Social science researchers, and certainly those that work with quantitative data, need
to be broadly knowledgeable and competent with respect to inferential statistics,
including, but not limited to, multivariate regression. Would-be researchers without
this knowledge and competence should consult one of the many books on social
statistics. With respect to the present discussion, only a cursory introduction to
multivariate regression is offered, with an emphasis on how the statistic is used
and how the results of its use should be understood. The goal of the present
discussion is only to give readers enough familiarity with regression to understand
and find instructive its use in the “third variable” designs to be introduced. The term
“third variable” refers, generically, to the variable or variables that are added to the
dependent variable and the independent variable in an analysis in order to enrich
and/or increase confidence in a hypothesized bivariate relationship.

Ordinary least squares (OLS) regression is a statistical method of analysis used to
estimate whether and to what extent a change in one or more independent variables
brings a change in a dependent variable. This is sometimes described as estimating
the strength of a relationship or predicting the effect that an independent variable has
on a dependent variable. OLS is the most commonly used method for estimating the
parameters of the linear regression model, and perhaps the most commonly used
method overall in the social sciences. In addition to linear regression, which is used
in the examples in this chapter, there are logistic and non-parametric forms of
regression. These kinds of regression will be described very briefly following the
discussion of OLS regression.

Linearity OLS regression is a linear statistic, meaning that its estimates pertain to
variable relationships that are presumed to be linear, or in a straight line. As discussed
in Chap. 3, a linear relationship may be direct, or positive, in which case an increase in
the independent variable brings an increase in the dependent variable, or it may be
inverse, or negative, in which case an increase in the independent variable brings a
decrease in the dependent variable. Figure 4.2 illustrates several different degrees to
which a relationship may be linear, either positive or negative. These figures are called
scatter plots. Each individual plot in the two-dimensional space represents the values
of the two variables defining, respectively, the vertical axis and horizontal axis.
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Generally, the vertical, or y, axis shows values of the dependent variable, while the
horizontal, or x, axis shows values of the independent variable.

As an example, consider the hypothesis that in Arab countries there is a negative
linear relationship between an individual’s level of education and her satisfaction
with the overall performance of the government. Accordingly, H1 posits that
individuals who have had more education are more likely than individuals who
have had less education to have an unfavorable judgment of the government’s
overall performance. Although a positive linear relationship between education
and satisfaction with government performance might have been expected and
might seem more plausible, Arab Barometer data from Wave 5 surveys will in fact
confirm the existence of a negative relationship, and this is no less instructive for
illustrating linearity.

Figure 4.3 shows the plots on education and satisfaction with government
performance of two of the respondents in the Arab Barometer Wave 5 surveys.
The dependent variable, satisfaction with overall government performance, is on the
vertical axis and is an 11-point scale, with 0 ¼ total dissatisfaction and 10 ¼ total
satisfaction. The independent variable, level of education, is measured by a 7-point
scale, with 1 ¼ no schooling and 7 ¼ a postgraduate degree. In between are
2 ¼ primary school, 3 ¼ intermediate school, 4 ¼ secondary school, 5 ¼ some
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post-secondary school education, and 6 ¼ university bachelor’s degree or a compa-
rable degree.

One of the two respondents in Fig. 4.3 has completed high school and has a score
of 6 on the 11-point scale of satisfaction. The other respondent has had tertiary
education, meaning some post-secondary schooling, and has a score of 3 on the
11-point satisfaction scale. Once the ratings on both variables have been entered for
all of the respondents in the Arab Barometer Wave 5 surveys, the scatter plot will be
complete and ready for visual inspection. Tests of statistical significance will, of
course, guide the researcher’s decision about whether to conclude that the hypothesis
has been confirmed, whether, in other words, to risk a Type I error. Visual inspection
is often needed as well, however, in order to determine the structure of a relationship
when the hypothesis of no relationship, the null hypothesis, has been rejected. The
null hypothesis may have been rejected because the hypothesized linear relationship
is true, or probably true. Or it may be rejected because the relationship between the
independent and dependent variables appears to have a different structure than that
proposed by the hypothesis.

Probability Values When researchers perform regression analyses, they are often
most interested in the variable-specific coefficients and probability values, or
p-values, that regression yields. A variable-specific coefficient, sometimes also
called the slope, indicates the direction and magnitude of the relationship between
an independent variable and a dependent variable. More specifically, as will be
discussed more fully shortly, the coefficient provides an estimate of how much the
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Fig. 4.3 Scatter plot with ratings of two respondents on level of education and satisfaction with
overall government performance
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dependent variable will change, either increasing or decreasing, in response to an
increase of one unit in the independent variable.

The p-values associated with each coefficient indicate the likelihood that the
researcher would have obtained the observed data, and thus the observed
coefficients, from a population of units for which the null hypothesis, the hypothesis
of no relationship, is true. Probability values are often of most immediate interest to
an investigator because they provide her with a basis for deciding whether to reject
the null hypothesis and accept her research hypothesis. Or, possibly, she may find a
relationship between the variables in her hypothesis that differs significantly from
the null hypothesis, hence a low p-value, but does not have the same structure as the
one her hypothesis posits. In such a case, a scatter plot based on the independent
variable and the dependent variable may help the researcher identify the structure of
a variable relationship that differs from both the null hypothesis and the research
hypothesis.

For example, suppose a researcher performs regression analysis using a sample
from her population of interest and obtains a probability value of p ¼ .01 for the
independent variable in which she is interested. This indicates that were she to draw
another 100 random samples from this population, most likely only one of these
samples would be characterized by the null hypothesis. Conversely, 99 of the
samples would be characterized by a relationship that differs from the null hypothe-
sis and may lend support to the researcher’s proposed hypothesis. Another way to
think about this is that, with a p-value of .01, there is a 1 in 100 chance that the
sample analyzed by the researcher differs significantly from the population of
interest. Those are pretty good odds, and in the social sciences most researchers
would confidently reject the null hypothesis upon obtaining a p-value of .01.

As discussed in Chap. 3, probability values that are usually considered low
enough to reject the null hypothesis are p < .05, p < .01 and p < .001, each of
which indicates the probability of a Type I error. In other words, if a researcher
decides to set her confidence interval at p < .01, she is saying that she is willing to
accept her research hypothesis, and reject the null hypothesis, if there is no more than
a 1 percent chance that the null hypothesis is in fact true of the population from
which her sample was drawn. The .05, .01, and .001 probability values are also
sometimes described as levels of statistical significance, or alpha values. Lower
alpha values (and p-values) give greater confidence in the researcher’s findings.

Although widely used as standards for estimating statistical significance, the three
alpha values are nonetheless arbitrary and subjective, as would be any other p-value.
They are arbitrary since a p-value can be any number between 0 and 1. And they are
subjective in the sense that the p-value does not tell an investigator how low is low
enough to reject the null hypothesis and risk a Type I error. Other things being equal,
the cost and consequences of making a Type I error will figure prominently in a
researcher’s decision about whether or not to reject the null hypothesis. The higher
the cost and the more injurious the consequences of being wrong, the lower the
probability value she will require before considering the research hypothesis to be
confirmed and proceeding to act on this basis.
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Regression Results and Tables Table 4.1 shows the results of an OLS regression
analysis that uses data from Arab Barometer Wave 5 surveys to test the hypothesis
that individuals who have had more education are more likely than individuals who
have had less education to have an unfavorable judgment of the government’s
overall performance. The hypothesis thus posits a strong negative, or inverse,
relationship between the independent variable and the dependent variable. The
table presents findings from a pooled analysis of data from 11 of the countries
surveyed in Wave 5, the years of which are 2018 and 2019. The table also presents
findings from single-country analyses of data from surveys in three of these
11 countries: Iraq, Lebanon, and Palestine. Importantly, the findings are not the
same for the four sets of results presented in the table.

The numbers in the cells of Table 4.1 are regression coefficients and standard
errors. The coefficients, as stated, express the magnitude and direction of a change in
the dependent variable that is associated with an increase of one unit in the indepen-
dent variable, with “caused by” replacing “associated with” if the relationship is very
likely to be causal. As shown, a coefficient of �1.043 is obtained when judgments
about government performance, the dependent variable, are regressed against edu-
cation, the independent variable. This means that each increase in level of education
decreases the value of the 11-point perception of government performance scale by
1.043.

The standard error, or standard error of the mean, is an estimate of the difference
between the mean of an investigator’s sample and the mean of the population that
her sample purports to represent. Given this, the standard error is at the same time an
estimate of how much difference there would be between the mean of a variable in
her sample and the means of this same variable in other samples she might draw were
she to repeat her study. As is implied by the term “error,” lower values for standard
errors indicate increased confidence in OLS results and hypothesized relationships.

The table also gives the value of the constant, also known as the intercept. This is
the value of the dependent variable when the independent variable has a value of
zero. As will be shown, a formula that includes both the constant and the regression
coefficient can be used to estimate, or predict, hypothetical values of the dependent

Table 4.1 Findings from regression analyses testing the hypothesis that individuals who are more
educated are more likely than individuals who are less educated to judge overall government
performance to be unsatisfactory

Wave 5
11 countries

Wave 5
Iraq

Wave 5
Palestine

Wave 5
Lebanon

Higher level of education �1.043***
(.050)

�.318*
(.140)

�.497**
(.185)

�.018
(.077)

Constant 9.655***
(.213)

5.414***
(.531)

7.989***
(.805)

3.270***
(.358)

Notes. Data are from Wave 5 surveys (2018–2019) of the Arab Barometer
Dependent variable: Judgments of overall government performance, 0–10 with 10 most satisfied
Standard errors in parentheses
*p < .05 ** p < .01 ***p < .001
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variable. Estimating or predicting values of the dependent variable might be, but
very often is not, the objective of a social science research project that employs
multivariate regression. Nevertheless, as in the case for the coefficient and the
standard error, it is important to understand the kind of information that is provided
by each value in a regression table.

The findings in Table 4.1 that are of most immediate interest are the probability
values, which indicate the likelihood of being wrong if the research hypothesis is
accepted and the null hypothesis is rejected. As discussed above, these p-values
estimate the likelihood of finding the pattern an investigator actually observes if her
sample has been selected from a population of units—of individuals, countries, or
any other unit of analysis—that is characterized by the null hypothesis. The lower
the likelihood that the population is characterized by the null hypothesis, the safer it
is to conclude that the sample or subset of units drawn from that population depicts
an existing, or true, relationship. And accordingly, then, the lower will be the
likelihood of making a Type I error when concluding that the independent variable
does in fact account for some of the variance on the dependent variable,.

