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Basic Information

Lecturer Fabian Waldinger
e-mail: f.waldinger@warwick.ac.uk
O¢ ce hour: Wednesday 4-5pm in S.2.92
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Assessment

Assessment:
1 class test (weight 6.125 percent).
Class test probably in the …rst week of the break.
1 problem set (weight 6.125 percent).
Deadline for submission of 1st problem set: probably week 10.
1 …nal exam.
(50 percent of total course).
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Readings for Part 4

Textbooks for this part of the course:
Angrist and Pischke (2009) Mostly Harmless Econometrics.
Wooldridge (2002) Econometric Analysis of Cross Section and Panel
Data.

Reading the textbooks will not be enough. We will also discuss a
number of papers in each lecture.
For some topics I also recommend watching video lectures given at
the NBER Summer Institute by famous economists.
The exam will cover material from all required readings.
Lectures slides and reading lists are available from my personal
website: www.go.warwick.ac.uknfabianwaldinger
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Content of Part 4

This part of the course (like Michelle’s part) is designed to bridge the
step from a technical PhD level econometrics course to doing research
(especially in applied micro-economics …elds).
The fundamental theme linking all lectures will be to estimate causal
e¤ects.
My part includes one lecture on each of the following topics:
1
2
3
4
5

Randomized Experiments.
Introduction to Panel Data.
Di¤erences-in-Di¤erences.
Regression Continuity Design.
Bad controls, Standard errors (e.g. clustering), introduction to quantile
regression.
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Topics Covered in Today’s Lecture

1

Introduction to randomized experiments and notation.

2

Krueger (1999) paper on the e¤ect of class size for educational test
scores.

3

Practical problems when running experiments.

4

Miguel and Kremer (2004) paper on deworming in Kenya.

5

DellaVigna, List, and Malmendier (2010) paper on charitable giving.
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Randomized Experiments

Randomized experiments were …rst conducted in the sciences
(commonly traced back to Galileo Galilei who used experiments to
test his theories of falling bodies).
Randomized experiments in the social sciences in particular su¤er
from a major problem: the missing counterfactual:
Individuals or …rms can usually not be observed with and without
treatment at the same time.
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The Selection Problem: An Introductory Example

A lot of the language in the experimental and quasi-experimental
literature is borrowed from the medical literature.
Simple example introducing notation and the selection problem:
"Do hospitals make people healthier?"
Data from National Health Interview Survey (NHIS) 2005.
Health status measured from 1 (poor health) to 5 (excellent health).

Group
Hospital
No hospital
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Sample Size
7,774
90,049

Mean Health Status
3.21
3.93

Std. Error
0.014
0.003
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Introductory Notation
Think of hospital treatment as a binary random variable:
Di = f0, 1g
Outcome of interest (here health status) is denoted:
Yi
Is Yi a¤ected by hospital care?
For each individual there are two potential outcomes (health
variables):
Potential outcome = f

Y1i if Di = 1
Y0i if Di = 0

Y0i is the health status of an individual had he not gone to hospital
(irrespective of whether he actually went)
Y1i is the health status of an individual if he goes to hospital.
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Introductory Notation 2
The causal e¤ect of hospital treatment is: Y1i Y0i
The observed outcome Yi can be written terms of potential outcomes
as: Yi = Y0i + (Y1i Y0i )Di
This is useful because Y1i Y0i is the causal e¤ect of hospitalization.
A fundamental problem is that we cannot observe both Y1i and Y0i
for each individual. We can therefore not directly observe:
E [Y1i jDi = 1] E [Y0i jDi = 0]

We therefore have to estimate the average e¤ect of hospitalization by
comparing average health of those who were and those who were not
hospitalized.
What are we actually measuring if we compare these averages?
E [Yi jDi = 1] E [Yi jDi = 0] = E [Y1i jDi = 1] E [Y0i jDi = 1]
Observed di¤erence in average health

average treatment e¤ect on the treated

+E [Y0i jDi = 1]

E [Y0i jDi = 0]

Selection bias
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Random Assignment Solves the Selection Problem

Random assignment of Di (treatment) makes treatment Di
independent of potential outcomes Yi .
The selection bias term above was E [Y0i jDi = 1]

E [Y0i jDi = 0]

If Di is independent of Yi we can swap E [Y0i jDi = 1] for
E [Y0i jDi = 0].

