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In most of economics we are interested in causal relations between variables, rather than
mere correlations. For example, it is not the correlation between earnings and education
that is of interest, but the effect of increasing someone’s education by one year on that same
person’s earnings. In this five lecture course we study methods for estimating and identifying
such causal effects. We discuss theoretical and practical issues arising in causal inference
as well as applications in the economics literature where these or other methods have been

employed.

1. Lecture I: Introduction and Randomized Experiments

In the first lecture I will introduce some general notation for causal modelling, based
on potential outcomes, some of which are ex post observed and some of which are not.
Comparisons of these potential outcomes give us the causal effects we are interested
in.

In the second part of the first lecture we look at the analysis of various types of
randomized experiments. Although it is rare that we have randomized experiments in
economics, understanding how to analyze randomized experiments is an important step
towards understanding the analysis of data from observational studies. Most methods
for analyzing data from observational studies involve rearranging the data in a way
that techniques appropriate for analyzing randomized experiments are appropriate.
We shall look at Fisher’s tests, Neyman’s repeated sampling inference and more model

based methods. We shall look at the role of covariates, and look at some applications.
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2. Lecture II: Observational Studies with Unconfounded Treatment Assignment

In the second lecture we look at observational studies where assignment does not
depend on the potential outcomes conditional on observed covariates. This assumption
is known as unconfoundedness or selection on observables. We look at inference first
with a single covariate, using matching, subclassification or blocking, weighting, and
regression adjustment, as well as the relationships between all four methods. Then
we study the case with multiple covariates and show how the propensity score, the
conditional probability of receiving the treatment of interest, can be used to reduce
the dimension of the problem. We also discuss how to estimate the propensity score

as well as a number of applications.
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3. Lecture III: Deviations from Unconfoundedness, Sensitivity Analyses and Bounds

Next we discuss how we can assess the validity of the unconfoundedness assumption

and assess the sensitivity of the results to violations of the assumptions. An extreme

version of this sensitivity analysis is the bounds approach.
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4. Lecture IV: Deviations from Unconfoundedness: Instrumental Variables

In the fourth lecture we discuss models where selection is not solely on observables. We

look at instrumental variables techniques as a possible alternative set of assumptions

and present some general results and applications and the relation to standard selection

models.

(a)

ANGRIST, J., G. W. IMBENS AND D. RUBIN, (1996), ”Identification of Causal
Effects Using Instrumental Variables”, (with discussion) Journal of the American

Statistical Association, Vol. 91. No. 434, 444-472.

ANGRIST, J., (1990), ”Lifetime Earnings and the Vietnam Era Draft Lottery:
Evidence from Social Security Administrative Records,” American Economic Re-

view, Vol. 80, 313-335.

IMBENS, G., AND D. RUBIN, (1998), “Bayesian Inference for Causal Effects in

Randomized Experiments with Noncompliance”, Annals of Statistics, Vol. 25,

No. 1, 305-327.

VyTLACIL, E.; (1999), “Nonparametric Selection Models and the Evaluation
of Treatment Parameters”, unpublished manuscript, Department of Economics,

University of Chicago.

Lecture V: Multivalued Treatments: Counfounded and Unconfounded Assignment

In the fifth lecture we discuss extensions of the methods discussed so far to the case

where the treatment takes on more than two values. We look both at methods for

unconfounded assignment and at instrumental variables models.
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