
Paper for Presentation next week: “Does Man-
agement Matter? Evidence from India” by Bloom
et al.

Intro Comments:

The goal of today’s lecture is to get you started in
the part of the class on identification. Because we
don’t run experiments in social science (usually),
and because a lot of the time we want to know
the effect of policies given the firms that choose to
react to them, we are going to have to deal with the
Selection Problem. This is the fact that we observe
a selected sample since firms and individuals make
choices of beeing in or out of a treatment. The
class will start with a bit of notation, but the goal
is to get ourselves to a point where we can talk
about identification.
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The Extrapolation Problem:

Suppose we want to know about P [y|x], the con-
ditional probability of y given x (data about the
situation we are in). Say we want to know about
the effect of head-start, an intense early school-
ing program, mainly targeted to children from poor
families.

The data gives us observations about P [y|x = x0]
and we want to extend this analysis to P [y|x = x1],
such as another state, does the program work for
hispanic children versus black children (think of lan-
guage issues for instance), if we change it from 30
hours to 20 hours a week, does the program still
work?

We need a type of “Invariance Assumption”:

P [y|x = x0] = P [y|x = x1]

for values x = x0 and x = x1.

• Can we extrapolate without theory: School Treat-
ment Problems (like class size). We can ar-
gue that nothing changes in different schools,
i.e. there really isn’t any x that varies across
schools.

• What theory says to allow us to extrapolate.
So for a moral hazard problem, we know that
technology that changes monitoring has an ef-
fect, but stuff that varies the worker’s outside
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option won’t effect the optimal incentives (just
the wage I get paid in the low and high state).

• This is the main problem with Experimental
Work in General: Details of the experiment
matter so much that it is often hard to ex-
trapolate an experiment to other situations.

• Finally, do we get enough variation of x to iden-
tify the effect we are looking for.
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The Selection Problem:

The selection problem is the main issue in social
science. Let’s start with an example where there
is some probability than people respond to a survey
z = 1 or not z = 0. Let’s think about why this
might be a problem:

• When the U.S. Census counts the American
population, they typically send out question-
naires using the mail. There’s been a prob-
lem in the response of people who don’t have
mailing addresses, i.e. the homeless. If I only
count people who have mailing addresses, I am
liable to overestimate incomes in the popula-
tion, since I’m not counting the homeless in
this average. What Census does to correct for
this problem, is have one day where they send
out teams to survey the number of homeless
people in the streets.

• Many surveys are done using retrospective anal-
ysis. For example suppose I want to look at
the effect of firm size on the firm growth rates.
One way to do this is to have a questionnaire
which asks firms what their growth rate has
been in the last two years and what their size
was at the start of the period, and at the end of
the period. However this means that I’m leav-
ing out the firms that don’t respond, in this
case firms that failed in the last few years. You
can’t survey firms that went bankrupt. Now
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this is a problem because small firms may have
the same growth rate on average as large firms.
The problem is that small firms are also more
likely to go bankrupt than large firms, so the
set of firms that responds to the survey and
can make retrospective evaluations is more se-
lected for small firms than it is for large firms.
This is one of the reasons why you might worry
that you find evidence of a lot of data sets at
small firms grow more quickly, when what you
really finding as evidence that small firms grow
more quickly conditional on firm survival.

• In social science, there are many large longitu-
dinal surveys that are conducted i.e. surveys
that try to follow particular firms or individuals
over several years. One of the difficulties with
these surveys is that you need to find and inter-
view the same and individual repetitively. It is
often true that it is hard to find these individ-
uals or have them answer the survey year after
year and this also creates a selection problem.
In particular individuals with more stable jobs
and places of residence are more likely to an-
swer the survey, which means that there’s going
to be a strong selection for older and wealth-
ier individuals as the survey gets sent out year
after year.

The reason that you have to think hard about these
selection problems, is that there is a lot of fairly well-
known work which suffers from this type of issue,



and in many cases it mechanically generates a result
that might not be true when we don’t condition on
selection.



