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As mentioned, here are some clarifying points from today’s lecture.

1. Correlation does not imply causality

A Counter-example:

I gave an example – actually, a counter-example – in class, which I will describe below.

Before that, formally speaking, how would one show that correlation does not imply causal-
ity? Well, if correlation did imply causality, then whenever we had an instance of correlation,
we would have to also have an instance of causality. (This is just what ‘implication’ implies.)
That being the case, another way of putting it would be: If we did not have causality, then
we could not have correlation.

That is the key: if we can show it is possible to have correlation without having causality,
then we must have shown there is a lack of implication.

That was our strategy in class. I constructed a simple example in which three features were
true:

1) air pollution (x) had no causal impact on bad health (y);

2) poverty (p) had a causal impact on bad health y;

3) air pollution and poverty were positively correlated (which means that, if we gathered
data on people’s poverty levels and the pollution they were exposed to and plotted them,
the data points would show an upward-sloping relation).
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Then, if we plotted the relationship (correlation) between air pollution, on the horizontal
axis, and bad health on the vertical axis, we would find that there was a positive correlation
between the two. Why? Because, as x increased, so it would be associated with higher p,
and that would cause increased bad health (via feature 2) above). Intuitively, even though
(by assumption) air pollution had no causal impact, it would still ‘pick up’ the influence of
a variable (p) that did have a causal impact.

Thus, we would have an instance of there being a correlation between x and y without there
being a causal relation. And that proves the claim.

[Aside: ‘health’ warning: do note, of course, that the above is an artificial example. In
reality, air pollution does cause bad health. That is what Kuminoff’s very credible study,
and other very good ones, show. Let us not be confused about that!]

General case

Here is my general point: suppose you came upon a scatter plot between x and y and it was
positive, meaning there was a positive correlation between the two. This would not mean
that x (whatever it was) caused y.

OK, so why does this matter? Often – too often – one will see correlational evidence described
as though it is causal evidence. This can cause problems for public policy (for instance).
The policy maker increases x, and then is surprised to find that y didn’t go up. Why not?
Because x has no causal relationship with y, and so we should not expect it to.

‘Facts’

Ultimately, empiricists wish to learn – by looking, studying, measuring, carrying out empiri-
cal analyses – how the world works. This includes uncovering causal relationships or various
sorts.

No-one has a magic way of seeing causal relations. Rather, it takes a lot of care to uncover
them.

By taking such care, we can figure out things we did not know before: smoking causes cancer,
air pollution damages our lungs and minds, etc. Having established such facts, we can then
think how human activity might be adjusted in response, if indeed a response is optimal (for
example, the benefits of adjusting might not outweight the costs).
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2. Experiments

Ideally, an experiment could be implemented – as is standard in medical science – to learn
about causal relationships. For example, one could imagine conducting an experiment to
explore if there is a causal relationship between, say, air pollution and bad health.

An experiment is a powerful way of estimating the causal impact of one variable (x) on an
outcome (y). Why does it work? The randomization of the amount of x across subjects
means that the researcher does not need to worry about any confounding factors influencing
the relationship between x and y. In that sense, experiments can be very clean (from an
inference point of view).

In practice, experiments can raise ethical concerns, so other approaches are useful. This
leads us to

3. Quasi-experiments

In class, I went over a quasi-experimental approach, as presented in the Kuminoff paper.

In essence, this seeks to control for confounding factors directly, while using variation in air
pollution (x) due to a policy change to learn about the causal impact of x on y, as a means
of dealing with any further confounding factors.

The outstanding Kuminoff ‘air pollution causes dementia’ paper is, in a sense, cutting edge.
Never-the-less, I think everyone will be able to extract something useful from it, with suitable
guidance.

On that theme, please look at equation (1) in the Kuminoff study. Please also read the
bottom paragraph on page 16. This provides some nice intuition regarding the comparisons
involved in the approach.

Questions:

1. Suppose I find that people in neighborhoods where air pollution is high have damaged
lungs. Does that evidence imply the air pollution causes bad health? Please explain.

2. Please look at Figure 1 in the Kumnioff study. Then consider the following:

a) Suppose that poverty levels are higher in states that have more air pollution. Would
that ‘fact’ lead the slope of the line in Figure 1 to be steeper or flatter than the ‘true’ line,
reflecting the underlying causal impact of air pollution on bad health?

b) Now suppose that hospital expenditures are higher in states that have more air pollution
(perhaps because the pollution is associated with industries that create higher incomes and
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generate more tax revenues). Would that lead the slope of the line in Figure 1 to be steeper
or flatter than the ‘true’ line, reflecting the underlying causal impact of air pollution on bad
health?
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