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What did we do last time?

• Correlation does not imply causation: Corr(x, y) ̸= 0 is
consistent with:

1. x causes y
2. y causes x
3. z causes x and y

• Experiments in physical sciences (the scientific solution)
1. Temporal stability
2. Causal transience
3. Unit homogeneity

• Why are these assumptions unlikely to hold in social sciences?

• Economists rely on a statistical solution
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What did we do last time?

• Define treatment variable Di = {0, 1}

• Potential outcomes for each i:

Yi =
{

Y1i if Di = 1
Y0i if Di = 0

• Causal effect for i:
Y1i − Y0i

• but we only observe:

Yi = DiY1i + (1 − Di)Y0i
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What did we do last time?

• The fundamental problem of causal inference: We can never
observe: Y1i − Y0i

• We would instead want to know the average treatment effect
on the treated (ATET): E[Y1i − Y0i|Di = 1]

• But we only observe:

E[Yi|Di = 1] − E[Yi|Di = 0] = ATET + selection bias
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What did we do last time?

• The selection bias is 0 only if E[Y0i|Di = 1] = E[Y0i|Di = 0].
Is this plausible?

• ATET is in general different from ATE (depending on the
application, one of the two might be more relevant)

• ATE is equal to ATET only if the average treatment effect is
constant in the population
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What did we do last time?

• Statistical solution: assign Di = 1 randomly
• As a result Di = 1 is independent of all individual attributes

and of both Y1i and Y0i

• Then:
E(Y1i|Di = 1) = E(Y1i|Di = 0)
E(Y0i|Di = 1) = E(Y0i|Di = 0)

• and it holds that:

E[Yi|Di = 1] − E[Yi|Di = 0] = E[Y1i|Di = 1] − E[Y0i|Di = 0]
= E[Y1i − Y0i|Di = 1]
= E(Y1i − Y0i)

• Numerical example and Stata example
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Today: RCTs (continued)

1. Which questions (in principle) can have causal answers?

2. Several important points about RCT’s

3. Potential drawbacks of RCTs
4. Examples of RCT’s

• Tennessee STAR experiment
• Electoral Fraud in Russia
• Other examples (optional)
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Today: RCTs (continued)

• R-tutorial tomorrow given by Ramin Izadi

• Download and install R-studio

• Cristina Bratu will teach the next two lectures
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Which questions have causal answers?

• Thinking in terms of counterfactual outcomes and (possibly
imaginary) randomized trials also helps one to formulate
research questions more precisely

• Think of the following statements due to Holland (1986):
She did well on the exam because...

A. she is a woman
B. she studied for it
C. she was coached by her teacher

• In the case of each statement we should:
• Think about what is the cause according to the statement
• Can we manipulate it ceteris paribus?
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Which questions have causal answers?

• Statement C is the most straightforward. The cause is
coaching and we can easily think of manipulating it randomly.

• In statement A the cause is gender. Could this be
manipulated (and therefore be a cause)? Or should we
re-frame the question?

• Statement B is typically encountered in economics:
• What is the cause in this statement?
• Can we manipulate it in an experiment?

• Thinking about these issues is helpful in defining research
questions
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Several important points about RCT’s

1. Role of theory

2. Ideal experiment

3. Fundamentally unidentified questions

4. Consistency
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Randomized controlled trials
Role of theory

• Theory can be helpful in the interpretation of the results

• Example: Zinovyeva and Bagues (2015)
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Randomized controlled trials
Role of theory: Zinovyeva and Bagues (2015)

What is the effect of connections on academic promotions?

• In Spain, promotion decisions are taken by a committee of
professors (which might, by chance, know the candidate).

• Committee composition and academic promotions: does it
help to have your supervisor to evaluate you?

• Random allocation of committees in Spanish academia
• The effect of connections can work through:

• “Bias” (e.g., favoritism)
• Information (evaluator knows more than what’s in the CV)

• The effect of connections in a RCT is identified, but is a
combination of these two forces. How to disentangle them?
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Randomized controlled trials
Role of theory: Zinovyeva and Bagues (2015)

• Important to know the mechanism (policy implications)
• Derive predictions from a theoretical model:

• “Biased” promotions lead to worse productivity outcomes
• Informed promotions lead to better productivity outcomes

• Define productivity via publications (good proxy)

• Estimate the causal effect of connections on productivity of
the promoted candidates via RCT

• Ex-ante, the theoretical framework predicts that if “bias”
dominates, the connection effect sign is negative
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Randomized controlled trials
Ideal experiment

• Ideal experiment helps to formulate causal question precisely
• Example: discrimination in the hiring process is relevant to

understand the functioning of labor markets.
• Discrimination is multidimensional problem. What can we

conclude if we observe differences in outcomes across groups?
• Problem: if attributes cannot be manipulated/randomized

(e.g., race, gender, age), then they cannot be causes.