The selection bias term therefore vanishes with random assignment.
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Example of Large Randomized Experiment: Tennessee
Project STAR
The E¤ect of Class Size on Educational Achievement

Krueger (1999) econometrically re-analyses a randomized experiment
of the e¤ect of class size on student achievement.
The project is known as Tennessee Student/Teacher Achievement
Ratio (STAR) and was run in the 1980s.
11,600 students and their teachers were randomly assigned to one of
three groups
1
2
3

Small classes (13-17 students).
Regular classes (22-25 students).
Regular classes (22-25 students) with a full time teacher’s aide.

After the assignment, the design called for students to remain in the
same class type for four years.
Randomization occurred within schools.
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Regression Analysis of Experiments
With randomization one could simply compare mean outcomes of
treatment and control group to obtain the causal e¤ect of the
treatment.
Nonetheless, it is often useful to analyze experimental data with
regression analysis.
To see this, let’s start with the assumption of constant treatment
e¤ects (i.e. the treatment a¤ects everyone by the same magnitude).
! Y1i Y0i = ρ
We can therefore rewrite Yi = Y0i + (Y1i Y0i )Di as:
Yi =

α

=E (Y 0i )

+

ρ
=(Y 1i Y 0i )

Di +

ηi
=Y 0i E (Y 0i )

(1)

where η i is the random part of Y0i .

Regression (1) could therefore be estimated to obtain the causal
e¤ect of D.
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Regression Analysis of Experiments 2

The conditional expectation of (1) with treatment status switched on
and o¤ gives:
E[Yi jDi = 1] = α + ρ + E [η i jDi = 1]
E[Yi jDi = 0] = α + E [η i jDi = 0]
So that
E[Yi jDi = 1] E [Yi jDi = 0] =
ρ
+ E [ η i j Di = 1 ] E [ η i j Di = 0 ]
Treatment E¤ect

Selection Bias

In the STAR experiment Di (being in a small class) is randomly
assigned and therefore the selection bias disappears.
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Why Include Additional Controls?
To evaluate experimental data one may want to add additional
controls in the regression. Instead of estimating equation (1) one
would estimate:
Yi = α + ρDi + Xi0 γ + η i
There are 2 main reasons for including additional controls in the
regression model.
1

2

Conditional random assignment.
sometimes randomization is done conditional on some observables
(here at the school level).
Additional controls increase precision.
Although the control variables Xi are uncorrelated with Di they may
have substantial explanatory power for Yi . Including controls thus
reduces residual variance and therefore lowers the standard errors of the
regression estimates.
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Regression in Krueger (1999)

Krueger estimates the following econometric model:
Yics = β0 + β1 SMALLcs + β2 Reg /Acs + β3 Xics + αs + εisc
Yics = percentile score.
SMALLcs = Indicator whether student was assigned to a small class.
Reg /Acs = Indicator whether student was assigned to a regular class
with aide.
αs = School FE. Because random assignment occurred within schools.
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Regression Results Kindergarten
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Regression Results 1st Grade
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Problem 1: Attrition
A Common Problem in Randomized Experiments

If attrition is random and a¤ects the treatment and control groups in
the same way the estimates would remain unbiased.
Here the attrition is likely to be non-random: especially good students
from large classes may have enrolled in private schools creating a
selection bias problem.
Krueger addresses this concern by imputing test scores (from their
earlier test scores) for all children who leave the sample and then
reestimates the model including students with imputed test scores.
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Regression Results Imputing Test Scores to Address
Attrition

Non-random attrition hardly biases the results.
Waldinger (Warwick)
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Problem 2: Students changed Classes After Random
Assignment
Example Transitions between Grades 1 and Grade 2
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Problem 2: Students changed Classes After Random
Assignment
Subjects moved between treatment and control groups.
A common solution to this problem is to use initial assignment (here
initial assignment to small or regular classes) as an instrument for
actual assignment (more on Instrumental Variable methods in lecture
2).
Krueger reports reduced form results where he uses initial assignment
and not current status as explanatory variable.
In Kindergarten OLS and reduced form are the same because students
remained in their initial class for at least one year.
From grade 1 onwards OLS (column 1-4) and reduced form (columns
5-8) are di¤erent.
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Problem 2: Students changed Classes After Random
Assignment
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Potential Problems when Running Experiments
1

Randomization Bias
Can occur if treatment e¤ects are heterogeneous. The experimental
sample may be di¤erent from the population of interest because of
randomization. People selecting to take part in the randomized trial
may have di¤erent returns compared to the population average.

