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More has been learned about causal inference in
the last few decades than the sum total of every-
thing that had been learned about it in all prior
recorded history.
— Gary King, 2015.

description
The course provides an introduction to recent advances in causal inference. After
providing a formal definition of causal effects based on graphical causal models
and the potential outcome framework (“Rubin-Causal-Model”), we discuss the basic
logic of different research designs for causal inference and their underlying substan-
tive assumptions. The course concludes with an overview of causal mediation anal-
ysis, that is, the investigation of the mechanisms that produce a specific causal effect.
For each topic, theoretical lectures are supplemented by paper-and-pencil exercises
or practical computer applications using Stata.

The only necessary participation prerequisite to fully benefit from this workshop
is a solid understanding of basic statistics (distributions, probability, standard error,
confidence intervals etc.) and common regression techniques (OLS and binary out-
come regression).
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schedule
Thursday 14th of September 2017
10.00am − 11.30am Graphical causal models, counterfactuals, and covariate

adjustment
11.45am − 13.15pm Randomised controlled trials
2.30pm − 4.00pm Instrumental variables
4.15pm − 5.45pm Regression discontinuity designs

Friday 15th of September 2017
10.00am − 11.30am Multilevel and longitudinal designs
11.45am − 13.15pm Causal mediation analysis I
2.30pm − 4.00pm Causal mediation analysis II
4.15pm − 5.45pm Limitations and current frontiers, round-up

exercises
1. Graphical causal models, counterfactuals, and covariate adjustment

(a) Suppose you have data on three variables, W, P (both continuous) and E
(binary) and are interested in the average total effect of W on P (which
you believe to be positive). You hypothesise the following causal relations
between the three variables:

W E P

The following figures show the marginal association between W and P
(left) and the conditional association given E (right). Which figure should
be consulted to learn about the average total effect of W on P, given the
graphical model above?
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(b) Build the main model of the session (e.g, slide 4) in DAGitty. What are the
sufficient adjustment sets for the total effect of A on E and of B on F?

2. Randomised controlled trials

(a) Think of your own current research. Can you think of an (ideal) RCT to an-
swer one of the key research questions? What would the treatment values
be? How would assignment be carried out? What is the target popula-
tion?

(b) Would there be reason to expect interference, noncompliance, or side ef-
fects of treatment assignment? What could be done to avoid or attenuate
these problems?

3. Instrumental variables
The basic steps of an instrumental variables analysis will be illustrated using
edited versions of publicly available data from a field experiment on the po-
litical reintegration of felons (Gerber et al., 2015) and an observational study
on the heritage of slavery in Southern counties of the United States (Acharya,
Blackwell, and Sen, 2016b).1 The basic setup in the two studies is as follows:

Info letter
sent

Info letter
received

Registered
to vote

Unmeasured
confounders

Cotton
suitability

Prop.
slaves

Prop. support
affirm. action

Unmeasured
confounders

1The complete replication data for these articles are available at https://dataverse.harvard.

edu/dataset.xhtml?persistentId=doi:10.7910/DVN/27241 and https://dataverse.harvard.edu/dataset.

xhtml?persistentId=doi:10.7910/DVN/CAEEG7.

http://dagitty.net/dags.html
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/27241
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/27241
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/CAEEG7
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/CAEEG7
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(a) Can you think of possible violations of IV assumptions ii. and iii. in each
case?

(b) Open Stata and the dofile 03ivlab.do, and execute the commands in the
preamble (#0).

(c) Load the data 03ivlab1.dta, successively run the commands for descrip-
tion, tests and analyses (#1–5), and interpret the results.

(d) Repeat with 03ivlab2.dta (#6–10).

4. Regression discontinuity designs
Analysing an RDD will be illustrated with edited state-level data on United
States Senate elections for the period 1914–2010, which can be used to investi-
gate the incumbent party advantage (Cattaneo, Frandsen, and Titiunik, 2015).2
The basic setup for this study looks like this:

Margin of
victory at t

Won
at t

Vote share
at t+2

Unmeasured
confounders

Margin of
victory at t

→ 0%

Won
at t

Vote share
at t+2

Unmeasured
confounders

(a) Can you think of possible violations of RDD assumptions ii. and iii.?
(b) Open Stata and the dofile 04rdlab.do, and execute the commands in the

preamble (#0).
(c) Load the data 04rdlab.dta, successively run the commands for descrip-

tion, tests and analyses (#1-6), and interpret the results.

5. Longitudinal designs
Edited replication data from a study on the effect of parental death on school
participation in Kenya (Evans and Miguel, 2007) are used to demonstrate dif-
ferent longitudinal designs and modelling strategies.3 The basic setup for this
study looks like this:

εi
Parental
deathit

School
participationit

εt

2The original data are available at https://sites.google.com/site/rdpackages/rdrobust/stata/

rdrobust_senate.dta?attredirects=0.
3The complete replication data are available at https://dataverse.harvard.edu/dataset.xhtml?

persistentId=doi:10.7910/DVN/VMWYWJ.

https://sites.google.com/site/rdpackages/rdrobust/stata/rdrobust_senate.dta?attredirects=0
https://sites.google.com/site/rdpackages/rdrobust/stata/rdrobust_senate.dta?attredirects=0
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/VMWYWJ
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/VMWYWJ
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(a) Open Stata and the dofile 05mllab.do, and execute the commands in the
preamble (#0)

(b) Load the data 05mllab.dta.
(c) Can you think of time-varying variables that could affect both parental

death and school participation?
(d) Successively run the commands for description, tests and analyses (#1-4),

and interpret the results.
(e) Given the pre-treatment development of school participation, which de-

sign/estimator should we favour?

6. Causal mediation analysis
Different methods for causal mediation analysis will be illustrated with an
edited version of training data based on the NLS 1980 and provided with Wooldridge
(2010).4 With these data, we can analyse whether fathers’ education affects re-
spondents’ (log) wages and whether the effect is (partly) mediated by respon-
dents’ own education (after adjusting for several measured covariates). The
basic setup for the analysis looks like this:

Father’s
education

Respondent’s
education

Respondent’s
log wage

Measured
confounders

(a) Open Stata and the dofile 06malab.do, and execute the commands in the
preamble (#0)

(b) Load the data 06malab.dta.
(c) Can you think of variables not included in the data that may be confounders

(violation of mediation assumptions i.-iii.)?
(d) Could some of the variables included in the data themselves be affected

by father’s education (violation of mediation assumption iv.)?
(e) Successively run the commands for description, tests and analyses (#1-5),

and interpret the results.

4Wooldridge, J. (2010). Econometric Analysis of Cross Section and Panel Data. Second Edition. Cam-
bridge, MA: MIT Press. The original training data can be downloaded at http://fmwww.bc.edu/ec-p/

data/wooldridge/nls80.dta.

http://fmwww.bc.edu/ec-p/data/wooldridge/nls80.dta
http://fmwww.bc.edu/ec-p/data/wooldridge/nls80.dta
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