
On the Quest for Causality

David A. Hughes, Ph.D.

Associate Professor
Auburn University at Montgomery

david.hughes@aum.edu



Objectives for today

By the end of this section, students should be able to explain the
following:

How to pose a research question and subject it to the
scientific method,

The conditions for establishing causal relationships and what
threatens valid inferences,

How scientists apply experimental and observational research
designs to the study of phenomena, and

How social scientists understand variable associations using
the core linear model.



How do we know what we know?

The world is full of puzzles that cry out for causal solutions.

Human beings are really good at spotting phenomena,
noticing trends and associations.

We then develop theories and hypotheses to help us to
unravel them.

As fallible creatures, however, we’re prone to fall for the
occasional spurious association.



Example: Why do the Earth’s continents look like a giant
jigsaw puzzle?



The scientific method

1 Observe a puzzle or phenomenon, and pose a research
question.

2 Apply some theory and state hypotheses or conjectures.

3 Test hypotheses with observable data.

4 Reflect on theory/hypotheses in light of data.

5 Rinse, wash, and repeat.



Theory

A scientific theory is a systematic set of explanations
regarding observable phenomena.

In the natural sciences, we have theories such as gravity,
evolution, the big bang, and so on.

In the social sciences, we have concepts like behavioralism,
institutionalism, sociobiology, etc.

Theories are repeatedly tested using the scientific method and
are discernible from laws or facts.

The record of our theoretical tests are contained in the
scientific literature.



Hypotheses

Hypotheses are distinct from theories in that they represent
specific tests of observable phenomena.

Generally, hypotheses consist of three elements: (1) A
dependent variable, (2) an independent variable, and (3) a
directional association between the former two.

When we specify hypotheses, we often differentiate between
null and alternative hypotheses.

Hypotheses posit causal associations between variables and
are said to be falsifiable.



Causal associations

We test our hypotheses to get a better sense of whether a
causal association exists.

Suppose we believe that variable A causes changes in variable
B. Put differently, we hypothesize that A→ B.

In order to determine that A causes B, three conditions must
be satisfied:

Appropriate Time-ordering (A precedes B)
Association (A varies with B)
Elimination of alternative associations (the association
between A and B is not spurious)

The last condition listed is by far the most difficult to
overcome.



Identifying causality

How do we go about minimizing the number of spurious
associations we’re led to believe in?

Ideally, we turn to the gold standard of scientific inquiry,
which is the randomized experiment.

That is, we use randomization to assign research subjects
either to treatment or control groups and then study the
differences between those groups.

The randomization process maximizes the probability that
any observable difference between treatment and control is
due to causation rather than chance.

In the social sciences, randomized experimentation, especially
with human subjects, is oftentimes infeasible or unethical.

When this occurs, we turn to observational research designs
to test our hypotheses.



An example from public administration

Suppose we want to understand what public policies lead
some high school students to perform at higher levels
compared to others.

Specifically, we hypothesize that greater spending per pupil
leads to greater academic achievement:

Ha: As government spending per pupil increases, students’
academic achievement will also increase.
H0: There is no association between government spending per
pupil and student academic achievement.

Before we can test our hypothesis, we need to operationalize
our concepts, spending and achievement, using an
appropriate unit of analysis.



Developing an observational research design

Clearly, we can’t use experimental research methods to
randomly assign money to school districts to determine
whether greater rates of funding lead to higher academic
achievement.

Thus, we’re left with observational methods of assessment.

Because funding is constant within school districts (and we
want variation), we choose as our unit of analysis a school
district.

Next, we operationalize funding as the amount each district
spends per student (in dollars), and we operationalize
academic achievement as the mean ACT score per district.

Finally, suppose that we take a simple random sample of 10
school districts across the state.



District funding and student ACT performance

What kind of association
do we see here?

How do we explain
deviant observations like
Montgomery or
Huntsville?

How might these outliers
inform our understanding
of student performance?
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The core linear model

Given some linear relationship like the one shown in the
previous slide, we use a simple, core model to characterize
the association between two variables:

Yi = β0 + β1Xi + εi . (1)

From Equation (1), we have:

Y : The dependent variable
X : The independent variable
β1: The slope coefficient, or the effect of X on Y
β0: The intercept (or constant)
ε: The error term
i ∈ {1, 2, . . . ,N}: A list of observations in the population, N

For every one-unit increase in X , there is a corresponding β1
effect on Y .



The core model and student achievement

We can take the general form of our core model in Equation
(1) and apply it to our research problem.

We have the dependent variable as student achievement and
an independent variable of government spending per pupil.
Thus:

ACTi = β0 + β1Fundingi + εi .

Based on the line in figure above, we find that β0 = 4.23, and
β1 = 0.01.

That is, for every additional dollar a district spends per pupil,
the mean district ACT score is predicted to increase by 0.01.

And for a hypothetical district that spends nothing per
student, the predicted mean ACT score of that district is 4.23.

Any deviations, like Montgomery, from this line are
unaccounted for and are therefore contained in the error term.



The core model and causal associations

So we see that funding is positively correlated with student
achievement.

Can we say that one therefore causes the other?

Not so fast! Correlation does not necessarily mean we have
causation.

We still could have a spurious, chance, or endogenous
relationship, which is not the same thing as causality.



Endogenous relationships

Endogeneity in a linear relationship can occur in a handful of
ways, and any form can be fatal to a supposedly causal
relationship.

Omitted variables: If the correlation between A and B is
actually attributable to some omitted variable, C , then the
relationship between A and B is spurious.

Evidence of this type of endogeneity arises when Xi is
correlated with εi .

For example, suppose a district’s funding is determined by the
community’s wealth. Then it could be that children’s family
income, which is not in the model above, is driving both ACT
scores and school funding.

Then there might be no relationship between funding and
achievement whatsoever.



Visualizing endogenous and exogenous relationships
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Endogenous relationships (cont’d.)

Another form of endogeneity can occur due to measurement
error in X .

Suppose there exists some concept, X ∗
i , whose effect on Yi we

want to assess:
Yi = β0 + β1X

∗
i + εi . (2)

But suppose we are unable to measure X ∗
i without error.

Instead, we observe Xi = X ∗
i + ui , where ui represents some

random error term.

Using substitution, we can therefore rewrite Equation (2) to
account for the measurement error:

Yi = β0 + β1(Xi − ui ) + εi (3)

So long as ui 6= 0, β1 will not reflect the effect of X ∗
i on Yi .



Endogenous relationships (cont’d.)

One last type type of endogeneity I’ll discuss is the problem of
reverse causality.

We might think that A→ B, but it could be the case that
A← B, or it could be that A 
 B.

For example, we might observe substance abuse and
depressive disorders among individuals.

It could be the case that substance abuse causes depression,
that depression causes substance abuse, or it could be that
the causal arrow flows in both directions.

Sussing out these issues can be extremely difficult for the
researcher.



Chance relationships

Suppose that we have identified a relationship between two
variables and that we have determined the relationship is
exogenous.

NOW can we say we have a causal relationship? Again, not so
fast.

We still must be on the lookout for random, or chance
relationships.

These occur for no systematic reason and arise purely due to
chance.

To combat this issue, we primarily rely upon sound research
design and theory.



Chance associations
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Conclusion

As researchers, we want to be in a position to make as sound
a causal inference as possible about some social phenomenon.

As such, it is critical that we understand not only the
scientific method but also the nature of causality.

While randomized experimentation remains the gold standard
of research designs, much of the social sciences rely upon
observational designs.

This class is designed to help you not only understand the
best practices of observational research but also to apply that
knowledge to your own studies of political science and public
administration.