Censoring:

P (y|x) = P (y|x, z = 1)P (z = 1|x)+P (y|x, z = 0)︸ ︷︷ ︸
unobserved

P (z = 0|x)

we can see everything except for P (y|x, z = 0),
which is the issue here. One way took compute
P (y|x) given the available data, is to assume ignor-
able selection or nonresponse, i.e.:

P (y|x, z = 0) = P (y|x, z = 1)

This implies that

P (y|x) = P (y|x, z = 1)P (z = 1|x) + P (y|x, z = 1)P (z = 0|x)

= P (y|x, z = 1)
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Bounds Approach:

Can we still learn something given we never see
P (y|x, z = 0)? Suppose we can bound y ∈ [y, ȳ]
then we can say something about P (y|x). So the
worse case scenario is that P (y|x, z = 0) = y and
the best case scenario is that P (y|x, z = 0) = ȳ.
Thus we can create bounds on P (y|x):

P (y|x) ≥ P (y|x, z = 1)P (z = 1|x) + yP (z = 0|x)

and

P (y|x) ≤ P (y|x, z = 1)P (z = 1|x) + ȳP (z = 0|x)

So for instance in binary response models, y ∈ [0,1]
which make simple bounds to compute. This idea of
bounds to get around selection problems is starting
to percolate more and more into thinking in eco-
nomics (and should infect other disciplines soon).
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As an example, suppose that there are two groups in
the populations, the housed (h = 1) and the home-
less (h = 0). We know from a previous Census
Survey that 5% of the population is homeless. We
send out a mailed survey on the fraction of house-
holds which have a cell phone (P (c)) for which we
obtain that 60% of responding households have a
cell phone. However, no homeless households re-
spond to this survey (since it is mailed to a physical
address). What are the bounds on the number of
households with cell phones?
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The Heckman Selection Problem:

The model (data generating process) is the follow-
ing:

w∗ = Xβ + ε

and people see their wage and decide wether to work
or not:

z = 1(w∗ > R(y))

where R is a reservation wage.

Okay, what we see as the econometrician is:

w∗ =

{
Xβ + ε if y = 1

0 if y = 0

So the P [w|x]:

P [w|x] = P [w|x, z = 1]P [z = 1|x] + P [w|x, z = 0]P [z = 0|x]

= (Xβ + P [ε|ε > R(y)−Xβ])P [z = 1|x]

+ (Xβ + P [ε|ε < R(y)−Xβ])P [z = 0|x]

and from here it is clear why P [w|x] 6= P [w|x, z = 1].
There are many ways to get around this problem,
but this is the selection problem.
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Note that to really get around this problem, you
need to use some variable y that affects the reser-
vation wage, but not the wages in the market (like
having children, savings, distance to work or some-
thing like this). The fact that y changes R(y) but
not w(x) is called an exclusion restriction.



Simultaneity is Selection:

The simultaneity problem is often encountered. Let
me do the version with production functions. Con-
sider the following production function:

Yit = ΩitK
αk

it L
αl

it

where K is capital and L is labor input and Ω is
productivity. Taking logs we get.

y(log value added) = α0 + αll(log salaries)

+ αkk(log assets) + ε

Suppose that a firm can’t change it’s capital stock
in the short run, however it can change it’s labor
l. There it will choose higher labor when there is
a high ε, i.e. E[lε] > 0. Indeed, the input demand
function for labor here is given by maximizing the
profit function π = ΩitK

αk

it L
αl

it − wLit with the first-
order condition:

∂π

∂L
= αlΩitK

αk

it L
αl−1
it − w = 0

Yielding:

Lit =

(
ΩitKαk

w

) 1

1−αk

or in logs:
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lit = log(
1

1− αl
) (ε+ αkkit − log(w))

This is a selection problem, since it is saying that:

P [y|k, l] = P [y|k, l = l0]P [l = l0|k]+P [y|k, l 6= l0]P [l 6= l0|k]

Again, the issue is that we don’t see l uncondition-
ally, we see l conditionally on a certain realization
of ε.



Treatment Effects:

Some examples of treatment effects are:

• The effect of a job training program for unem-
ployed workers on their future earnings.

• The effect of the merger on prices within a
market.

• The effect of adopting ERP ( enterprise re-
source planning) on firm profits.

• And finally the most classic one, the effect of
a drug on patients health outcomes.

There is a censoring problem for treatment effects
di ∈ {0,1} since we only observe one of:

yi = yi0(x)(1− di) + yi1(x)di

where yi0 is the individual’s outcome if she doesn’t
get the treatments, and yi1 is individual i’s outcome
if she does get the treatment. Moreover, di if the
assignments to the treatment for individual i.