ρi = Y1i Y0i is treatment e¤ect of individual i.
ρ is the average treatment e¤ect.
ρ+ is the cuto¤ value above which people participate in the experiment.
ρTT is the treatment e¤ect on the treated which is measured in the experiment
ρTU is the treatment e¤ect on the untreated which is not measured as those people would not participate.
Waldinger (Warwick)
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Potential Problems when Running Experiments

2

Supply Side Changes
If programmes are scaled up the supply side implementing the
treatment may be di¤erent.
In the trial phase the supply side may be more motivated than during
the large scale roll-out of a programme.

3

Attrition Bias
Attrition rates (i.e. leaving the sample between the baseline and the
follow-up surveys) may be di¤erent in treatment and control groups.
The estimated treatment e¤ect may therefore be biased.
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Potential Problems when Running Experiments
4

"Hawthorne" E¤ects
People behave di¤erently because they are part of an experiment.
If they operate di¤erently on treatment and control groups they may
introduce biases.
If people from the control group behave di¤erently these e¤ects are
sometimes called "John Henry" e¤ects.

5

Substitution Bias
Control group members may seek substitutes for treatment.
This would bias estimated treatment e¤ects downwards.
Can also occur if the experiment frees up resources that can now be
concentrated on the control group.
Waldinger (Warwick)
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How to Write a Good Experimental Paper?

Advising on how to write good papers is very di¢ cult in any setup.
It seems to become more di¢ cult to publish experimental papers
which simply randomize a certain treatment and evaluate its e¤ect.
A promising avenue for experimental papers seem to be the ones that
combine experimental data with economic theory:
1
2

3

Discriminating between important theories.
First obtain "reduced form" results of a causal e¤ect and then use
structural econometrics to disentangle economic mechanisms.
Use an experiment to estimate externalities or other market failures.

In the following we will review 2 experimental papers with particularly
nice links between empirics and theory.
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Miguel and Kremer (2004) - Worms
Miguel and Kremer study the impact of a treatment against intestinal
worms in primary school in rural Kenya.
Intestinal worms a¤ect one in four people worldwide and are
particularly prevalent among school-age children in developing
countries.
Prevalence of Intestinal
Worms
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Estimating Externalities

Studies in which treatment is randomized at the individual level may
potentially obtain biased treatment e¤ects because of externalities:
1
2

Externalities within treated schools.
Externalities across schools from treatment to control schools.

While they investigate both types of externalities they only have
experimental variation to identify cross-school externalities (within
school externalities have to be evaluated di¤erently).
They evaluate a Kenyan programme where randomization occurred at
the school level which allows them to look at externalities.
They evaluate the e¤ect of the de-worming treatment on health,
school absenteeism, and test scores.
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Programme Details
Overall 75 schools were treated in 3 groups. The health intervention
was phased in sequentially:
1
2
3

Group 1
Group 2
Group 3
Year
1998
1999

schools: received free deworming treatment in 1998 and 1999.
schools: in 1999.
school: in 2001.
Treatment Control
1
2;3
1;2
3

Treatment schools received half yearly (or yearly for di¤erent worms)
treatment and medical education of how to avoid worm infection.
Even in treated schools not all children received treatment mostly
because of school absence on the treatment day.
Because some students switched schools they use initial assignment
to evaluate the programme (intention-to-treat; equivalent to RF in
Krueger, 1999)
Waldinger (Warwick)
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Summary Statistics

Despite random assignment: Group 1 schools seem to be slightly worse o¤
before treatment (would underestimate treatment e¤ects).
Waldinger (Warwick)

