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Objectives

The aim of the course is to introduce students to the basics of causal inference. We will cover
theoretical concepts, review case studies, and hold two lab sessions. After an introduction and an
overview of the main empirical strategies, we will discuss the following topics:

¢ Instrumental variables

e Propensity score matching

o Difference-in-differences
The lab sessions will be conducted in R.

Program

Monday: Dalit Contini

Introduction to causal inference. The potential outcomes framework. Overview of the main
empirical strategies. Instrumental variable estimation.

hours: 10-13, 14-16

Tuesday: Bruno Arpino

Propensity score matching. The logic of balancing on observables. Estimation of the propensity
score, common support, and matching algorithms (nearest-neighbour, caliper, kernel). Assessing
balance and overlap, implementing treatment effect estimation, and discussing main assumptions
and limitations. Comparison and combination with regression models.

hours: 10-13

Wednesday: Margherita Silan

Lab on Propensity score matching. Theoretical insights into inverse probability of treatment
weighting, propensity score with machine learning, multiple treatments scenarios.

hours: 10-13, 14-16

Thursday: Cristian Usala
Difference-in-differences: theory and lab
hours: 10-13, 14-16

Requirements
Students are expected to have prior knowledge of regression analysis and basic familiarity with R.
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An applied practitioners’ guide
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https://openknowledge.worldbank.org/server/api/core/bitstreams/4659ef23-61ff-5df7-
9b4e-89fdal2b074d/content

Methodological papers
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An empirical study
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