• Manipulate perception of attributes in hiring process:
• Goldin and Rouse (2000): gender (symphony orchestras)
• Bertrand and Mullainathan (2003): race (fictitious CV’s)
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Bertrand and Mullainathan (2003)

• Discrimination used to be studied with audit studies where
experimental candidates were sent to job interviews

• Problems with this approach:
1. Very small samples (very expensive)
2. Impossibility of conducting double-blind studies
3. Artificiality of the setting (external validity?)

• Bertrand and Mullainathan: Apply for jobs by sending CV’s.
Manipulate perceptions of race by using distinctively ethnic
names (otherwise CV information identical). Are callback
rates lower for individuals with “black-sounding” names?

• Callback rates are lower for black-sounding names

• Black names benefit less from CV enhancements than white
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Mean callback rates by name types
Bertrand and Mullainathan (2003)
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Distribution of callbacks
Bertrand and Mullainathan (2003)
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Mean callback rates and CV quality
Bertrand and Mullainathan (2003)
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The effect of CV quality on callbacks
Bertrand and Mullainathan (2003)
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Discussion
Bertrand and Mullainathan (2003)

• What is the ideal experiment here?

• What is the cause that is manipulated in this experiment?
• Limitations of the experiment

• Does this experiment answer the question that the authors are
interested in? Which type of discrimination can we study?

• Outcome variable
• Representativeness of the names
• How powerful is the treatment?
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Randomized controlled trials
Fundamentally unidentified questions

• No causation without (in principle) manipulation

• Manipulation defines the causal answer we get
• Questions that cannot be answered by any experiment are

fundamentally unidentified (ill-defined questions)
• Bertrand and Mullainathan (2003): Can we manipulate race?
• The effect of start age on first grade test scores

• start age = age - time in school
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Randomized controlled trials
Consistency

• ATET is estimated by comparing outcome means
• OLS, regressing outcome on treatment dummy
• Randomization ensures that estimated effect is consistent for

the true population ATET.

• Crucial assumption
• The treatment was assigned randomly (Di is unrelated to any

relevant variables that are correlated with the outcome)

• Randomization checks
• How was randomization conducted? Any room for

manipulation?
• Are the covariates balanced across treatment groups before

the treatment was assigned? (pre-determined covariates)
• Similarly, do results change when you add covariates?

• Should we care about R-squared for consistency?
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Potential drawbacks of RCTs

Experiments provide a simple strategy to solve the selection bias;
however, they can have a number of potential problems:

1. Implementation issues
• Compliance (e.g., take the treatment even if in control group)
• Attrition (people leave treat. or control groups)
• Cost, political issues

2. Ethical issues: why don’t treat everyone?
• The ethical argument is not obvious when (i) the treatment

cannot be applied to everybody (budget constraints); (ii) the
optimal assignment rule is unknown; (iii) randomization is fair.

3. Hawthorne effect
• The fact that people know about being part of an experiment

make them behave differently (external validity?)
• Landsberger (1950); Levitt, List (2011); Behaghel et al. (2015)
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http://en.wikipedia.org/wiki/Hawthorne_effect
https://www.aeaweb.org/articles.php?doi=10.1257/app.3.1.224
https://www.aeaweb.org/articles?id=10.1257/app.20140185


Potential drawbacks of RCTs

4. General equilibrium (GE) issues
• Randomization requires that Di does not affect i’s potential

outcomes, but also those of other units
• Two problems of GE/spillover effects:

• GE effects invalidate results of RCT’s
• We are often interested in treatments where the effect of treatment

depends on how many individuals receive the treatment (general
equilibrium, spillover effects)

• Can we account for (and study!) GE effects in RCTs?
• Example: Crepon et al. (2012)

5. External validity vs Internal validity
• Problem also with other identification strategies
• Structural models
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Examples of RCTs

• Tenessee STAR experiment
• Electoral fraud in Russia
• Other examples (optional)
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Example: Does class size affect students’ performance?
Tennessee STAR experiment

• How can we improve students’ performance?
• Should we devote more resources to reduce class size?

• Example: Should we split this course in two separate groups?