31 / 53

Summary Statistics - Intestinal Infections
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Econometric Speci…cation
Randomization of deworming treatment across schools allows
estimation of the overall e¤ect of the programme by comparing
treatment and comparison schools even if there are within-school
externalities. (To decompose direct deworming and within school
externality they must rely on non-experimental methods).
Externalities also occur across schools because children from the same
farm often attend di¤erent schools.
They estimate cross-school externalities by taking advantage of
variation in the local density of treatment schools introduced by
randomization.
0 δ
Yijt = α + β1 Treatment(Year1)it + β2 Treatment(Year2)it + Xijt
T )+
+ ∑(γd Ndit
∑ (φd Ndit ) + ui + eijt

(1)

d
d
Xijt is a vector of control variables (to
T is the number of pupils randomly
Ndit

increase statistical precision).
assigned to treatment.
Ndit is the number of pupils at distance d from school i and year t.
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Econometric Speci…cation
0 δ
Yijt = α + β1 Treatment(Year1)it + β2 Treatment(Year2)it + Xijt
T )+
+ ∑(γd Ndit
∑ (φd Ndit ) + ui + eijt
d

(1)

d

γd measures the extent of cross-school externalities
β1 captures direct e¤ect of deworming + within school externalities
on untreated children in treated schools for year 1
T

β1 + ∑ (γd N dit ) is the average e¤ect of deworming treatment on
d

overall infection prevalence in treatment schools in year 1 (including
cross school externalities from other treated schools).
If the authors were just after the total programme e¤ect in treated
schools and cross school externalities they could simply estimate
equation (1).
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Econometric Speci…cation - Within-School Externalities
But the authors also want to quantify within school externalities (on
pupils in treated schools who do not get the treatment).
Given that the authors do not have within school randomization they
cannot estimate the within school externality using experimental
variation.
They use a nice feature of the experimental setup (plus some
additional assumptions) to quantify within school externalities.
They use the following idea:
Using data from the …rst year they compare the di¤erence in health
outcomes for the following pupils:
pupils in treated schools (group 1) who do not take up treatment in
year 1 to
pupils in control schools (group 2) who will not take up treatment in
year 2
Waldinger (Warwick)
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Econometric Speci…cation - Within-School Externalities
To see this more formally: call D a dummy which indicates whether
an individual takes up treatment if it is o¤ered in his school.
Assuming covariates X are the same in group 1 and group 2 schools
we now focus on group 1 and 2 schools only.
Group 1 gets treatment in 1998 group 2 in 1999; T=1 if treated in
1998.
E (Yijt jT = 1, D = 0) E (Yijt jT = 0, D = 0)

= β1 + ∑ γd [E (N T jT = 1, D = 0) E (N T jT = 0, D = 0)]
+ ∑ φd [E (N jT = 1, D = 0) E (N jT = 0, D = 0)]
+[E (εjT = 1, D = 0) E (εjT = 0, D = 0)]
β1 is the within school externality e¤ect.
The second and third term are due to di¤ering local densities of
primary schools between treatment and control and will be close to 0
(they also control for those di¤erences).
The last term will also be close to 0.
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Econometric Speci…cation - Within-School Externalities

Group 1 and Group 2 pupils who missed their …rst year of treatment
can therefore be used to obtain an estimate of within school
externalities.
The authors can estimate both within-school and cross school
externalities using equation (3):
Yijt = α + β1 T1it + b1 Dit + b2 (T1it

0 δ
Dit ) + Xijt

T )+
+ ∑(γd Ndit
∑ (φd Ndit ) + ui + eijt
d

(3)

d

β1 is the within-school externality e¤ect on the untreated.
β1 + b2 is within-school externality + direct e¤ect on the treated.
γd is the cross-school externality.
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Results - No Within-School Externalities
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Results - Including Within-School Externalities
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DellaVigna, List, and Malmendier (2010) - Charitable
Giving
This is a very nice example of an experimental paper which tries to
discriminate between di¤erent theoretical motivations for charitable
giving.
Charitable giving is a very common phenomenon. In the US
approximately 90% of individuals donate money each year.
DellaVigna et al. try to discriminate between two motivations for
charitable giving:
1
2

Altruism or "warm glow".
Social pressure.