There are several reasons why we might believe that
the treatments are not assigned randomly:

• Administrators of Randomness:

In the head start program, it might be the case
that administrators are more likely to admit
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children with highly motivated parents. One of
the natural reasons for this if parents know that
there’s a program that may give their children
a better educational outcomes, the most moti-
vated of those parents can put strong pressure
to be selected into that group. So often the ad-
ministrators don’t really allocate the treatment
randomly, even if often in papers researcher will
say that they do.

• Expectations

Another issue is about the expectations of the
participants about the effectiveness of the pro-
gram. For instance I might get different se-
lection into the program if people think that
it’s effective versus if people don’t think that
it’s effective. Thus the very results of the study
might affect the selection into the program and
hence the validity of the study itself.

• Self-Selection: Retraining programs for workers
that have been laid off.

We might worry that workers who have higher
ability, or more motivation, might select into
the retraining program, while the workers with
lower ability, or less motivated workers might
opt out of this treatment. If we compare the
effect of the treatment program on workers
wages we clearly have to account for the fact
that be expectation of these wages are different



for the two groups even net of the treatment
program.

• Site Selection

it is often the case fats you can only put a
treatment program together in certain areas.
For instance if I wanted to look at the effect
of investments into schooling in India, I might
want to assign the sites randomly, in order to
understand the effect of investment across the
entire country. However you might be worried
that Maoist guerrillas are going to destroy the
site in Bihar, and kidnap your workers. For
this reason you end up having only sites in safe
states, such as Kerala. Again this will create a
selection effect of the treatment.

We will need to make some assumptions to be able
to estimate the treatment effect y1 − y0. As well,
there are different treatment effects that we are
usually interested in. Let’s go through some really
stupid terminology (I think that its a bit of jargon
for jargon’s sake).

Average Treatment Effect (ATE):

ATE = E(y1 − y0)

The average treatment effect or ATE, is the ex-
pected effect of the treatment on the entire popu-
lation. Notice that there are many cases were not



just interested in the mean outcome of the treat-
ment, but you might also worry about distributional
effects of the treatment as well. For example if I
was looking at the effect of head start on school-
ing outcomes, I might value outcomes very low in
the schooling distribution much higher than out-
comes up in the top tail of the schooling distri-
bution, since we might believe that is children with
very bad schooling outcomes that need to be helped
the most by this program

Average Treatment Effect on the Treated (ATET):

ATET = E(y1 − y0|d = 1)

At first the average treatment effect on the treated
or ATET might seem a bit bizarre, since why do we
care about the effect only on one subpopulation?
Isn’t this what the selection problem was all about,
fixing the fact that we don’t observe the entire pop-
ulation, but only the section of the population that
responds? But if I’m looking at the effects of a la-
bor training program, and particular if the benefits
of this program outweigh the costs of the program,
what I want to know is not what’s the effect of this
labor training program if I assigned it arbitrarily to
somebody in the population, for instance somebody
who already has a job, or somebody who is perma-
nently unemployed or on disability but I want to
know what’s the effect of this program on the spe-
cific population that would actually use it. This is



the case where I care about the average treatment
effect on the treated.

Let me give you an even more specific example that
comes from some my work on the effects of mergers
on prices. For the merger to be consummated, we
need that the firms choose to merge, and then we
need the regulator (in the United States either the
FTC or the Department of Justice) to approve the
merger. From the perspective of the regulator look-
ing to evaluate the effect of a proposed merger, I
don’t want to look at the effect of a merger for two
randomly chosen firms, but I want to look at the
effects of the merger given that firms are propos-
ing it. The effect given that firms are proposing it
might lead to substantially higher price increases, if
we believe that firms merge in order to raise prices,
or the effect might go the other way if I expected
firms only proposed mergers that they know won’t
have strong anticompetitive effects, and thus might
be approved by the regulator. Either way, looking at
mergers that were proposed or mergers that actu-
ally happened might be the exact treatment effect
we are looking for.



Average Treatment Effects, Heterogeneous Re-
sponse:

Sometimes we think that treatment effects might
very be there by subpopulation or by some other
characteristic x. This is known as the problem of
heterogeneity in the response to a treatment. For
instance, a famous case comes up in the treatment
of heart disease, were some drugs may have positive
effects for white patients, but high-risks for black
patients. Alternatively, there is now evidence that
the head start program is much more effective at a
very young age, i.e. 1 to 2 years old rather than at a
slightly older age, i.e. 3 to 4 years old. Let’s define
the average treatment conditional on characteristics
x as:

ATE(x) = E(y1 − y0|x)
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Now for some assumptions about what we need
to identify average treatment effects. Clearly, the
assumption of ignorable selection that we’ve seen
above will do the job. But let’s try to see if there’s
anything else that is slightly weaker that also works.