As shown in Table 4.1, levels of statistical significance are often indicated by the
presence and number of stars next to each variable in the table. A note at the bottom
of the table indicates the p-values represented by one, two, and three stars. A variable
next to which there are no stars is not strongly related to the dependent variable; the
probability of finding a strong relationship involving this variable in a sample drawn
from a population characterized by the null hypothesis is not low enough to reject the
null hypothesis.

Several conclusions about the hypothesized relationship between level of educa-
tion and satisfaction with overall performance of the government can be drawn from
Table 4.1. First, focusing on the pooled analysis based on data from the Arab
Barometer Wave 5 surveys in 11 countries, the hypothesized relationship between
overall satisfaction with government performance and level of education is very
strong and statistically significant at the .001 level of confidence. It is extremely
unlikely that data exhibiting a relationship as strong as this were drawn from a
population characterized by the null hypothesis. Accordingly, given these findings,
the investigator would normally consider the research hypothesis to have been
confirmed, reject the null hypothesis, and run the risk of a Type I error.

Second, findings about the hypothesized relationship found in the pooled analysis
are not the same as the findings found in each of the countries. Sometimes the
relationship between education and satisfaction with the government is also strong
and statistically significant, as in Palestine. Sometimes it is statistically significant
but at a lower level of confidence, as in Iraq. And sometimes, as in Lebanon, the
relationship is not statistically significant and the researcher would probably choose
to risk a Type II error, accepting the null hypothesis and rejecting the research
hypothesis even though there is a chance that the latter might be true.

Third, given different findings across at least some of the countries included in the
Wave 5 surveys of the Arab Barometer, the investigator might wish to reflect on, and
perhaps offer hypotheses about, the determinants of this cross-country variance.
Formulating, and perhaps also testing, such hypotheses would have country as the
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unit of analysis, have the bivariate relationship between education and satisfaction
with the government as the dependent variable, and have country attributes or
experiences as independent variables.

The Tradeoffs of Pooled Analyses
As Table 4.1 shows, findings from analyses that take together data from 11 of
the countries surveyed in Wave V of the Arab Barometer, in what is called a
“pooled” analysis, may not be the same as findings from analyses based on
data from each individual country. This may or may not mean that findings
from pooled analyses are misleading and that such analyses should not be
undertaken.

If the objective of a research project is to identify univariate, bivariate, or
multivariate relationships that apply to all of the groups, countries in this case,
on which an investigator has data, findings from a pooled analysis may be
misleading. In this case, the researcher will need to consider each group, or
country, separately in order to determine whether or not the same findings
apply to each group. The researcher may still wish to carry out a pooled
analysis, for convenience or other reasons, but she may not claim that findings
produced by a pooled analysis apply to all of the groups that make up the pool
unless she has analyzed each group separately and found this to be the case.

If the objective of a research project is not to identify patterns that apply to
all of the groups, countries in this case, on which an investigator has data, but
rather to test hypotheses and offer insight and evidence about important causal
stories, then pooled analysis will expand the data available and may be
completely appropriate. Hypotheses being tested will, if confirmed, have
been found to have substantial and broad explanatory power, even if they do
not necessarily describe explanations of variance that obtain in any particular
group.

The Slope-Intercept Equation There is a simple equation, frequently called the
slope-intercept equation, that makes use of the information provided by the coeffi-
cient, or slope, and the constant, or intercept, to estimate the value of the dependent
variable for a particular value of the independent variable: y ¼ mx + b

Where:

• y is the value of the dependent variable, which is not known
• x is the value of the independent variable, which is known and specified
• m is the value of the change in y produced by a change of one unit in x; in

regression, this is given by the coefficient, or slope, and frequently called the beta
value or beta estimate

• b is the value of y when x ¼ 0; in regression, b is given by the constant and is
frequently called the intercept
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This equation omits a term that is ordinarily included in multivariate regression when
the goal is to estimate the value of a dependent variable. This is called the “error
term,” and it is represented by “e” as shown in the following equation: y¼mx + b + e.
The error term is a value that represents the difference between the value of a
population or universe, a value that can only be estimated and is therefore sometimes
called the “theoretical value,” and the actual observed value based on available data,
usually a sample.
Note also that when referring to OLS, the slope-intercept equation, simplified here, is
frequently rendered as: Y ¼ Beta_0 + (Beta_x) (X).

Where:

• Beta_0 is the constant, or intercept
• (Beta_x) is the coefficient, or slope, for the variable(s) included in the regression
• (X) is an observed value of the independent variable

An application of the slope-intercept equation to predict a value of the dependent
variable (y) based on the coefficient and constant in Table 4.1 is shown below. For
this illustration, the value of the independent variable (X) is 4, meaning that the value
of the dependent variable is being predicted for individuals with a secondary school
education, those with a 4 on the 7-point education-level scale. The dependent
variable, again, is an 11-point scale of satisfaction with overall government perfor-
mance, with 0 ¼ totally dissatisfied and 10 ¼ totally satisfied. Application of the
formula predicts that individuals with a secondary school education will have a score
of 5.483 on this scale.

• y ¼ mx + b
• y ¼ 4 * coefficient + constant
• y ¼ 4 * �1.043 + 9.655
• y ¼ �4.172 + 9.655
• y ¼ 5.483

The error term, as noted, is a value that represents the difference between the value of
a population or universe, a value that can only be estimated, and the actual observed
value based on an investigator’s data. In the example above, 5.483 is the predicted
value on the 11-point perception of government performance scale for individuals
with a 4 on the 7-point level of education scale. However, not every individual with
an education level of 4 surveyed by the Arab Barometer answered the government
satisfaction item with a response of 5.483. In fact, obviously, a response of exactly
5.483 was not an option. The error term is the difference between an individual’s
actual response and the predicted response of 5.483. The error term for an individual
who had a secondary school education and judged government performance to
deserve a 7 on the 11-point scale would be 7 � 5.483, or 1.517. Further discussion
of the error term is beyond the scope and purpose of the present account. Readers
wishing additional information about the conceptualization and measurement of the
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error term, and about multivariate regression more generally, will find this readily
available in books on multivariate statistics.

Exercise 4.2. Estimating Satisfaction with Overall Government
Performance
Use the findings presented in Table 4.1 to estimate the satisfaction with overall
government performance score of each set of respondents listed below. Satis-
faction with overall government performance, the dependent variable, is
measured by a 0–10 scale with 10 indicating the highest level of satisfaction.
What is the score on this 11-point scale for each of the following:

1. All Wave V respondents with a rating of 6 on the 1–7 scale measuring level
of education. A rating of 6 on the 7-point education scale indicates that an
individual has had a university education.

2. Iraqi respondents with a rating of 4 on the 1–7 scale measuring level of
education. A rating of 4 on the 7-point education scale indicates that an
individual has had a secondary school education.

3. Palestinian respondents with a rating of 4 on the 1–7 scale measuring level
of education. A rating of 4 on the 7-point education scale indicates that an
individual has had a secondary school education.

4. In what way is satisfaction with overall government performance different
for Iraqi respondents with a secondary school education and Palestinian
respondents with a secondary school education?

5. Lebanese respondents with a rating of 2 on the 1–7 scale measuring level of
education. A rating of 2 on the 7-point education scale indicates that an
individual has had a primary school education.

Other Types of Regression Multivariate regression is a parametric statistic, mean-
ing that assumptions are made about the distribution of variables in the population
from which the data to be analyzed have been obtained. OLS regression is used when
the dependent variable is continuous. It makes several strong assumptions, includ-
ing, most importantly, that there is a linear relationship between the independent and
dependent variables.

Although perhaps the most common, OLS regression is not the only regression
model used to test hypothesized variable relationships. Another form of parametric
regression is logistic regression, which is used when the dependent variable is a
categorical variable. Binary logistic regression is used when the dependent variable
has two categories, such as agree/disagree, present/absent, or high/low; multinomial
logistic regression is used when the dependent variable has more than two
categories; and ordinal logistic regression is used when the dependent variable has
ordered categories, such as primary, secondary, and university levels of education.

102 4 Multivariate Analysis: Causation, Control, and Conditionality



There are also non-parametric types of regression, which require fewer
assumptions about the shape or form of variable distributions in the population
from which the data to be analyzed have been obtained. Non-parametric regression
statistics are not as powerful with smaller samples.

Discussion of these other forms of multivariate regression is beyond the scope
and purpose of the present account. They are mentioned only to alert readers to their
existence. Readers wishing additional information, including about parametric
requirements and assumptions, will find this readily available in books on social
statistics.

4.1.4 Control Variables

Tests of hypotheses that posit variable relationships that purport to be causal usually
require multivariate analysis. Along with the independent variable and the dependent
variable, the analysis will require the inclusion of one or more additional variables.
Control variables are of most immediate importance here, and it is here that the
multivariate character of analyses devoted to causal inference comes into play.

Control variables are usually variables that are related to both the dependent
variable and the independent variable and that, because of these parallel
relationships, might cause the dependent variable and the independent variable to
covary. Should this be the case, an investigator might be tempted to conclude,
mistakenly, that the dependent variable and the independent variable covary because
variance on the former is determined, or caused, by variance on the latter. However,
should this be the case, such a conclusion would be wrong; as far as causality is
concerned, the relationship would be spurious.

The reason that a relationship between two variables that covary might be
spurious is illustrated by the stork-baby folktale and the shorts-ice cream story
mentioned earlier. Despite the covariance of the stork measure and the baby mea-
sure, or of a wearing shorts measure and an ice cream measure, there is no causal
connection between the measures in each pair. Rather, it is the impactful relationship
of both variables in each pair to a third variable, rural-urban character of the localities
in the first instance and temperature outside the home in the second, that produces
the covariance.

This situation, or problem, where there is the possibility of attaching causality to a
hypothesized variable relationship that is actually spurious with respect to causality,
is often referenced by the term omitted variable bias, which is a form of endogeneity.
A researcher has an endogeneity problem when there is a third variable, an endoge-
nous variable, or a number of endogenous variables, that is related to her dependent
variable and is also related to her independent variable but has not been identified
and taken into consideration. It has not, more specifically, been included in a test of
the hypothesized relationship between the investigator’s independent variable and
her dependent variable.

It is the designation “not taken into consideration” that makes endogeneity a
problem. If a researcher knows that there is a third variable that affects both the
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dependent variable and the independent variable, she can include it in her analysis
and treat it as a control variable. In this way, she can hold it constant and remove its
impact. The challenge is to know, or identify, the third variable, or the fourth, fifth,
sixth, and other variables, that fit this description and need to be included in the
analysis and controlled.