The authors run a …eld experiment to distinguish between these two
motivations.
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The Experiment
The authors conducted a door to door fund-raising drive for 2
charities, a local children’s hospital (La Rabida Children’s Hospital)
and an out of state charity (East Carolina Hazard Center, ECU).
They approached 7,668 (charity treatment) households in wealthy
towns surrounding Chicago between April and October 2008.
3 charity treatment groups:
1

2

3

Flyer: noti…es households one day in advance about the hour that a
solicitor will arrive at the house.
Flyer + Opt-out: same noti…cation but ‡yer includes a box to be
checked if the household does not want to be disturbed.
Baseline: Solicitor arrives without prior notice.

They estimate treatment e¤ects on both the share of households that
open the door and the share that give.
To assess the value of time for their structural model (by varying the
amount of payment and time for each survey) they survey (2,018 (in
2008) + 10,594 (in 2009)) households in the same neighbourhoods.
Waldinger (Warwick)
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The Experiment - Flyer
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Theoretical Predictions

Depending on the main motivation for giving, the ‡yer treatment will
either increase or reduce giving compared to households without prior
notice.
If altruism is the main motivation for giving:
!The ‡yer should increase giving because people stay at home or post
cheques to the charity later on.
If social pressure is the main motivation for giving:
! The ‡yer should reduce giving because people can avoid the
solicitor.

In the paper the authors develop a theoretical model of charitable
giving which allows for both altruism and social pressure to a¤ect
giving.
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Experimental Estimates

They run the following OLS regression:
y = a + γ1 Flyer + γ2(Flyer + OptOut ) + βECU ECU-Dummy +
SolicitorFE + Date-LocationFE + HourFE + HouseQualityFE + ε
Omitted category is No-Notice treatment for La Rabida.
The randomization took place at the solicitor-hour.
! they include solicitor and hour FE to control for the randomization
process (cannot separately identify ECU dummy if they included
solicitor-hour FEs as in any one hour each solicitor only does either La
Rabida or ECU treatment).
The other …xed e¤ects are included to reduce the residual variance
and thus standard errors.
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Results - Answering the Door

The frequency of answering the door declines in the ‡yer treatment and
further declines in the ‡yer + opt-out treatment.
Waldinger (Warwick)
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Results - Answering the Door

Suggestive evidence in favor of social pressure: when informed about the
visit of a solicitor households try to avoid the interaction, especially in the
case where avoiding the interaction is less costly (opt-out treatment).
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Results - Unconditional Giving to Charity

The frequency of giving is similar in the ‡yer treatment and signi…cantly
lower in the ‡yer + opt-out treatment.
Waldinger (Warwick)
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Results - Unconditional Giving to Charity
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Results - Unconditional Giving to Charity
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Results - Unconditional Giving to Charity

Flyer does not a¤ect giving:
Consistent with both social pressure and altruism if they have about
the same magnitude.
Opt-Out lowers giving:
This is again suggestive evidence for social pressure as the cost of
avoiding the fundraiser is substantially lowered.
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Structural Estimation of the Model

To estimate the model the authors impose some simplifying
assumptions on their theoretical model.
They estimate the parameters of the model where agents maximize
the following utility function:
U (g ) =
u (W g ) + av (g , G )
s (g )
Private Consumption

Altruism

Social Pressure

Details of structural estimation will be discussed in part 2 of this
course.
The structural model allows the authors to gain further insights into
the mechanisms for charitable giving which they cannot get from the
experimental results alone.
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Structural Estimation of the Model - Results
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Structural Estimation of the Model - Results
Social pressure costs of giving in person are substantial: $3.55 (1.36)
for the La Rabida (ECU) charity.
They then use their model to decompose observed giving into giving
due to altruism and giving due to social pressure. They use the
No-Flyer treatment and compute the counterfactual giving with social
pressure cost set to 0.
73.1 (83.7) percent of La Rabida (ECU) donors would give even
without social pressure.

They also estimate the amount of sorting into and out of answering
the door in the Flyer treatment. (The reduced form results only
estimate the sum of the two e¤ects)
Sorting in due to altruism is limited. Probability of answering the door
increases by 0.7 (0.3) percent for La Rabida (ECU).
Sorting out due to social pressure is substantial. Probability of
answering the door decreases by 4.8 (1.9) percent for La Rabida (ECU).
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