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Objectives For Today’s Session

* Modern econometrics is more about finding causal relations

* What does it mean that there is a causal relationship?
* Linear regression: More a tool than the final objective

 Example: Carbon pricing mitigation strategies



Carbon pricing?

* What is carbon pricing?

Carbon pricing is a policy mechanism that puts a direct monetary cost on
greenhouse gas emissions, making polluters pay for the climate damage
their emissions cause.

* What are the two main pricing policies for addressing climate
change”?
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Carbon Pricing
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Is carbon pricing working?

* Who can we answer that question?

Set of countries that
have some form of
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* Who can we answer that question?
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Definitions

Causal Inference: The use of statistical tools for identifying,
estimating and making inference about the existence and size of

causal relations.

* The fundamental problem of causalinference is thatitis impossible to
observe the same unitin two different states of the world at the same

time.
* We will define the Individual Treatment Effect as
7; = Y;(1) = Y;(0)
* We will define the Average Treatment Effect as the expected value of the
Individual Treatment Effects
Elr;] = E[Y;(1) — Y;(0)]
e Other terms: Outcome Variable, Treatment, Potential Outcome,
Rubin’s causal model




What is the ideal setting to identify causality?

* The key difficulty comes from choosing the implement the policy
* Choose Vs Chance

 Experiments is the ideal setting: Random assignation
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* In this case, we can easily derive the effect by comparing the average for those
implementing carbon policy with those that don’t
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Acyclical graphs

Randomness
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Acyclical graphs

Selection on unobservables
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Differences in Differences

Differences-in-Differences (DiD) is one of the most used alternatives when
experiments will be impossible to implement or they are too costly
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Differences in Differences

Differences-in-Differences (DiD) is one of the most used alternatives when
experiments will be impossible to implement or they are too costly
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The joint impact of the European Union
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Show more v

e Reduction in carbon emissions in the order of -10%
between 2005 and 2012

5 * Nosignificantimpact on profits and employment




How generalizable are these results?
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