In all probability, the researcher already knows some of the variables that need to
be controlled. Research projects in which the individual is the unit of analysis very
often include demographic attributes, like sex, age, education, and others as control
variables. Studies in which country is the unit of analysis might include per capita
gross national product, per capita national income, and position on a democracy-
authoritarianism scale as control variables. Beyond these, however, and also in
research projects that focus on other units of analysis, an investigator must be alert
to less immediately obvious variables that may need to be controlled, perhaps
interpersonal trust or civic engagement for individuals and ethnic diversity or
percentage of women in the labor force for countries.

To identify other variables that may need to be controlled, an investigator will
want to consult previous research on the subject of her study; and still others may
suggest themselves as she continues to reflect and deepen her understanding of the
causal stories that her hypotheses represent. In any event, to the extent that relevant
variables are not identified and an endogeneity problem persists, findings about the
researcher’s hypotheses may be incomplete or even wrong.

After finding a strong and significant bivariate relationship between a dependent
variable and an independent variable, identifying and adding one or more endoge-
nous variables to the analysis as control variables—endogenous variables being,
again, those that are related to the independent and dependent variables—will
produce one of two possible results. Either the strong and significant relationship
between the independent and dependent variables will remain strong and significant
or it will cease to be strong and significant.

If the relationship between the independent variable and the dependent variable
ceases to be strong and significant when a third variable, an endogenous variable, is
included in the analysis and thereby controlled, it will become clear that the
relationship found in a bivariate analysis was indeed spurious with respect to
causality. To return for a moment to the humorous and silly examples previously
used to illustrate the possibility of an endogeneity problem, the relationship between
storks and babies will cease to be significant if the nature of the locality is considered
as a control variable, as will the relationship between shorts and ice cream if
temperature outside the home is considered. It will then be clear that the relationship
between the independent variable and the dependent variable, however strong might
be the bivariate correlation between them, is not a causal relationship.

Alternatively, if the relationship between the independent variable and the depen-
dent variable remains strong and significant when one or more endogenous variables
are included in the analysis and controlled, the case for causal inference will be
strengthened. Whatever might be the impact of the control variable, or control
variables, this is not the reason that the independent variable and dependent variable
covary. More likely, the independent variable and dependent variable covary
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because the former is a determinant of the latter, because variance on the indepen-
dent variable is a cause of variance on the dependent variable.

Causation cannot be proved, of course. It can only be inferred. And there may
well be endogenous variables that have not been identified and controlled. Never-
theless, the case for causal inference will be stronger, and the probability of making a
Type I error will be lower, if there is a strong and statistically significant relationship
between the independent variable and the dependent variable, if there is a temporal
sequence between these two variables, and if relevant and potentially endogenous
variables have been identified and included in the analysis.

In multivariate statistical analysis, control variables are often included in the
regression models that are run. Here model refers to a particular set of variables
that are included in an analysis, along with the dependent and independent variables.
It is not unusual for an investigator to run a number of models, one without any
control variables in order to observe the strength and significance of the
hypothesized relationship without any interference, and then one or more models
with control variables, or different subsets of control variables, in order to see if the
strength and significance of the hypothesized relationship change. As stated, whether
a significant hypothesized relationship loses significance or remains significant in
models that include control variables has clear implications for causal inference.

Procedures along these lines, with the goal being causal inference, are employed
in numerous political and social science studies carried out in Arab countries and
societies. One innovative and instructive study examines the behavior of members of
parliament in Algeria and Morocco. It analyzes data from an original survey of
200 male and female parliamentarians.7 Some of the study’s hypotheses seek to
account for variance in the kind or amount of constituent service work undertaken by
different categories of deputies, variance associated with constituent service work
being, therefore, the dependent variable. Below are two of these hypotheses. Each
specifies a different independent variable, which it posits as one of the determinants,
or causes, of the variance associated with the kind of constituent service work that
deputies perform.

H1. Female deputies are more likely to serve female and less influential constituents
than are male deputies.

H2. Quota-elected female deputies are more likely to serve female and less influen-
tial constituents than are non-quota-elected female deputies.

The table below is a reconstructed and simplified version of one of the tables in the
article that describes this study and reports its findings. The table, based on an
analysis of the 82 Moroccan deputies who were interviewed, presents the results of a
multivariate statistical analysis, ordinary least squares regression, that tests the two

7Lindsay Benstead. 2016. “Why Quotas Are Needed to Improve Women’s Access to Services in
Clientelistic Regimes.” Governance: An International Journal of Policy, Administration and
Institutions 29:2, pp. 185–205.
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hypotheses. Model 1 tests H1 and Model 2 tests H2. The dependent variable in both
is the extent to which a deputy carried out service work on behalf of female and less
influential constituents. The degree of service work devoted to these constituents is
measured on an 8-point scale, with 8 ¼ more service work on behalf of female and
less influential constituents. Each model shows the relationship between the inde-
pendent variable and the dependent variable. Each model also includes six control
variables, a subset of those in the published article, and shows the statistical signifi-
cance of each one’s relationship to the dependent variable.

The findings presented in Table 4.2 show that the analysis supports both
hypotheses. In both cases, the probability that the null hypothesis is true and that
the researcher will make a Type I error if she rejects it and considers the research
hypothesis to be confirmed, is less than .05. Note that in this table, the p-values have
not been explicitly listed, so the reader must rely on the star system detailed in the
note below the table and mentioned previously in this chapter in order to determine
statistical significance.

With respect to H1, the probability that deputies who do more service work on
behalf of female and less influential constituents are not more likely to be female is
less than 5 percent (p < 0.05), and so the investigator concluded that the risk of
making a Type I error is low and reported, accordingly, that H1 is confirmed. With
respect to H2, the probability that deputies who do more service work on behalf of
female and less influential constituents are not more likely to be female and to have
entered the assembly through a quota of seats reserved for women is less than

Table 4.2 Some determinants of service work on behalf of female and less influential constituents
by Moroccan deputies

Model 1 Model 2

Independent variables: gender/quotas

H1. Female (all) 2.77 (1.40)**

H2. Female (no quota) 1.32 (1.73)

H2. Female (quota) 5.31 (2.29)**

Control variables

Represents an electoral district with less than 100,000
urban residents

0.86 (0.79) 0.91 (0.79)

Represents electoral district with between 100,000 and
200,000 urban residents

1.08 (0.95) 1.20 (94)

Represents an electoral district with more than 200,000
urban residents

1.51 (0.72)** 1.64 (0.72)**

Deputy’s age 0.14 (0.19) 0.17 (0.19)

Deputy had been elected in previous election(s) .053 (0.53) 0.38 (0.52)

Member of an established center-left political party �1.52 (1.06) �1.75 (1.06)*

Note. The table presents the results of an ordinary least squares regression. Standard errors are in
parentheses
Dependent variable: Degree of service work devoted to women and less influential constituents, 1–8
scale with 8 ¼ more service work devoted to women and less influential constituents
Independent variables: Gender, 1–2 with 2 ¼ female; elected on quota, 1–2 with 2 ¼ on quota
*p < 0.10 **p < 0.05
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5 percent (p < 0.05), and so the investigator again concluded that the risk of making
a Type I error is low and reported, accordingly, that H2 is confirmed.

The six control variables in Table 4.2 are only some of the control variables in the
table in the published article. As discussed, control variables are selected for
inclusion in multivariate statistical analyses that test hypotheses because the investi-
gator wishes to consider, and hopefully rule out, the possibility that a hypothesized
variable relationship that purports to be causal is actually spurious. If the relationship
between a dependent variable and a hypothesized independent variable is statisti-
cally significant when control variables are not included in the analysis but then
ceases to be statistically significant when one or more control variables are included,
the researcher will be forced to conclude that the relationship is not causal—or at
least that it is not a direct causal relationship. The possibility of an indirect causal
relationship will be discussed in the section of this chapter devoted to “Third
Variable Possibilities.”

Exercise 4.3 Connecting Hypotheses and Causal Stories
H1 and H2 in the study of constituent service work done by members of the
Algerian and Moroccan national assemblies represent and call attention to a
fuller causal story. Describe in two or three sentences what, in your best
judgment, is a plausible causal story that tells why it is that Algerian and
Moroccan members of parliament who do more service work on behalf of
female and less influential constituents are more likely to be female and also
more likely to have entered the assembly through a quota of seats reserved for
women.

To select control variables, an investigator will reflect on and attempt to identify
variables that may be related to both the dependent variable and the independent
variable in ways that cause the two to covary or otherwise have an impact on the
relationship between them. The impact of a potential control variable cannot always
be known in advance, and it is unlikely that an investigator will be able to identify
and include in a test of her hypotheses all of the control variables that might possibly
be relevant. Nevertheless, confidence in a finding that her data support a
hypothesized causal relationship will be much lower if plausible control variables
have not been identified and included in her analyses.

Table 4.2 shows that the hypothesized causal relationships that H1 and H2 posit
remain statistically significant at the .05 level of confidence when a number of
control variables have been included in the analysis. Accordingly, this makes it
more reasonable not only to risk a Type I error and accept the hypotheses but also to
infer that the hypothesized relationships are very probably causal. When a
hypothesized dependent variable-independent variable relationship is found to be
statistically significant, in most cases with a p-value of .05 or lower, the inclusion of
control variables increases confidence that this significant relationship is not due to
the impact of one or more other variables and thus is probably not spurious.
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In addition, however, confidence in causality when control variables are included
in the analysis depends on the plausibility and relevance of the particular control
variables that have been selected. On the one hand, variables that are known to be
associated with both the dependent variable and the independent variable, or might
reasonably and logically be thought to be associated, are those whose inclusion is
most important. On the other hand, it is also important to have theoretical reasons for
the control variables that are included, meaning that their connections to the depen-
dent and independent variables should make sense in terms of the hypotheses and
causal stories being investigated.

Researchers should be cautious about including additional control variables just
in case they might have an unsuspected impact on the hypothesized relationship. Too
many control variables can damage statistical estimates, particularly if the size of a
researcher’s dataset is small. By itself, the availability of data is not a good reason to
include a control variable. Rather, if a researcher cannot explain why a particular
variable should be included as a control, she probably should not include it in her
analysis. In this way she avoids a common pitfall of multivariate analysis known as
overfitting.

The control variables in Table 4.2, which are among those in the table in
the published article, were selected with the previously mentioned criteria in mind.
The author’s rationale for including variables based on the urban population of the
deputy’s home district is given below. It suggests that these district-level attributes
might influence the relationship between, on the one hand, a deputy’s gender and/or
whether or not she entered the assembly through a quota of parliamentary seats
reserved for women and, on the other hand, the categories of constituents most likely
to benefit from the deputy’s service work. Without the inclusion of these variables as
controls, the researcher’s ability to conclude and then report that her hypotheses had
been confirmed, including the causal connection that the hypotheses posit, would be
very much weaker.