1. Random assignment of treatments.

di ⊥⊥ yi0, yi1, x
This is essentially assuming that treatment is
completely random, and it is a very strong as-
sumption. Let’s compute ATE:

E(y|di = 1, x) = E(y1|di = 1, x) = E(y1, x)

and also

E(y|di = 0, x) = E(y0|di = 0, x) = E(y0, x)

Combining these two results:

E(y|di = 1, x)− E(y|di = 0, x) = E(y1|x)− E(y0|x)

= E(y1 − y0|x)

So we can get an estimate of the treatment ef-
fect by taking the difference in means between
the treated group in the untreated group.

2. Mean or Median Independence

A weaker assumption that’s frequently used in
the literature, is mean independence. I also
really like the assumption of median indepen-
dence, since an assumption of mean indepen-
dents really imply something about the shape
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of the entire function, while median indepen-
dent is just saying something about a particular
quantile of the distribution.

Mean Independence:

E[y1|di, x] = E[y1|x]

E[y0|di, x] = E[y0|x]

Clearly given the assumption mean indepen-
dence, we can estimate the average treatment
effect as:

E[y1|di, x]−E[y0|di, x] = E[y1|x]−E[y0|x] = E[y1−y0|x]

Median Independence:

Med[y1|di, x] = Med[y1|x]

Med[y0|di, x] = Med[y0|x]

Clearly given the assumption median indepen-
dence, we can estimate the average treatment
effect as:

Med[y1|di, x]−Med[y0|di, x] = Med[y1|x]−Med[y0|x]

= Med[y1 − y0|x]

The reason median independent is so much
weaker, is that suppose that for instance in-
comes in the top 30 percentile are top coded,
and the 20% of people who don’t work, for
these people we never see their incomes either.



It is Going to be very hard to estimate an av-
erage treatment effect given these data limita-
tions. But to estimate the median treatment
effect is actually quite straightforward, since all
I care about is being able to observe what hap-
pens near the median in the data.

One last cool fact about medians, and then we
can move on to the rest of the lecture. The
media of a nonlinear function is the function
evaluated at the median.

Med[φ(x)] = φ(Med[x])

But this isn’t true for the expectation:

E[φ(x)] 6= φ(E[x])

Since that’s what Jensen’s inequality is all about.



Does Indiscriminate Violence Cause Attacks?

This is a political science paper on uses of violence.
It’s interesting since it spends a lot of time talking
about the selection problem.

Essentially the theory is does violence beget vio-
lence (spiral of recriminations theory). It is nicely
illustrated by a quote:

The elder of the village of Liakhovo, to-
gether with some villagers and German sol-
diers, robbed a partisan base. The next
day the partisan detachment demanded that
Liakhovo’s peasants return all that had been
taken. The elder promised, but the next
day tried to hide and was caught on the
road and killed. The German HQ sent
soldiers to the village. . . The partisan
detachment destroyed the German convoy
with seven men. After this, German sol-
diers razed the settlement to the ground
with tanks (Hill, 2005, 52)
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The issue is the role of selection effects in this story.
Not all villages have insurgent attacks nor is there
use of state violence. Let’s look at the case in the
paper which is about shelling villages in Chechnya
(state violence) and subsequent insurgent attacks.
The regression in the paper would look like:

Yit︸︷︷︸
Insurgent Attacks

= α Tit︸︷︷︸
Shelling

+Xiβ + εi (1)

But the issue is are villages with more shelling also
more likely to have a higher ε (say local organization
of militias is better, or more violent ethnic groups,
or more rugged terrain).

If you don’t believe this, then you think that Rus-
sian troops shell villages randomly.
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Figure 1: The Natural Experiment
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NOTE. 147 populated settlements (73 treated, 74 control).
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Data:

• Collects data on insurgent attacks and shelling
from newspaper sources, NGOs and official press
releases. (you should be thinking about the po-
tential for missing data here).