• A large number of observational studies tend to find that class
size is not generally associated with better student
performance

• Hanushek (1997): “No strong or systematic relationship
between school inputs and student achievement”

• We can explain the (spurious correlation) between class size
and students’ performance with rational choices of principals

• How to solve the selection bias problem?
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http://hanushek.stanford.edu/sites/default/files/publications/Hanushek%201996%20JEP%2010(4).pdf


Effect of School Resources on Student Performance

Resources and performance in 376 U.S. studies [Hanushek 2006]

David Dorn Human Capital and Schooling 8/26
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Example: Does class size affect students’ performance?
Tennessee STAR experiment

Tennessee STAR experiment
• Cost: $12 million
• A cohort of kindergartners in 1985/86: 11,600 children in 80

schools
• The study ran for four years
• Three treatments:

1. small classes with 13-17 children
2. regular classes with 22-25 children without a teacher’s aide.
3. regular classes with 22-25 children with a teacher’s aide.

• Within each school, students are randomly assigned to one of
these groups
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http://www.princeton.edu/futureofchildren/publications/docs/05_02_08.pdf


Example: Does class size affect students’ performance?
Tennessee STAR experiment

Krueger (1999) analyzes the short-run effects of the experiment.

Main findings:
1. performance on standardized tests increases by four percentile

points the first year students attend small classes
2. the test score advantage of students in small classes expands

by about one percentile point per year in subsequent years
3. teacher aides and measured characteristics have little effect
4. larger effect for minority students/on free lunch
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TABLE I
COMPARISON OF MEAN CHARACTERISTICS OF TREATMENTS AND CONTROLS:

UNADJUSTED DATA

A. Students who entered STAR in kindergartenb

Variable Small Regular Regular/Aide
Joint

P-Valuea

1. Free lunchc .47 .48 .50 .09
2. White/Asian .68 .67 .66 .26
3. Age in 1985 5.44 5.43 5.42 .32
4. Attrition rated .49 .52 .53 .02
5. Class size in kindergarten 15.1 22.4 22.8 .00
6. Percentile score in kindergarten 54.7 49.9 50.0 .00

B. Students who entered STAR in �rst grade

1. Free lunch .59 .62 .61 .52
2. White/Asian .62 .56 .64 .00
3. Age in 1985 5.78 5.86 5.88 .03
4. Attrition rate .53 .51 .47 .07
5. Class size in �rst grade 15.9 22.7 23.5 .00
6. Percentile score in �rst grade 49.2 42.6 47.7 .00

C. Students who entered STAR in second grade

1. Free lunch .66 .63 .66 .60
2. White/Asian .53 .54 .44 .00
3. Age in 1985 5.94 6.00 6.03 .66
4. Attrition rate .37 .34 .35 .58
5. Class size in third grade 15.5 23.7 23.6 .01
6. Percentile score in second grade 46.4 45.3 41.7 .01

D. Students who entered STAR in third grade

1. Free lunch .60 .64 .69 .04
2. White/Asian .66 .57 .55 .00
3. Age in 1985 5.95 5.92 5.99 .39
4. Attrition rate NA NA NA NA
5. Class size in third grade 16.0 24.1 24.4 .01
6. Percentile score in third grade 47.6 44.2 41.3 .01

a. p-value is for F-test of equality of all three groups.
b. Sample size in panel A ranges from 6299 to 6324, in panel B ranges from 2240 to 2314, in panel C ranges

from 1585 to 1679, and in panel D ranges from 1202 to 1283.
c. Free lunch pertains to the fraction receiving a free lunch in the �rst year they are observed in the

sample (i.e., in kindergarten for panel A; in �rst grade in panel B; etc.) Percentile score pertains to the average
percentile score on the three Stanford Achievement Tests the students took in the �rst year they are observed
in the sample.

d. Attrition rate is the fraction that ever exits the sample prior to completing third grade, even if they
return to the sample in a subsequent year. Attrition rate is unavailable in third grade.

EXPERIMENTAL ESTIMATES 503
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Electoral fraud in Russia

• Motivation:
• Is there any electoral fraud is Russia?
• How much?

• Available evidence:
• Anecdotal evidence
• Statistical evidence
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Circumstancial evidence (i)
Bimodal distribution of votes

34 / 45



Circumstancial evidence (ii)
Spikes in the distribution of votes for United Russia

Kobak, Shpilkin and Pschenichnikov (2016)
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https://arxiv.org/pdf/1410.6059.pdf


Circumstancial evidence (ii)
”We do not believe Churov [the head of the electoral committee], we believe Gauss!”
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Electoral fraud in Russia

Rephrase slightly our question in a treatment effects fashion:

• Would electoral results change if there were independent
observers in the polling stations?

• To address this question, we can try to send observers to
some (non-randomly selected) polling stations, as some NGOs
and international organizations do.

• How informative would this be?