[Measures of district population are among the variables related to perceived electoral
incentives that have been included as controls.] Women elected in larger districts, including
Algiers with 3 million residents and 32 seats, may be more responsive to females, due to
greater ability to serve less influential constituencies, the presence of civil society
organizations, and urban, employed female constituents. Women elected in small districts
(e.g., Moroccan districts with 2 to 5 seats) may have stronger incentives to cultivate a
personal vote among constituents of both genders and have lower responsiveness to women.

Exercise 4.4 Identifying and Selecting Control Variables
Table 4.2 includes six control variables, and the author’s rationale for selecting
some of them has been given. She states that they were selected because they
are “among the variables related to perceived electoral incentives.”

(continued)
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Exercise 4.4 (continued)
One of the variables included as a control variable is whether or not the

deputy is a member of an established center-left political party.

• Why do you think the researcher thought it necessary to control this
variable? In what way might this variable be related to the dependent
variable and the independent variable, possibly causing them to covary
and, for this reason, making it necessary to include it in the analysis as a
control variable?

The six control variables in Table 4.2 are only some of the variables the
investigator deemed it necessary to control.

• Making your best guess, identify another variable that it would probably be
necessary to control. Then give your reasons for selecting it; suggest how
and why it might be related to the dependent and independent variables,
thereby requiring that it be controlled.

4.2 Third Variable Possibilities

4.2.1 Other “Third” Variables

We turn now to ways that the refinement of a research design and the inclusion of
additional variables, beyond those included for purposes of control, can enrich
causal stories and/or make them more informative and more precise. These addi-
tional variables are frequently referred to as “third” variables, even though more than
one of them may be added to the variables already included in the researcher’s
models. Table 4.3 identifies and describes the three components into which our
discussion of third variables is divided. What the three third variable types and roles
share is attentiveness to the possibility that a causal story may involve more than two
variables that are significantly related and remain so when tested in analyses that
include relevant control variables.

4.2.2 Direct and Indirect Relationships

A researcher might wonder not only whether the bivariate relationship she has
observed is causal but also whether it is a direct or an indirect relationship, a
distinction with very different implications about whether and how the independent
variable impacts and accounts for variance on the dependent variable. Our discus-
sion to this point has not made a distinction between direct and indirect relationships;
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we have for the most part proceeded as if our concern were only with direct
relationships, relationships for which a change in the independent variable directly
brings, and presumably causes, a change in the dependent variable. In this case, the
causal story does not involve any other variables. The pathway from the independent
variable to the dependent variable does not run through one or more other variables.

This is not the only possibility, however. The pathway at the center of a causal
story may not lead directly to the dependent variable. Instead, it may initially lead to
a third variable, making this third variable part of the causal story, and then lead from
the third variable to the dependent variable. For example, the previously noted

Table 4.3 Third variables in multivariate causal stories

Sub-section
focus

Variable role Contribution to causal story

Direct and
indirect
relationships

Mediator
variable

We will consider the distinction between
causal relationships that are direct and
indirect. In indirect relationships, one or more
mediator variables stands between, or
mediates the relationship between, the
independent variable and the dependent
variable. Mediator variables shed light on
causal mechanisms and pathways by which
the independent variable influences the
dependent variable.

Disaggregation/
conditional
effects

Moderator variable
(sometimes called
interaction term)

We will consider the case where the
significance, strength, and/or structure of a
confirmed relationship between an
independent variable and a dependent
variable is not the same for all unit of analysis
subsets on which an investigator has data.
Moderator variables thus help to specify the
locus of applicability of one or more causal
stories. We will also consider the advantages
and disadvantages of disaggregating multi-
dimensional measures.

Scope
conditions

Variable names substituted
for proper names

We will consider the generalizability of one
or more confirmed causal relationships and
the role of scope conditions in specifying
where and when, that is to say under what
conditions, the relationship is and is not
significant. To the extent that the
specification of where and when involves
proper names, such as Algeria in 2004,
relevant attributes of this place and time may
be expressed as variables and substituted for
the proper names of Algeria and 2004. Scope
conditions may enrich a causal story by
specifying its applicability and thereby, in
many cases, by adding a level of analysis.
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individual-level relationship between evaluation of the government’s economic
performance and the likelihood of voting might involve such a pathway. The
hypothesis that posits evaluation of the government’s economic performance as a
determinant of the decision to vote or not to vote might actually involve an additional
variable, such that the pathway leads from evaluation of government performance
not to the decision about voting but rather to a third variable, perhaps trust in the
government, and then from the third variable to voting.

This was, in fact, the finding of a study that used Arab Barometer data from five
countries to test a hypothesis about the relationship between evaluation of govern-
ment economic performance and voting and specifically to test the proposition that
more favorable evaluations of government performance push toward greater likeli-
hood of voting.8 Bivariate analysis showed that the relationship between evaluation
of government performance and voting had a very low probability of being spurious,
and this remained the case in a multivariate analysis that included control variables.
Accordingly, with the likelihood of making a Type I error very low, the researchers
judged the hypothesized bivariate relationship to have been confirmed.

The figures below illustrate different possibilities with respect to direct and
indirect relationships. An unbroken line between two variables indicates that the
analysis has found a statistically significant relationship between these variables. X,
Y, and M are the variables in this illustration; Y is the dependent variable; X is the
independent variable; M is a third variable, trust in the government in this case.

• Figure 4.4 illustrates the results of a bivariate analysis that finds a statistically
significant and direct relationship between X and Y. It is direct because there is
not another variable in the pathway from X to Y. The researcher will recognize, of
course, that the finding of an indirect relationship is not possible in bivariate
analysis. The bivariate analysis can only determine whether or not the relation-
ship between two variables is statistically significant, and also the structure and
direction of the relationship. The structure and direction of variable relationships
were discussed in Chap. 3.

• Figure 4.5 illustrates the results of a multivariate analysis that finds a statistically
significant and direct relationship between X and Y. The analysis also finds a
significant indirect relationship, wherein one of the pathways leads from X to M
and then from M to Y. If all of the separate bivariate relationships are statistically
significant, as they are in Fig. 4.5, the researcher can report that the causal story,
in this case, includes both a direct way and an indirect way that the independent
variable affects and accounts for variance on the dependent variable. The basis for

X                                            Y

Fig. 4.4 Bivariate analysis finds a direct relationship

8Carolina de Miguel, Amaney A. Jamal, and Mark Tessler. 2015 “Elections in the Arab World:
Why do citizens turn out?” Comparative Political Studies 48, no. 11, pp. 1355–1388.
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attributing causality to these relationships will be much stronger if control
variables are included in the analysis and the relationships shown in Fig. 4.5
remain statistically significant.

• Figure 4.6 is taken directly from the study, previously cited, that used Arab
Barometer data to test the individual-level hypothesis that the more favorable
an individual’s evaluation of the government’s economic performance, the more
likely this individual will vote in national elections. In this case, in contrast to the
relationships shown in Fig. 4.5, the multivariate analysis shows that there is only
one statistically significant relationship involving the independent variable, and
that this statistically significant relationship is not directly between the indepen-
dent variable and the dependent variable.

Figure 4.6 shows that there is, nonetheless, a pathway leading from the independent
variable to the dependent variable. It is indirect rather than direct, however, with the
pathway running through a mediator variable, trust in the regime, in this case. The
causal story to be reported by the investigators is, therefore: more positive
evaluations of the government’s economic performance increase trust in the govern-
ment, and greater trust in government increases the likelihood that a citizen will vote.
The dotted arrow leading from evaluation of the government’s economic perfor-
mance to likelihood of voting is intended to show that this relationship was signifi-
cant in a bivariate analysis but ceased to be significant in a multivariate analysis that
included trust in the governing regime, also sometimes called political trust.

M

X                                            Y

Fig. 4.5 Multivariate
analysis finds both a direct
and an indirect relationship

Political Trust

Evaluation of Economy Vote

a b

Indirect Effect (a * b)

% Total Effect Mediated = Indirect Effect / Total Effect

Fig. 4.6 Multivariate
analysis finds only an indirect
relationship
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One way, and the most straightforward way, to test for the indirect effects shown in
Figs. 4.5 and 4.6 begins with running three different bivariate regressions, one for
each of the three relationships between X, Y, and M taken two at a time. There will
be the possibility of a direct relationship if the X–Y connection is statistically
significant, and there will be the possibility of an indirect relationship if the X–M
connection and the M–Y connection are also both statistically significant.

The researcher will then proceed to multivariate analysis to see if these
relationships remain significant in models that include all three variables—and
also any relevant control variables. If all three two-variable relationships remain
significant in the multivariate analysis, as shown in Fig. 4.5, the independent
variable, X, will have been shown to have both a direct and an indirect effect on
the dependent variable, Y.

Figure 4.6 depicts an alternative possibility: that there is an indirect relationship
between the independent variable and the dependent variable but there is not a direct
relationship between the two variables. This is the case if:

• the two relationships in Fig. 4.5 involving the mediating variable (M), trust in the
governing regime, remain significant; and

• the relationship between evaluation of the government’s economic performance
and likelihood of voting, the X–Y relationship shown in Figs. 4.4 and 4.5, ceases
to be significant when the multivariate analysis includes M.

As noted, this discussion of “Other Third Variables” seeks to introduce some of the
ways that the addition of variables can produce instructive findings that might
otherwise have been missed. Multivariate analysis makes it possible to test
hypothesized bivariate relationships with control variables included in the analysis,
and this can very significantly strengthen the case for causal inference. Beyond this,
however, are many other ways in which a more sophisticated and nuanced, and
hence more informative, causal story can be proposed and evaluated. Considering
indirect as well as direct relationships is one such possibility. Moreover, indirect
variable relationships can be proposed when hypotheses are formulated. In other
words, unanticipated findings that result from data analysis are not the only way that
attention might be called to such relationships. Indirect variable relationships may
also, when relevant, deserve attention in the theorizing that precedes data analysis.

4.2.3 Disaggregation/Conditional Effects

Disaggregation refers to the process of separating something into its component
parts. In social science research, an investigator may find it useful to consider
disaggregation with respect to the population, or sample, of the units on which she
has data. She may also find it useful to consider the disaggregation of the more
abstract concepts, or the indicators of these concepts, that are important parts of the
causal story she seeks to evaluate. Accordingly, the purposes for which an investi-
gator may wish to disaggregate elements of a research project include more nuanced
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insights and greater precision in specifying the cases to which key findings apply.
Disaggregation may also be undertaken to capture the dimensionality of key
concepts and of associated variable relationships.