• Demographic and Ethnic data on villages.
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Table 3: Treatment and Insurgent Violence

Treatment Treatment Treatment Treatment
only with covariates only with covariates

All Villages All Villages Groznyy Dropped Groznyy Dropped
1 2 3 4

Treatment -0.516** -0.506*** -0.444** -0.579***
(0.214) (0.168) (0.188) (0.185)

Constant -0.101 -0.645 -0.062 -1.112
(0.093) (0.785) (0.835) (0.893)

F (1, 121) = 5.80 (11, 121) = 3.45 (1, 118) = 5.58 (11, 118) = 7.90
Prob > F 0.02 0.00 0.02 0.00
N (Clusters) 318 (123) 318 (123) 298 (119) 298 (119)
Note: Robust cluster-adjusted (on village) standard errors in parentheses. *Significant at 10%
**Significant at 5% ***Significant at 1%

47
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Table 1: Village Level “As-If” Randomization Tests and Post-Matching Statistics

Covariates Mean Treated Mean Control Mean Difference Std. Bias Rank Sum K-S Test

“As If” Randomization

population 7.364 7.020 0.344 0.209 0.248 0.133
poverty 2.425 2.284 0.141 0.245 0.163 0.802
tariqa 0.027 0.068 -0.041 -0.244 0.255 -
elevation 5.933 5.756 0.177 0.225 0.202 0.169
isolation 4.424 3.959 0.465 0.171 0.641 0.990
neighbor 0.742 0.899 -0.157 -0.213 0.321 0.542
garrison 0.178 0.122 0.056 0.145 0.339 -
rebel 0.548 0.446 0.102 0.204 0.218 -

Post-Matching

population 7.830 7.759 0.071 0.046 0.951 0.516
poverty 2.321 2.239 -0.082 -0.137 0.300 0.983
tariqa 0.050 0.057 -0.007 -0.030 0.803 -
elevation 5.834 5.766 0.068 0.095 0.650 0.219
isolation 3.767 3.836 -0.069 -0.028 0.655 0.516
neighbor 0.896 0.882 0.014 0.021 0.839 0.516
garrison 0.258 0.283 -0.025 -0.057 0.614 -
rebel 0.585 0.522 0.063 0.128 0.260 -
attacks 2.113 2.151 -0.038 -0.001 0.871 0.713
sweeps 0.478 0.447 0.031 0.031 0.987 1.000

45
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Mariel Boatlift Paper:

The Mariel Boatlift paper by Card is a very famous
paper on natural experiments. The general question
of this paper is a long-standing question in labor
economics, does letting in more immigrants create
pressure on domestic wages i.e. does the country
have an incentive to let immigrants in, or do these
immigrants and up lowering the wages for people
inside the country. Depending on what you think
about the answer to this question, immigration is
either costly, or perhaps beneficial on the receiving
country.

Some comments:

• The Mariel Boatlift refers to the arrival of 60,000
Cubans in 1980, mainly by boat, arriving in
South Florida.

• This a very large influx given that most of the
Mariel Cubans settled in one city: Miami.

• However, Miami was one of the nation’s most
multiethnic cities at the time, with over 30% of
it’s population born abroad, and much of that
population was hispanic, and much of those his-
panics were cubans. LA in comparison only had
22% of it’s population born abroad.

• The Mariel Cubans were a difficult immigrant
group, since many of them were less educated
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that the Cubans who had arrived before, and
there is some suspicion that Fidel Castro used
the occasion to send Cuban inmates into the
U.S..

• Theory would tell us that we need to think
about: Supply and Demand for Labor.

Employed

W
ag

es

Demand for Labor

Supply of Labor Pre Mariel

Supply of Labor Post MarielwPre

wPost

q_pre q_post

• Who would be the most affected group: other
unskilled workers, cubans, blacks.

• What are the distributional effects of the Mariel
Boatlift? Which wages get affected and by how
much?



249 THE MARIEL BOATLIFT 

Table 2. Characteristics of Marie1 Immigrants 
and Other Cubans: Tabulations from March 

1985 CPS. 
Mallel All other 

Characterlst~c Immz,qants Cz~bnns 
Educational Attainment 
(Percent of Population in Each 

Category): 
No High School 56.5 25.4 
Some High School 9.1 13.3 
Completed High School 9.5 33.4 
Some College 6.8 12.0 
Completed College 18.1 15.8 

Percent Male 55.6 50.7 
Percent Under 30 in 1980 38.7 29.6 
Mean Age in 1980 (Years) 34.9 38.0 
Percent in hliami in 1985 53.9 52.4 
Percent Worked in 1984 60.6 73.4 
Mean Log Hourly Earnings 1.37 1.71 
Occupation Distribution (Percent 