• Can you propose a better approach?
• Enikolopov, Korovkina, Petrova, Sonin and Zakharov (2013)
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http://www.pnas.org/content/early/2012/12/19/1206770110.full.pdf


Field experiment estimate of electoral fraud in Russian
parliamentary elections

Enikolopov, Korovkin, Petrova, Sonin and Zakharov (2013)

• Random assignment of independent observers to 156 of 3,164
polling stations in the city of Moscow

• Within each district, polling stations were sorted according to
their official number assigned by Central Election Committee.
Every 25th polling station within an electoral district, starting
from the first, was assigned for observation
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Field experiment estimate of electoral fraud in Russian
parliamentary elections

Enikolopov, Korovkin, Petrova, Sonin and Zakharov (2013)

• Treatment:
• Observers can only prevent the most obvious types of fraud
• Not full compliance: Some of these observers were removed

before the vote counting process was finished
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otherwise.) Our estimates demonstrate that electoral fraud was
serious enough to change the outcome of the elections. Even
a change in 5 percentage points in the United Russia totals
would strip it of a majority in the Russian parliament; the 11
percentage point estimate of the size of fraud in Moscow hints
that the change in the country total might have been substantial.
Comparison of the share of votes received by different parties

and the share of those eligible voters who actually voted (turnout)
between polling stations with independent observers from Citizen
Observer (treatment group) and without observers (control group)
is presented in Fig. 1. The results indicate that the presence of
observers led to a decrease in the share of votes for United
Russia of 10.8 percentage points and an increase in the share
of votes for the four opposition parties of 2.2, 1.7, 2.9, and 3.5
percentage points for Just Russia, LDPR, Communists, and
Yabloko, respectively (all differences are statistically significant
at the 1% level). The turnout at the polling stations with observers
was lower by 6.5 percentage points. [The results are robust to
taking into account the compositional structure of the data; that
is, that the share of votes for all of the parties sums up to one
(Table S1).] The results are even stronger if we test the hypothesis
that electoral fraud disproportionately benefited United Russia
compared with other parties, which reflects the fact that all other
parties except United Russia were hurt by electoral fraud. (Table
S2 presents the results of the corresponding differences-in-
differences estimations, which compare the differences in the
votes for United Russia between polling stations with and without
independent observers with the corresponding differences for
the other four parties.)

Discussion
The above results are likely to provide a lower bound on the
extent of the electoral fraud, because the presence of observers
at the polling stations did not fully prevent fraud. There are two
additional assumptions that are required to ensure that these
estimates are indeed the lower bound. First, observers them-
selves should not be involved in pro-opposition electoral fraud.
Second, the presence of independent observers at a polling sta-
tion should not affect the extent of fraud at the polling stations
where observers were not present, so that the stable unit treat-
ment-value assumption is satisfied (19). The first assumption
seems plausible, as observers have very limited means of af-
fecting the electoral results even if they wanted to affect it.
To test for the existence of spillover effects, we used data on

polling stations located in the same building as the polling sta-
tions in which the observers were present. The results reported in

Table 1 imply that observers were able to prevent fraud even on
neighboring polling stations, leading to a smaller—not larger—vote
share of United Russia in these stations. (The spillover effect is
smaller than the main effect for all of the parties and the difference
is statistically significant at the 1% level for all of the parties except
for the LDPR.) This finding implies that violation of the stable unit
treatment-value assumption leads to underestimation rather than
overestimation of the observer effect. Thus, the results provide a
lower bound for the extent of the electoral fraud both because
of spillover effects and because the presence of observers at the
polling stations did not fully prevent fraud.
To provide more information on the extent of the fraud, we

divided all treatment stations into three groups: (i) those in which
observers reported no serious violations; (ii) those in which serious
violations were reported, but the observers received the final
protocol; and (iii) those in which all observers were not able to get
the official protocol of the vote count. Observers were not able to
get a protocol if they were either dismissed from the polling sta-
tion or the heads of electoral commissions illegally refused to give
a signed copy of the protocol. [Most observers were removed
under the pretext of violating ballot secrecy (Russian law permits
photo and video recording at a polling station, but not of a voter
with a filled ballot), or for “obstructing the polling process.”
Observers remaining were at 118 (of 153) polling stations after the
vote count was complete. At 23 of the stations, from which no data
was received, electoral commissions simply refused to give a signed
copy of the protocol to the observers, and at 15 of these stations all
observers were removed before the final protocol was signed.]
To examine the effect of observers on the distribution of vote