The line plot in Fig. 4.7 is based on Arab Barometer Waves 3, 4, and 5 surveys in
Tunisia, which were carried out, respectively, in 2013, 2016, and 2018. The distri-
bution based on all respondents (in orange) that is plotted over the three time periods
shows the percentage of those who agreed or agreed strongly with a sentence stating
that a university education is more important for men than for women. The line plot
suggests questions that might be instructive to explore. Why, for example, was there
a decrease in 2016 and an increase in 2018 of individuals who agreed with a
proposition that is inconsistent with gender equality?

But while this and other questions raised by the line plot might deserve attention,
the chart is presented here as a very simple example of disaggregation. The line plot
shows that Tunisian men are significantly and consistently more likely than Tunisian
women to agree with a proposition that favors men over women in university
education. This is not the view of most men. Even at its highest level, in 2018,
only 25 percent of Tunisian men expressed this view. Nevertheless, men in this
instance are always less supportive of gender equality than are women, and this
important finding would have been missed if men and women had not been analyzed
separately, if there had not been disaggregation with respect to sex. The relationships
that result from disaggregation are sometimes called conditional effects, with sex in
this case being the conditioning variable.

This particular example is perhaps too simple; if support for gender equality were
either the dependent variable or an independent variable, it is very likely that the
analysis would at some point have compared the attitudes of men and women,
perhaps by including sex as a control variable and thus making disaggregation
superfluous. But the principle remains relevant and important: Distributions and
relationships may appear one way for some subsets but not the same way for other
subsets of the population or sample on which a researcher has data.

The following example also uses individual-level survey data, and the dependent
variable is again views about gender equality. Based on a study published in 2017,
the authors analyzed a dataset constructed from one or more surveys in 15 different
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Fig. 4.7 Percent of Tunisians in 2013, 2016 and 2018 surveys agreeing that university education is
more important for men
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Arab countries,9 and they tested hypotheses that posit religious, economic, and
political factors as determinants of the variance associated with attitudes toward
gender equality. The measures of some variables, including attitudes toward gender
equality and personal religiosity, are indices based on a number of items in the
survey instruments. Two of the hypotheses, one pertaining to religiosity and one
pertaining to economic circumstance, are shown below. The table that follows shows
the findings about each hypothesis, first for all respondents and then for subsets of
respondents disaggregated on the basis of gender, age, and education taken together.

H1. Individuals who are more religious are less likely than individuals who are less
religious to support gender equality.

H2. Individuals in more favorable economic circumstances are more likely than
individuals in less favorable economic circumstances to support gender equality.

The table below, Table 4.4, shows that there is among all respondents and as
hypothesized: (1) a significant and inverse relationship between personal religiosity
and support for gender equality; and (2) a significant and positive relationship

Table 4.4 Impact of personal religiosity and of economic circumstance on support for gender
equality among respondents grouped by sex, age, and education

Higher personal
Religiosity

More favorable
Economic circumstances

All
Respondents

Significant, inverse
P < .001

Significant, positive
p < .001

Male, Age < 35
Education < secondary

Not
Significant

Not
Significant

Male, Age > 34
Education < secondary

Significant, inverse
p < .01

Significant, positive
p < .01

Female, Age < 35
Education < secondary

Not significant Not significant

Female, Age > 34
Education < secondary

Significant, inverse
p < .001

Significant, positive
p < .001

Male, Age < 35
Education > intermediate

Not significant Not significant

Male, Age > 34
Education > intermediate

Significant, inverse
p < .01

Significant, positive
p < .001

Female, Age < 35
Education > intermediate

Not significant Not significant

Female, Age > 34
Education > intermediate

Not significant Significant, positive
p < .01

9Mark Tessler and Hafsa Tout. 2017. “Religion, Trust, and Other Determinants of Muslim Attitudes
Toward Gender Equality: Evidence and Insights from 54 Surveys in the Middle East and North
Africa.” Taiwan Journal of Democracy, Volume 12 No. 2, pp. 51–79. Weights controlling for
sample size differences and for differences in the number of surveys conducted in any one country
were carried out when the dataset was constructed.
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between more favorable economic circumstance and support for gender equality. In
addition, however, it also shows that there is more to be learned from disaggregation.
The hypotheses are tested for subsets of respondents grouped according to sex, age,
and level of education taken together, and the table shows that in only some of these
demographic categories are the findings the same as those based on all
respondents. For example, the hypothesized inverse relationship between religiosity
and support for gender equality is confirmed when the analysis is based on all
respondents, but in fact religiosity does not have explanatory power among younger
men and younger women.

A fuller discussion of the nature and implications of these findings is beyond the
scope of the present discussion. Nevertheless, it will be clear that the study would
have reported findings that are at best incomplete had the authors not disaggregated
their respondents. Rather than reporting that religiosity bears a statistically signifi-
cant and inverse relationship to support for gender equality among citizens of the
countries from which data have been collected, and also that economic circumstance
bears a significant and positive relationship to support for gender equality among the
same population, the investigators would be able, having disaggregated their
respondents on potentially important demographic variables, to specify the
characteristics of the respondents to whom these conclusions do and do not apply.
This would permit the investigator to offer better insights and present a much richer
and more fine-grained causal story about some of the determinants of support for
gender equality.

As stated previously, a researcher may find it useful to consider disaggregation
with respect to the population, or sample, of the units on which she has data. This
does not mean that the units are always individuals, however, or that variables on
which there is disaggregation are always demographic attributes. On the contrary,
the potential utility of disaggregation is not limited to research in which the individ-
ual is the unit of analysis. There are numerous studies that analyze data on a different
unit of analysis and report that their analyses and findings have been enriched by
disaggregation. A few diverse and randomly selected examples are below:

• In a study of determinants of household poverty in Egypt, household was the unit
of analysis. The attributes of the household considered included whether the head
of the household was male or female, whether this person was in or not in the
labor force, and if in the labor force, in what sector did the household head work.
Most employed female heads were “blue collar workers,” and to achieve a more
fine-grained analysis, the investigator disaggregated this category by sector,
including agriculture, fishing, service, and other.10

10Shireen AlAzzawi. 2015. “Endowments or Discrimination: Determinants of Household Poverty
in Egypt.” Economic Research Forum Working Paper No. 931; at https://www.researchgate.net/
profile/Shireen-Alazzawi/publication/293486854_Endowments_or_Discrimination_
Determinants_of_Household_Poverty_in_Egypt/links/56b8d2b208ae35670495b701/
Endowments-or-Discrimination-Determinants-of-Household-Poverty-in-Egypt.pdf
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• In a study of the foreign policies of Arab countries, the unit of analysis is foreign
policy output. The authors, two senior Egyptian political scientists, write that
their study includes “disaggregation of foreign policy output into its relevant
components: the actor’s general objectives, orientation, or strategy and specific
foreign policy behavior. The breaking down of foreign policy output into general
objectives and concrete behavior draws attention to important questions for both
the empirical analysis of foreign policy and theory-building.”11

• A study of “Women’s Empowerment and Political Voice” in Morocco considered
many criteria, ranging from women in parliament to the Moroccan family code.
Another important variable is public spending, which is the unit of analysis for
this part of the research. The authors praised the recent introduction of “gender-
responsive budgeting,” with allocations and expenditures disaggregated by gen-
der. They also complained that “inadequate disaggregated data on women’s
social and economic status limits the extent to which the state can be held to
account.”12

Finally, disaggregation is also potentially useful in measurement, especially the
measurement of more abstract or multidimensional concepts. A good general exam-
ple is the United Nation’s Human Development Index (HDI). Created as an alterna-
tive to the economic indices that are frequently used to measure a country’s level of
development, the HDI seeks to measure the well-being of the ordinary citizens of a
country. Toward this end, the index is composed of indicators pertaining to health,
education, and standard of living, the latter measured by the GINI coefficient, which
is a measure of income inequality. There is agreement that the HDI measures
something important that is not captured by such economic indices as per capita
gross domestic product or per capita national income. But while the HDI is
frequently used, there are instances when it is useful to disaggregate the index and
consider separately the explanatory power of one or two of its component indicators.

Personal religiosity, in Arab countries as elsewhere, is often measured by a
composite index that includes behavior, such as prayer and reading religious
books; belief in God and in the religion’s central articles of faith; and other actions,
such as preferring to consult religious officials to discuss personal problems. Con-
struction of a scale based on all or at least some of these different indicators, perhaps
by factor analysis or another scaling technique, provides a measure of personal

11Bahgat Korany and Ali E. Hillal Dessouki. 2008. “Foreign Policy Approaches and Arab
Countries: A Critical Evaluation and an Alternative Framework.” In Bahgat Korany and Ali
E. Hillal Dessouki, eds., The Foreign Policies of Arab States. American University in Cairo,
pp. 27–28; at https://books.google.com/books?hl¼en&lr¼&id¼tpp8jYuH6vwC&oi¼fnd&
pg¼PP9&dq¼disaggregation+arab+country&ots¼Ydot5td1z6&sig¼YvbLg5ekWVdbc-
yKvdzcRoBnf7w#v¼onepage&q¼disaggreg&f¼false
12Claire Castillejo and Helen Tilley. 2015. “The Road to Reform: Women’s Political Voice in
Morocco.” Development Progress, Overseas Development Institute; at https://cdn.odi.org/media/
documents/9607.pdf
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religiosity that is more complete and sometimes more useful. But in some instances,
too, it may be more instructive to disaggregate the composite measure and consider
relationships in which only religious action or only religious belief is a variable.

Table 4.5 presents findings from a research project that used survey data from
Algeria and Morocco to explore the relationship between attitudes toward political
Islam and attitudes toward democracy.13 Support for political Islam is defined in this

Table 4.5 Multiple regression showing the influence of attitudes toward political Islam on
attitudes toward democracy

Full sample Full sample Men only Women only

Algeria
Personal religiosity �.06

(�1.55)
�.06
(�.1.60)

.03
(.52)

�.15
(�2.82)***

Islamic guidance in public affairs �.09
(�2.54)
***

• In politics and administration .00
(.09)

�.00
(�.13)

.01
(.22)

• In economics and commerce �.11
(�2.53)***

�.06
(.90)

�.15
(�2.56)***

Morocco
Personal religiosity �.01

(�.378)
.00

(.08)
.01

(.24)
�.00
(�.09)

Islamic guidance in public affairs �.09
(�2.50)**

• In politics and administration �.06(�1.23) �.11(1.67) .01(�.15)

• In economics and commerce �.12
(�2.43)**

�.08
(�1.20)

�.15
(�2.17)*

Survey items used to measure attitudes toward democracy and political Islam in Algeria and
Morocco
Attitudes toward democracy:
•Openness to diverse political ideas is an important criterion for national leadership (ranks first or
second on a list that also includes experience, a sense of justice, integrity, and human sensitivity)
• The development of democratic institutions is a high priority for government (ranks first or second
on a list that also includes economic well-being, civil peace, and preservation of traditional values)

Attitudes toward “political Islam”

• Believes that religion should guide political and administrative affairs
• Believes that religion should guide economic and commercial affairs

Notes: Attitude toward democracy is the dependent variable. Table shows standardized coefficients
(betas) and gives t-statistics in parentheses. Included in the analysis as control variables, but not
shown, are age and education.
* p < .05, **p < .02, ***p < .01

13Mark Tessler. 2002. “Islam and Democracy in the Middle East: The Impact of Religious
Orientations on Attitudes toward Democracy in Four Arab Countries.” Comparative Politics
34 (April): 337–354.
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study as a belief that Islam and politics should not be separated and that the religion
should play an important role in the governance of the respondent’s country. Based
on ordinary least squares regression analysis, the table presents standardized
coefficients and gives t-statistics in parentheses. (t-statistics are an alternative mea-
sure of confidence in the coefficient estimates, similar and mathematically related to
p-values.)