Elnployed in Each Category): 
ProfessionaVManagers 19.3 21.0 
'Technical 0.0 1.5 
Sales 4.5 11.2 
Clerical 2.5 13.5 
Crafts~nen 9.5 19.9 
Operatives 19.1 13.8 
Transportatio~~Ops. 3.8 4.3 
Laborers 10.8 3.3 
Farm Workers 0.0 1.8 
Less-Skilled Service 26.0 7.4 
More-Skilled Ser~ice  4.6 2.3 

Sample Size 50 528 
Weighted Count 42,300 476,900 

Note: The sample consists of all Cubans in the 
March 1985 Current Population S u r ~ e y  age 21-66 
(i.e., age 16-61 in 1980). Mariel immigrants are 
identified as those Cubans who stated that they lived 
outside the United States 5 years previously. 

increased nearly 30% between 1979 and 
1980 (see Wilbanks 1984:142). On the 
weekend of May 17, 1980, a three-day riot 
occurred in several black neighborhoods, 
killing 13. A government-sponsored com- 
mittee that was set up to investigate the 
riot identified other long-standing griev- 
ances in the black community as its cause, 
but cited the labor market competition of 
Cuban refugees as an important back-
ground factor (Governor of Florida 1980: 
14-13). 

Another widely cited indicator of the 
labor market pressure created by the 
Marie1 influx is the Miami unemployment 
rate, which rose from 5.0% in April 1980 

to 7.1% in July. Over the same period 
state and national unemployment rates 
followed a similar pattern, suggesting 
that the changes in Miami were not 
solely a response to the Marie1 influx. 
Nevertheless, widespread joblessness of 
refugees throughout the summer of 1980 
contributed to a perception that labor 
market opportunities for less-skilled na- 
tives were threatened by the Marie1 immi- 
g r a n t ~ . ~  

Tables 3 and 4 present simple averages 
of wage rates and unemploynlent rates for 
whites, blacks, Cubans, and other Hispan- 
ics in the Miami labor market between 
1979 and 1985. For comparative pur-
poses, I have assembled similar data for 
whites, blacks, and Hispanics in four other 
cities: Atlanta, Los Angeles, Houston, and 
Tampa-St. Petersburg. These four cities 
were selected both because they had 
relatively large populations of blacks and 
Hispanics and because they exhibited a 
pattern of economic growth similar to that 
in Miami over the late 1970s and early 
1980s. A comparison of employment 
growth rates (based on establishment-level 
data) suggests that economic conditions 
were very similar in Miami and the 
average of the four comparison cities 
between 1976 and 1984. 

The wage data in Table 3 reveal several 
features of the Miami labor market. 
Perhaps most obvious is that earnings are 
lower in Miami than in the comparison 
cities. The differentials in 1979 ranged 
from 8% for whites to 15% for blacks. 
More surprising is that real earnings levels 
of whites in both Miami and the compari- 
son cities were fairly constant between 
1979 and 1983. This pattern contrasts 
with the general decline in real wages in 
the U.S. economy over this period (see 
Round and Johnson 1989:5-6) and under- 
scores the relatively close correspondence 
between economic conditions in Miami 
and the comparison cities. 

For example, a Florida State Employment Ser- 
vice official and a Department of Labor Wage and 
Hours Di~ision official noted downward pressure on 
wages and working conditions in the unskilled 
segment of the Miami labor market (Busirzess Week 
1980). 
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250 INDUSTRIAL AND LABOR RELATIONS REVIEW  

Table 3. Logarithms of Real Hourly Earnings of Workers .4ge 1G-61 in hliami and Four  

Groufi I979 

;\4inmz: 
Whites i.85 

i.03) 
Blacks 1.59 

(.03) 
Cubans 1 3 8  

(.02) 
Hirpariics 1.32 

i.04) 

Cornpat-ison C z t i ~ ~ :  
Whites 1.93 

(.01) 
Blacks 1.74 

(.01) 
Hisi~anics 1.6.5 

Comparison Cities, 1979-85. 
1980 1981 1982 I983 1984 1985 

I .90 1.91 1.91 1.90 1.91 1.92 
(.01) (.01) (.01) (.01) 
1.70 1.72 1.71 1.69 1.67 1.65 
(.02) (.02) ( .0 i )  c.02) (.02! (.03) 
1.63 1.61 1.61 1.58 1.60 1.58 

.Vote: Entries represent ~ ~ l e a n s  1980= 100)uf log hourly earnings (deflated by the Cotisunier Price Index- 
fur \vurkers age 16-61 in hliarni arid four comparison cities: Atlal~ta, Houston, Los Angeies, and 'T'ampa-St. 
Petersburg. See note to ?'able 1 for definitioris of groups. 