shares for United Russia, we combined univariate kernel density
estimations of the vote share for United Russia for polling stations
from these three groups with corresponding histograms (Fig. 2).
For the polling stations in the control group, the distribution is
bimodal with two peaks: one around 25% of votes and another
one around 55% of votes. The distribution for polling stations in
the treatment group also has two peaks, with the first one around
25% of votes. However, the second mode is located around 50%
of votes and the share of polling stations around this peak is no-
ticeably smaller compared with the control group. For the polling
stations in the treatment group in which no violations were
reported by observers, the distribution becomes unimodal, with
the peak around 25% of votes for United Russia. Thus, the results
are consistent with the hypothesis that the distribution of vote
shares for United Russia in the control group is a mixture of two
distributions that correspond to polling stations without electoral
fraud (for which the distribution was centered around 25% of
votes) and polling stations with electoral fraud (for which the
distribution was centered around 55% of votes). A similar pattern
is observed in the distribution of the turnout, but not in the dis-
tribution of vote shares for the other parties. (Fig. S1 shows similar
graphs for the distributions of vote shares of other parties and
turnout for the same three groups of polling stations. Vote shares
of other parties without observers demonstrate fatter left tails, in
contrast to symmetric densities in the no-violation case, consistent
with hypotheses that votes were stolen from these parties and
added to votes of United Russia.)
Table 2 presents the results of the corresponding regression

analysis. We introduced electoral district fixed effects, because
our independent variables (e.g., the presence of serious viola-
tions) were not randomly assigned, and the incidence of fraud-
ulent behavior might vary from district to district. The results
indicate that, controlling for electoral district fixed effects, the
share of votes for United Russia at the polling stations in which
no violations were reported was 16% lower and the turnout 9%
lower compared with the polling stations without observers. At
the polling stations where observers reported serious violations,
the share of votes for United Russia and turnout were lower by
7.3% and 6.2% respectively, whereas at the polling stations in
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Field experiment estimate of electoral fraud in Russian
parliamentary elections

Enikolopov, Korovkin, Petrova, Sonin and Zakharov (2013)

• Main results
• The actual share of votes for the incumbent United Russia

party is 11 percentage points lower in treatment areas (36%
instead of 47%).

• The turnout at the polling stations with observers was lower by
6.5 percentage points

• Interpretation?
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More examples (optional)
Which experiment could be used to capture the causal effect?

• Would it be profitable for the call center of a travel agency to
allow their employees to work from home?

• Bloom et al 2012

• Are employees more satisfied if they are informed about the
salaries of their colleagues?

• Card et al 2011

• Does the gender composition of hiring committees matter?
• Bagues and Esteve-Volart 2010

• Do monetary incentives crowd out intrinsic motivation?
• Gneezy and Rustichini 2000
• Lacetera et al. 2012
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http://www.aeaweb.org/aea/2012conference/program/retrieve.php?pdfid=577
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http://conference.nber.org/confer/2012/SI2012/LS/Lacetera_Macis_Slonim.pdf


More examples (optional)
Which experiment could be used to capture the causal effect?

• Do “modern managerial” practices increase firms’
productivity? (lean manufacturing principles)

• Bloom et al. 2010

• An increase in the salaries offered in the public sector attracts
candidates that are less committed to public service

• Dal Bo, Finan and Rossi 2012

• How can we decrease impact of AIDS in Subsaharian Africa?
• Dupas 2011

• Do Indian teachers react to incentives?
• Duflo et al 2012
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http://en.wikipedia.org/wiki/Lean_manufacturing
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http://www.povertyactionlab.org/evaluation/hivaids-prevention-through-relative-risk-information-teenage-girls-kenya
http://www.google.fi/url?q=http://www.povertyactionlab.org/publication/incentives-work-getting-teachers-come-school&sa=U&ei=9o62VJ-KKMLZsASv04LIAw&ved=0CBgQFjAB&sig2=Lsnl7L7SPD4ZbKQ6PpEaAQ&usg=AFQjCNHXbX_Gy1jzO_cXVZOrycsj1xsUzg


General equilibrium effects in RCT’s
• Crepon et al (2012) (Active Labor Market Policies)
• Question: Does job search assistance affect employment

prospects of unemployed job-seekers?
• If the effect is large, do treated job-seekers crowd out

non-treated job-seekers? (this invalidates standard RCT’s)
• Solution is new type of RCT, double randomization:

1. Assign to each local job market the share of treated
job-seekers randomly (e.g., 5%, 20% with probabilities 0.5)

2. Within each local job market, assign the JSA treatment to
job-seekers randomly (according to the share previously drawn)

• Estimate the effect of assignment to treatment on the treated
(within labor market)

• Estimate the effect of share assigned to treatment on the
controls (exploiting share variation across job markets)
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