The table illustrates both measurement disaggregation and unit of analysis disag-
gregation in the analysis of both the Algerian data and the Moroccan data. More
specifically, there is a composite measure of attitudes toward political Islam that has
been disaggregated, with its political and economic dimensions considered sepa-
rately; and the sex of respondents has also been disaggregated, with men and women
considered separately.

The findings in Table 4.5 are the same for both Algeria and Morocco, and they are
instructive findings that would have been missed had there been no disaggregation.
There is a statistically significant inverse relationship between a favorable attitude
toward democracy and a favorable attitude toward political Islam when the composite
measure of attitudes toward political Islam is employed and the full sample of
respondents is included in the analysis. The findings differ with disaggregation, how-
ever. It turns out that this significant inverse relationship only reflects the positive
attitudes held by women toward the economic and commercial dimensions of gover-
nance that might be guided by Islam.14 Had there been no disaggregation, the findings
reported would have at best been incomplete and, in fact, actually somewhat misleading.

4.2.4 Scope Conditions

Scope conditions refer to the subset of cases, defined in terms of their most relevant
attributes, to which a theory applies.

In positivist and empirical social science research, as discussed here, the goal of a
research project is very often a causal story, that is to say a set of confirmed causal
relationships and interrelationships. This is also frequently called a theory. Scope
conditions are the characteristics, or parameters, that specify and describe in terms of
concepts and variables the circumstances in which this theory is believed to apply.
These concepts and variables are the conditionalities.

Scope conditions may be specified by an investigator prior to data collection and
data analysis, in effect making them part of the causal story. In this case, the analysis
will subsequently offer evidence about the degree to which the researcher’s specifi-
cation is correct. Alternatively, scope conditions may not receive serious attention
until the research project’s findings have become clear. In this case, the investigator
will reflect on the attributes of the case or setting that has or has not lent support to

14Both attitudes toward democracy and personal religiosity have been measured by multi-item
indices that have not been disaggregated. Perhaps findings would have been different had one or
both of these composite measures been disaggregated.
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her causal story and designate the case or setting attributes that she believes
constitute appropriate scope conditions.

In many and probably most studies, an investigator will give attention to scope
conditions both before the study has been conducted and after its findings are clear.
Initially, her selection of the case or cases to be studied will almost certainly be based
on her ideas about the conditions under which her hypotheses will have explanatory
power. Subsequently, her findings will provide evidence about the accuracy of these
ideas and a basis for thinking further about scope conditions. It is possible that some
conditionalities will have been clarified and confirmed, that some will have been
shown to be incorrect, and/or that some may be instructive but will need to be revised
and refined.

Attention to scope conditions reflects the cumulative character of scientific
research, including social scientific research. It recognizes that the work of an
individual researcher or research project has increased value to the extent it
contributes to the work of a community of investigators seeking to answer the
same or very similar questions. This might not be the case if the objective of an
investigation is to provide only thick description of a particular place and time. In
fact, however, researchers usually aspire to identify generalizable insights, that is to
say causal stories that have explanatory power in cases beyond those studied by any
one investigator. To do this, except in the very unlikely event that the focus is on the
rare causal stories that are believed to be universal and to apply in all times and
places, the path toward cumulativeness lies with scope conditions. It is to say more
than that the causal story sometimes applies and sometimes does not apply. It is to
say, or to contribute to the research community’s ability to say, that the causal story
is disproportionately likely to apply in cases or settings that are characterized by
specific attributes.

Cumulativeness also signifies that the identification of scope conditions is an
ongoing process. Individual researchers or research teams undertake to reduce
uncertainty and add to what is known about the conditionalities attached to a
given explanation of variance—to a given causal story or theory. An investigator
recognizes that she cannot offer definitive insights about these conditionalities. She
also recognizes, however, that she can and should add to the insights about
conditionalities that have been, are being, and will be added by other investigators.
And so the contribution of her research, if successful, is not only a causal story that
meaningfully accounts for variance, but also a delineation of the most relevant
attributes of the case or setting for which she has found this causal story to have a
high probability of being true.

A good example of attention to scope conditions comes from an individual-level
study of the relationship between observing and participating in elections, the
independent variable, and attitudes toward democracy, the dependent variable.
Students of democratization argue that elections in non-democracies, particularly
elections that are at least somewhat competitive, expose ordinary citizens to demo-
cratic principles and procedures and that the experience of electoral participation
increases the likelihood that an individual will have a positive view of democracy.
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This is significant since public support for democracy appears to be necessary for a
sustained and consolidated democratic transition.

A study in Algeria examined a modified version of this proposition,
hypothesizing that the impact of electoral participation on attitudes toward democ-
racy depends on whether the elections are, or are perceived to be, free and fair.
Analyzing data from surveys both before and after a presidential election, the study
found that the country’s electoral experience decreased support for democracy
among those Algerians who believed that the election was not free and fair.
Accordingly, the take-away, at least in its basic formulation, is that if ordinary
citizens observe and experience an important election that they judge to be fraudu-
lent and unfair, their support for democracy as a desirable political system will then
diminish significantly.15

Turning then to scope conditions, reflection is invited on the attributes of the
cases or settings to which this analytical insight has been found to apply. In this
instance, Algeria is the case to which a causal story about effect of elections on
attitudes toward democracy has been found to apply. But “Algeria” is not a con-
ditionality. It is rather the relevant attributes of the Algerian case that constitute
conditionalities, and their specification is frequently described as replacing proper
names with variable names.

So, what are the names of variables that might replace the name “Algeria” in order
to specify the conditions under which what was found in Algeria might be found
elsewhere? Among the likely scope conditions that specify the applicability of the
Algeria study’s findings are that they apply when the country is not democratic and is
not actively engaged in a robust democratic transition, when the elections are at the
national level and perhaps also are presidential, when the election is competitive to
the extent that there are multiple candidates and/or political parties competing for
votes, and when there are both candidates and parties aligned with the government
and candidates and parties that are not aligned with the government.

Additional research, by others and perhaps also by the researchers themselves,
will be necessary to determine whether these proposed scope conditions actually do
specify when what was found in Algeria will be found elsewhere. Additional
research on the relationship between elections and attitudes toward democracy will
also be necessary to determine whether these are only some of the conditions under
which the findings from Algeria apply, and whether all or only some of these
particular scope conditions are necessary. That these determinations about scope
conditions require additional research reflects the cumulative character of the pro-
duction of knowledge in social science research.

Another opportunity to think about scope conditions is provided by a study in
Tunisia, Algeria, and Morocco that tests hypotheses about the determinants of

15Michael Robbins and Mark Tessler. 2012. “The Effect of Elections on Public Opinion toward
Democracy: Evidence from Longitudinal Survey Research in Algeria.” Comparative Political
Studies 45 (October): 1255–76. The study analyzed data from both the World Values Survey and
the Arab Barometer.
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variance in attitudes toward political Islam.16 One of the several hypotheses that
were tested is shown below, and the results of an OLS regression analysis are
presented in Table 4.6. The hypothesis was tested at two points in time, 2013 and
2016.

H1. Individuals with lower levels of economic satisfaction are more likely than are
individuals with higher levels of economic satisfaction to favor a political formula
that gives Islam an important role.

The findings in Table 4.6 pertaining to H1 are straightforward. The hypothesis
posited that higher levels of economic dissatisfaction push toward support for
political Islam, and this was confirmed only in Morocco, and in Morocco for both
2013 and 2016. More research on the individual-level relationship between eco-
nomic circumstance and attitudes toward political Islam will be needed before
conclusions about scope conditions can be drawn with any degree of confidence.
But the findings presented in Table 4.6 do contribute to this ongoing and cumulative
enterprise. First, more often than not, economic circumstances do not have an impact
on attitudes toward political Islam, and so it appears that H1 does not posit a
relationship that is broadly applicable.

Second, in certain circumstances, that is to say under particular conditions, the
relationship proposed in H1 does apply. And in the case being considered, the scope
conditions are likely to be political and economic attributes of Morocco that are at
least somewhat stable over time.

The place of Islamist parties and movements in Morocco points to what may be a
conditionality. Extremist and anti-regime Islamist movements have been
marginalized in Morocco. But the most important Islamist movement, the Party of
Justice and Development, not only operates in the mainstream of Moroccan political
life, it has in fact been victorious in elections and has led the government during the
2010s. Accordingly, a political situation that gives an Islamist party considerable
influence may be an important conditionality.

Economic circumstances may also be a relevant conditionality. Given that
Morocco is one of the poorest Arab countries, a likely scope condition is also that a
significant proportion of a country’s population is living in poverty. Both of these
conditionalities, attributes that characterized Morocco but not Tunisia or Algeria at
the time of the research, are discussed in the publication from which this example is
taken. What distinguishes Morocco and may constitute scope conditions favorable to
the existence of the hypothesized causal relationship probably lies in “the interaction
between Morocco’s overall relative and absolute poverty and its experience with the
Justice and Development Party.”

16Mark Tessler, 2019. “Do Political and Economic Grievances Foster Support for Political Islam in
the Post-Arab Spring Maghreb?” In Stephen King and Abdeslam Maghraoui (eds.). The Maghreb
after the Arab Spring: The Lure of Authoritarian Stability. Bloomington, Indiana: Indiana Univer-
sity Press.
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Exercise 4.5. Thinking about scope conditions in the Maghreb
Table 4.2 presents the results of an innovative study in Morocco and Algeria
that tested hypotheses about determinants of variance in the constituent service
work of parliamentary deputies. It found that female deputies are more likely
to serve female and less influential constituents than are male deputies, and
that quota-elected female deputies are more likely to serve female and less
influential constituents than are non-quota-elected female deputies. But it
found these relationships only in Morocco. These or very similar patterns
were not found in Algeria.