Sot~rre:Based on samples of employed workers in the outgoing rotatiori groups uf the Currel-it Pupul;ttion 
Survey in 1979-85. Due to a change in SSISA coding procedures in 1985, the 1985 sample is based on 
individuals in outgoing rotation groups Tor January-June of 1985 only. 

In cor~trast to ;he pattern for whites, the 
trends in earnings for nonwhites and 
Hispanics differ somewhat between Miami 
and tlie comparison cities. Black wages in 
Miami were roughly constant from 1979 
to 198 1, fell in 1982 and 1983, arid rose to 
their previous level in 1984. Black earn- 
ings in the comparison cities, on the other 
hand, show a steady downward trend 
between 1979 and 1985. These data 
provide no evidence of a negative inrpact 
of the Mariel immigration on black wages 
in Miami. The  data do suggest a relative 
downturn in black wages in Miami during 
1982-83. It seems likely, however, that 
this downturn reflects an unusually severe 
cyclical effect associated with the 1982-83 
recession. ( I  return to this issue in Table 6, 
helow.) 

Wage rates for non-Cuban Hispanics in 
Miami were fairly stable between 1979 and 
1085, with only a slight dip in 1983. In 
contrast, Hispanic wage rates in the 
coniparisori cities fell about 6 percentage 
points over this period. Again, there is 120 
evidence of a negative effect in Miami, 

either in the immediate post -l\/lariel period 
or over the longer run. 

Table 3 does indicate a decline in Cuban 
wage rates relarive to the wage rates of 
other groups in Miami. Relative t o  the 
wages of whites, for example, Cuban 
wages fell b y  6-7 percentage points be- 
t.wTeen 1979 and 1981. Assu~nirig that the 
wages of earlier Cubarl immigr;ints were 
constant, this dec.line is consistent with the 
addicion of 45,000 Mariel workers to the 
pool of Cubans in the Miami labor force, 
and with the 34% wage differential be- 
tween Mariels arid ot,he~. (;uha~as noted i r ~  
l 'able 3. A more thorough ana!ysis of 
Cuban wages is presented in Table 7, 
below. 

Thc  unemployment rates in T;~bie3 
lead to he same general conclusions '1s the 
wage data in Table 3. There is no e~.icir.nce 
that the hlaricl influx adversely affecterl 
the unemployment rate of either :v'rlites or  
blacks. The  unemployment rates ~ 1 1 ~ 5  aI C S ~  
severe cyclical downturn in the black lahor 
rnarket in Miami in 1982-83. Black urlem- 
ployir!ent rates in Miami, which had been 
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Table 4 .  Unemployment Rates of Individuals Age 16-61 in Miami and  
Four Comparison Cities, 1979-85.  
(Standard Errors in Parentheses)  

Blacks 8.3 5.6 9.6 16.0 18.4 14.2 7.8 
(1.7) (1.3) (1.8) (2.3) (2.5) (2.3) (2.3) 

Cubans 5.3 7.2 10.1 10.8 13.1 7.7 5.5 
(1.2) (1.3) (1.5) (1.5) (1.ti) (1.4) (1.7) 

Hispanics 6.3 7.7 11.8 9.1 7.5 12.1 3.7 
(2.3) (2.2) (3.0) (2.5) (2.1) (2.4) (1.9) 

Whites 

Blacks 

Hispanics 6.3 8.7 8.3 12.1 11.8 9.8 9.3 
(0.6) (0.6) (0.6) ('3.7) (0.7) ('3.6) (0.8) 

'Vote: Entries represent means of unemploylnent indicator variable for individuals age 16-61 in Miami and 
four comparison cities: Atlanta, Houston, Los Angeles, and Tampa-St. Petersburg. Samples are based on 
individuals in the labor force. See notes to Table 3 for definitions of groups and data sources. 