• What might be scope conditions in this case? Offer your thoughts about the
conditionalities that determine when this finding is disproportionately
likely to be found elsewhere.

The relationships shown in Table 4.5 offer another opportunity to think about
scope conditions. The study is based on surveys in Algeria and Morocco, and
attitude toward democracy is the dependent variable. Attitude toward political
Islam is the independent variable. Interestingly and quite significantly, in both
countries, attitudes toward one and only one of the two dimensions of political
Islam were found to have explanatory power, and this was found to be the case
only for women. This is a somewhat particular and unusual finding, reflecting
both unit of analysis disaggregation and measurement disaggregation. To
identify scope conditions, an investigator must consider whether there are
attributes of both Algeria and Morocco, or of the situation of the two countries
with respect to political Islam and to women, that may specify the conditions
under which the same or very similar variable relationships will be found
elsewhere.

• What might be scope conditions in this case? Offer your thoughts about the
conditionalities that determine when this particular and somewhat unusual
finding is disproportionately likely to be found elsewhere.

Table 4.5 also shows that personal religiosity has explanatory power among
women but not men in Algeria and does not have explanatory power among
either sex in Morocco. For women in Algeria, greater personal religiosity
pushes toward unfavorable attitudes toward democracy.

• What might be scope conditions in this case? Offer your thoughts about the
conditionalities that determine when this finding is disproportionately
likely to be found elsewhere.
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4.2.5 Experiments

Although controlling for potentially confounding variables helps to establish that a
relationship is not spurious, there are often variables that a researcher cannot control
due to measurement limitations or the absence of relevant data. In addition, there
may be variables that could produce a spurious relationship that an investigator did
not think to include in the causal story she proposes to test and, therefore, are not
included as control variables in her hypothesis-testing analyses.

Experiments offer an alternative approach to controlling sources of extraneous
variance and, thereby, reducing the chance of making a Type I error or a Type II
error. Experiments also significantly strengthen the basis not only for concluding
that an observed variable relationship very likely represents accurately the popula-
tion of cases of which it is a subset, but also for establishing that the relationship is
very likely to be causal. Accordingly, when appropriate given the hypothesis and
causal story to be evaluated, experiments offer a powerful methodology for
generating and analyzing data.

Experiments have traditionally been used more frequently in some social science
disciplines than others. They have been conducted most frequently in psychology
and educational psychology. Although not entirely absent, experimental research
designs have been less common in political science and, to some extent, sociology.
In recent years, however, the conduct of experiments has become much more
common in the latter disciplines, and it has also become common to include an
experiment as one element of a multi-method research design. Thus, although a
thorough discussion of experiments in social science research is beyond the scope of
this guide to social science research, political scientists and researchers in other
social science disciplines should be familiar with at least the basic elements of
experiments. A short overview of these elements, along with a few examples, is
presented here for this purpose.

The basic structure of an experiment is simple and straightforward. To begin, an
investigator randomly assigns the units of analysis on which she has data and that
she plans to use in the experiment to two or more groups. One group will be
designated the control group and it will not be subject to the treatment, or treatments,
associated with the experiment. A second group will be exposed to the experimental
treatment, and if the experiment involves more than one treatment, there will be
more than one treatment group. After this group(s) has received the treatment, the
researcher can easily compare the measures of the dependent variable in the control
group and the treatment group(s) in order to measure the effect of the treatment.

Survey Experiments An example of a survey experiment is provided by a study
pertaining to attitudes toward the Islamic State (Daesh) that was embedded in the
2016 Wave 4 Arab Barometer surveys. With attitudes about Daesh the dependent
variables, the purpose of the experiment was to determine whether receiving differ-
ent kinds of information about the goals and tactics of the Islamic State affected the
attitudes toward the terrorist group held by ordinary citizens in the Arab world. In
this experiment, as shown in Table 4.7, there were four treatments. One treatment
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called attention to the group’s claim to be establishing a caliphate and its use of
violence against both non-Muslims and Muslims in pursuit of this objective. Each of
the three remaining treatment groups received the same information about the
pursuit of a caliphate and the use of violence, and then received additional informa-
tion about one of the goals that was espoused by the Islamic State and emphasized in
the group’s social media messaging.

As noted, it is essential that group assignments be random. This assures that the
groups, five in this example, are comparable with respect to anything other than the
treatments that might affect the attitudes of the respondents. To measure their
attitudes, respondents were asked to indicate their agreement or disagreement with
a number of statements, three of which are listed below. These statements were
presented to respondents after the experimental treatments had been introduced, and
the influence of the information provided by each treatment was measured by
comparing the responses of individuals in each treatment group to the responses of
individuals in the control group. As long as assignments to the control group and the
four treatment groups are random, the groups are almost certainly comparable with
respect to other possible determinants of attitudes. And with other possible
determinants thus held constant, control group-treatment group attitudinal

Table 4.7 Control group and treatment groups in an Arab Barometer Wave 4 experiment on the
influence of information about the Islamic State (Daesh) on attitudes toward the terrorist group

Control group:
No added text

Treatment A:
As you may know, Daesh has emerged as a potent force in the region and the world. In 2014, it
declared a caliphate based in Raqqa, Syria. Daesh’s goal is to extend the caliphate across the
Muslim world. It has killed many Muslims and non-Muslims in pursuit of this aim.

Treatment B:
As you may know, Daesh has emerged as a potent force in the region and the world. In 2014, it
declared a caliphate based in Raqqa, Syria. Daesh’s goal is to extend the caliphate across the
Muslim world. It has killed many Muslims and non-Muslims in pursuit of this aim. Another of
Daesh’s stated objectives is to limit Shia influence across the Muslim world as well as opposing
Iranian-led Shia forces in Syria, Iraq, Yemen, and elsewhere.

Treatment C:
As you may know, Daesh has emerged as a potent force in the region and the world. In 2014, it
declared a caliphate based in Raqqa, Syria. Daesh’s goal is to extend the caliphate across the
Muslim world. It has killed many Muslims and non-Muslims in pursuit of this aim. Another of
Daesh’s stated objectives is to defend Islam from attacks by secular leaders and other elites whose
goal is to limit the role of Islam in government and public life.

Treatment D:
As you may know, Daesh has emerged as a potent force in the region and the world. In 2014, it
declared a caliphate based in Raqqa, Syria. Daesh’s goal is to extend the caliphate across the
Muslim world. It has killed many Muslims and non-Muslims in pursuit of this aim. Another of
Daesh’s stated objectives is to counter intervention in the region by the United States and other
Western powers who have engaged in military attacks against it.
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differences can be attributed to the explanatory power of the treatment, rather than to
any confounding variable, with a low likelihood of error.

• To what extent do you agree with the goals of the Islamic State? (3.1 percent of
the individuals in the control group agree or somewhat agree)

• To what extent do you agree with the Islamic State’s use of violence? (2.9 percent
of the individuals in the control group agree or somewhat agree)

• To what extent do you agree that the Islamic State’s tactics are compatible with
the teachings of Islam? (5.3 percent of the individuals in the control group agree
or somewhat agree)

A fuller account of this experiment is beyond the purview of the present discus-
sion.17 A few points may nonetheless be briefly noted. First, the proportion of
respondents expressing even somewhat positive attitudes toward the Islamic State
is very low. The percent agreeing to a large extent or to some extent is given in the
parentheses after each statement. Second, the impact of the experimental treatments
sometimes does but sometimes does not push the percentage of individuals with
positive attitudes even lower, and the impact of some treatments varies from country
to country.
Finally, some of the most instructive findings emerge when control group and
treatment group comparisons are made for subsets of respondents, rather than for
all respondents. This involves disaggregation, as discussed earlier in this chapter.
Figure 4.8 offers an example and further illustrates the use and utility of experiments.
It considers the attitudes of younger and less well educated men, a prime target of
Islamic State recruitment efforts, and it shows that the proportion of individuals with
positive attitudes toward the goals of the Islamic State is somewhat higher among
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Fig. 4.8 Support for Daesh’s goals by treatment among younger less educated men

17Mark Tessler, Michael Robbins and Amaney Jamal. 2021. “Mapping and Explaining Arab
Attitudes Toward the Islamic State: Findings from an Arab Barometer Survey and Embedded
Experiment. In Melani Cammett and Pauline Jones (eds.). The Oxford Handbook of Politics in
Muslim Societies. New York: Oxford University Press.
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those in the control group but significantly lower among those in each of the
treatment groups. It is also lower in some treatment groups than in others.

Another interesting example of an experiment embedded in a survey addressed
determinants of attitudes toward gender equality. The survey was conducted in
Egypt in 2013, and the dependent variable was the views of ordinary citizens toward
women’s roles in public and political life.18 The specific question to be answered by
the experiment was whether support for female political leadership would increase
among individuals, Egyptians in this case, if they were exposed to arguments in
favor of women’s political equality that were grounded in the Qur’ān, Islam’s holiest
text. The authors write in this study that they draw on recent scholarship on religion
and politics, including work by some who describe themselves as “Islamic
feminists,” to hypothesize that such exposure would increase support for women’s
political equality.

There were two treatment groups and a control group in the experiment. One of
the treatment groups gave respondents a statement in support of gender equality
based on Islamic sources. The other treatment group gave respondents a statement in
support of gender equality based on scientific research. Both statements are shown
below.

Treatment 1. Some say that there is no problem if a woman assumes a position of
authority, such as the presidency of the republic or the prime ministership. And
they rely on a verse from Sūrat al-Tawba (Chapter of Atonement) in the Holy
Qur’ān that says, “Believing men and believing women are protectors of one
another.” And they interpret it to mean that God does not distinguish between
men and women in their capabilities.

Treatment 2. Some say that there is no problem if a woman assumes a position of
authority, such as the presidency of the republic or the prime ministership. And
they rely on the results of numerous scientific studies. For example, in 2010, a
group of leading scholars completed a study that showed that women and men
have the same leadership capabilities.

Following the treatments, the survey continued and respondents were asked to
respond to the item shown below. To test their hypothesis about the impact of
religious discourse on attitudes toward political leadership by women, the authors
compared the post-treatment attitudes of respondents who received Treatment 1 to
the attitudes of respondents in the control group. The post-treatment attitudes of
respondents who received Treatment 2 were similarly compared to the attitudes of
respondents in the control group. The difference between each treatment group and
the control group were then compared to see not only whether the religious treatment
made a difference but also whether it made more of a difference than the
non-religious treatment.

18Tarek Masoud, Amaney Jamal, Elizabeth Nugent. 2016. “Using the Qur’an to Empower Women:
Theory and Experimental Evidence for Egypt.” Comparative Political Studies 49 (12): 1555–1598.
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Between the following two opinions, which one is closer to your personal opinion?

(a) It is not good for a woman to assume a position of authority, such as the
presidency of the republic or the prime ministership, or

(b) There is no problem if a woman assumes a position of authority, such as the
presidency of the republic or the prime ministership.

The findings of the experiment supported the authors’ hypothesis that religious
discourse can be used to make inroads against conservative attitudes. Among
respondents in the control group, 32.6 percent chose the statement that there is no
problem if a woman assumes a position of authority. Among respondents in the
treatment group receiving a statement in support of female political leadership based
on scientific research, 34.3 percent agreed that there is no problem if a woman
assumes a position of authority. This is only slightly higher than the percentage of
respondents in the control group who took this position, a difference that is not
statistically significant. By contrast, this position was taken by 40.5 percent of the
respondents in the treatment group given a religious basis for gender equality. Both
the difference between this treatment group and the control group and the difference
between this group and the other treatment group were statistically significant, the
former at the .01 level and the latter at the .05 level of confidence.

Conjoint Experiments The two experiments described above illustrate what are
sometimes called “discrete” experiments or “unidimensional” experiments. This
refers to the fact that questions measuring the dependent variable are asked and
answered one at a time. Participants are not asked to consider the interaction between
the subjects about which different questions ask.

In conjoint experiments, sometimes described as “multi-dimensional”
experiments, participants are asked to respond to questions that propose a number
of alternatives based on two or more variables taken in combination. This allows the
investigator to assess the impact of experimental treatments on concepts that are
complex and multidimensional.

An example of a conjoint experiment is provided by a study in Tunisia of the way
that voters evaluate candidates running for office based on their gender and their
religiosity taken together.19 Respondents in a nationally representative survey
conducted in 2012 were randomly assigned to one of two treatment groups. Both
groups were shown two pictures of possible candidates for office and asked to
indicate for each whether they definitely would, probably would, probably would
not, or definitely would not vote for the person in the picture. In one treatment group,
respondents were shown pictures of a secular man and a secular woman. In a second
treatment group, respondents were shown pictures of a religious man and a religious

19Lindsay Benstead, Amaney Jamal, and Ellen Lust. 2015. “Is It Gender, Religiosity or Both? A
Role Congruity Theory of Candidate Electability in Transitional Tunisia.” Perspectives of Politics
13 (March): 74–94.
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woman, with dress and appearance indicating religiosity. In both cases, the
researchers were very careful to make the pictures clear and believable and otherwise
comparable.

Examining support for men and women with religiosity taken into consideration,
the authors found different patterns in the two treatment groups. In the second
treatment group, those who gave a high score to the religious male candidate gave
an even higher score to the religious female candidate. In the treatment group with
secular candidates, those who gave a high score to the secular male candidate did not
give a higher score, and sometimes gave a lower score, to the female secular
candidate. The larger theoretical goal of the study was, first, to identify demographic
and ideological factors that account for variance across the four candidate preference
types; and second, to use the profile of supporters of each candidate type to assess the
relevance and explanatory power of three theoretical frameworks: modernization
theory, role contiguity theory, and social identity theory.

Natural Experiments and Matching Natural experiments are very similar in design
to other experiments in that they rely on randomization to ensure that treatment and
control groups are comparable. The main difference is that in natural experiments,
the randomization of the treatment occurs “naturally” in the world, instead of being
done by the researcher herself. Matching may be used in instances where assignment
to the control and treatment groups is not based on randomization.

Suppose, for example, that the Ministry of Education in your country has been
planning to develop a new set of high school textbooks that present a new interpre-
tation of important events in your country’s history. However, the ministry does not
have enough copies of the new textbooks for all of the schools in the country, and so
it decides for this reason to select a subset of high schools to receive and use the new
textbooks. This creates the foundation for a natural experiment. Schools in which the
old textbook continues to be used constitute, in effect, the control group of an
experiment, and schools using the new textbook constitute, in effect, an experimen-
tal treatment group. An investigator could use this opportunity to conduct a natural
experiment by surveying students in schools that did and in schools that did not
receive the new textbooks, and she could then compare the students in the two
groups to see whether and how using the new textbooks affected the knowledge,
attitudes, and/or behavior of the students.

In this example, the way that the ministry selected the schools that received the
new textbooks would have important implications for the experiment. In order to
draw conclusions about whether and how the new textbooks affect student knowl-
edge, attitudes, and behavior, the control group and the treatment group must be
comparable. In other words, factors other than the textbook used must be held
constant and thus be deprived of any possible explanatory power. If use of the
new textbooks is the only difference between the control and treatment schools, any
difference in the knowledge, attitudes, or behavior, which are the dependent
variables, cannot be attributed to any confounding variable.

Randomization in assigning schools to either the old textbook control group or
the new textbook treatment group is the best way to create groups that are compara-
ble apart from the treatment. As in other types of experiments, randomization in
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group assignment should be used whenever possible. But randomization is not
always possible, especially in natural experiments since group assignments are
made in a way and for reasons having nothing to do with an experiment. In this
case, it may be possible to use matching to establish comparability between the
control group and the treatment group or groups.

Matching uses observational data where the treatment and control groups are not
randomly assigned. Based on observable pre-treatment covariates, meaning
variables that need to be held constant, each unit of analysis in the treatment group
is paired (matched) with a very similar unit of analysis in the control group. These
matched pairs are then used to assess the explanatory power of the experimental
treatment. Units of analysis that cannot be matched are not included in the analysis.
Matching does not provide the same degree of comparability as randomization.
Nevertheless, the degree to which matching makes the treatment and control groups
very similar, and similar especially with respect to variables that may be sources of
extraneous variance, will increase the researcher’s confidence in her findings about
the impact of the treatment.

An interesting and potentially important finding comes from a natural experiment
in the Israeli-occupied West Bank.20 Matching was used to establish the treatment
group and the control group in this experiment. The groups were two West Bank
Palestinian villages that had many similar characteristics and thus matched one
another and were broadly comparable.

Among the elements of the occupation that are particularly problematic and
oppressive for West Bank Palestinians are the checkpoints through which they
must pass when traveling in many areas. Although it is not always the case,
Palestinians may be interrogated, searched, or otherwise detained at checkpoints,
sometimes for a long time. It is not surprising that checkpoints contribute to anti-
Israel attitudes among Palestinians.

In 2009, Israel decided to remove a checkpoint that monitored traffic on an
important highway and through which travelers into and out of a large Palestinian
village were obliged to pass. To make this the basis for a natural experiment, with
removal of the checkpoint as the treatment, the research team identified another
village with very similar characteristics that could serve as a control group. The
second village was affected by a checkpoint that was not being removed, which
qualified its residents as a control group. The research team then interviewed a
representative sample of Palestinian residents in each village several months before
the checkpoint was removed and then again several months after it had been
removed. The survey questions asked about various aspects of the Israeli-Palestinian
conflict in general and about the degree of militancy of respondent attitudes in
particular.

20Matthew Longo, Dafna Canetti, and Nancy Hite-Rubin. 2014. “ACheckpoint Effect? Experiment
on Travel Restrictions in the West Bank.” American Journal of Political Science 58 (October):
1006–1023.
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The data were analyzed using a “difference in differences” model, often called
simply dif-in-dif or DID. The dif-in-dif analysis involved measuring the difference
in treatment village attitudes before and after removal of the checkpoint, measuring
also the difference in control village attitudes before and after removal of the
checkpoint in the other village, and then comparing these two measures of differ-
ence. To the extent that the two villages are broadly comparable, and to the extent
that attitudes changed significantly more among residents of the treatment village
than among residents of the control village, the researchers were able to conclude
that the presence or absence of a checkpoint is a significant determinant of variance
in the attitudes of West Bank Palestinians toward the conflict with Israel.

More specifically, the attitudes about the Israeli-Palestinian conflict of the treat-
ment village residents were less militant and hostile in the post-treatment survey than
they had been in the pre-treatment survey. Among control village residents, by
contrast, attitudes toward the conflict were actually more militant and hostile in the
post-treatment survey than they had been in the pre-treatment survey. Among the
study’s conclusions: Checkpoints have a significant effect on West Bank Palestinian
attitudes toward their conflict with Israel, and the nature of this effect involves
making Palestinians more militant and hostile in their views about the conflict.

* * *
This chapter has discussed many different types and goals of multivariate analy-

sis, and it has provided a diverse array of examples for purposes of illustration. The
discussion in the section on “Causal Inference” is primarily concerned with the
requirements for establishing that a bivariate relationship very probably involves
causality. Identifying relationships that are causal, that have explanatory power, in
other words, is a central preoccupation in social science research. This is not the goal
of all social science research. Some studies simply seek to better understand variance
and are primarily descriptive; they seek to provide information and insight about
what the variance looks like or how it is distributed, not why a variable behaves as it
does or with what consequences. And variance itself is not the preoccupation of all
social science research.

Nevertheless, formulating and testing theories and hypotheses that purport to
account for variance, that seek to discover determinants, that seek to explain, remain
one of the most widespread and important dimensions of positivist social science.
Multivariate analysis is required to determine whether a variable relationship is
indeed causal, or very likely to be, and to inspire confidence in an investigator’s
claim that her findings demonstrate causality. The concepts and procedures
discussed in the section of this chapter on “Causal Inference” are the elements of a
research design to which an investigator must be attentive in order to build a case for
causal inference.

The section on “Third Variable Possibilities” discusses some of the important
ways that multivariate analysis, meaning the addition of one or more “third”
variables, can enrich the sophistication and shed light on the applicability of a causal
story. A distinction between direct and indirect relationships, the concept of disag-
gregation, and attention to scope conditions all contribute to these important goals.
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This does not exhaust the list of ways that the inclusion of one or more additional or
“third” variables can contribute to the refinement of a causal story or to increased
understanding of the conditions that specify when the causal story probably does and
probably does not have explanatory power. Again, however, the topics covered
in the section on “Third Variable Possibilities” are widely used in social science
research and constitute powerful methodologies with the potential to significantly
enhance the value of any research project.

Numerous real-world examples of social science research projects carried out in
the Arab world have been provided to illustrate these points about causal inference
and the addition of “third” variables. Interested readers, or perhaps students reading
this guide in a classroom setting, might find it useful to consult and discuss some of
the original publications that have been cited in this chapter. Or, such readers might
find it profitable to seek out and review additional examples of relevant research
reports, especially those designed and conducted by Arab social scientists. More
examples of research projects designed and carried out by Arab social scientists will
contribute to a fuller understanding of the application in Arab environments of the
concepts and procedures discussed in this and other chapters.

Open Access This chapter is licensed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons license and
indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's Creative
Commons license, unless indicated otherwise in a credit line to the material. If material is not
included in the chapter's Creative Commons license and your intended use is not permitted by
statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder.
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