2-4 points lower than those in the unemployment rates in Tables 3 and 4, 
comparison cities from 1979 to 1981, which combine workers of all ages and 
equalled or exceeded those in the compar- education levels. do not directlv address 
ison cities from 1982 to 1984. The 1985 the question of whether the ~ a i i e l  immi-
data indicate a return to the pre-1982 gration reduced the earnings of less-
pattern, although the sampling errors are skilled natives in Miami. A more direct 
large enough to prevent precise infer- answer is provided by the data in Table 5. 
ences. In order to identify "less-skilled" workers, 

Unlike the situation for whites and I fit a linear regression equation for the 
blacks, there was a sizable increase in logarithm of hourly earnings to workers in 
Cuban unernployinent rates in Miami the comparison cities. The explanatory 
following the Mariel immigration. Cuban variables in this regression included edu- 
unemployment rates were roughly 3 per- cation, potential experience, squared po- 
centage points higher during 1980-81 tential experience, indicator variables for 
than would have been expected on the each gender and race group, and interac- 
basis of earlier (and later) patterns. Assum- tions of the gender-race indicators with 
ing that the unemployment rates of earlier potential experience and squared poten- 
Cuban immigrants were unaffected by the tial ex~erience. 1 then used the estimated I  

Marie1 influx, this effect is consistent with coefficients from this equation to form a 
unemployment rates of around 20% predicted wage for each non-Cuban worker 
among the Mariels themselves. Although in Miami. and sorted the s a m ~ l e  from I  

far from conclusive, this simple calculation each year into quartiles on the basis of 
suggests that the increase in Cuban unem- predicted wage rates. 
ployment rates could easily be explained This procedure provides a simple way 
as a result of the addition of the Marie1 to identify more- and less-skilled workers 
refugees to the C,uban population, with in the Miami labor market. Means of 
little or no effect on earlier immigrants. actual log wages for each quartile and year 

The simple averages of wages and are presented in the first four columns of 
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Table 5. Means of Log Wages of Non-Cubans in Miami by Quartile  
of Predicted Wages, 1979-85.  

(Standard Errors in Parentheses)  
hlean of Log Wage b\ Quart~le of Pred~cted Wage Dzffere~iceo f  

Year 1st Quart. 2nd Q n r t .  3rd Quort. 4th Quart. ,~fe&s: 4th -"lst 

1979 1.31 1.61 1.71 2.15 .84 
(.03) (.03) (.03) (.04) (.05) 

1980 1.31 1.52 1.74 2.09 .77 
(.03) (.03) (.03) (.04) (.05) 

1981 1.40 1.57 1.79 2.06 .66 
(.03) (.03) (.03) (.04) (.05) 

1982 1.24 1.57 1.77 2.04 .80 
(.03) (.03) (.03) (.04) (.05) 

1983 1.27 1.53 1.76 2.11 .84 
(.03) (.04) (.03) (.05) (.06) 

1984 1.33 1.59 1.80 2.12 .79 
(.03) (.04) (.04) (.04) (.05) 

1985 1.27 1.55 1.81 2.14 .8 7 
(.04) (.04) (.04) (.05) (.06) 

AJote: Predicted wage is based on a linear prediction equation for the log wage fitted to individuals in fo~u.  
comparison cities; see text. The sample consists of non-Cubans (male and female, white, black, and Hispanic) 
between the ages of 16 and 61 with valid wage data in the earnings supplement of the C ~ u r e n t  Population 
Survey. Wages are deflated by the Consumer Price Index (1980= 100). 

Table 5. T h e  difference in mean wages 
between the first and fourth quartiles, 
which provides an index of the spread in 
the wage distribution, is presented in the 
fifth column of the table. 

If the Marie1 immigration reduced the 
wages of less-skilled natives, one would 
expect to observe a decline in the wage of 
workers in the lowest skill quartile, at least 
relative to workers in the upper quartile. 
The  actual averages show no evidence of 
this effect. Apart from the temporary 
increase in relative wages of workers in the 
lowest quartile between 1979 and 1981, 
the distribution of non-Cubans' wages in 
the Miami labor market was remarkably 
stable between 1979 and 1985. Taken 
together with the data in Table 3, these 
data provide little evidence of a negative 
effect of the Marie1 influx on the earnings 
of natives. 

A final check is provided in Table 6, 
which contains more detailed information 
on wages, employment rates, and unem- 
ployment rates for blacks in Miami be- 
tween 1979 and 1985. I separately ana-
lyzed the set of all blacks and the set of 
blacks with less than 12 years of education 
in order to isolate any stronger effect on 

the less-skilled segment of the black 
U 

population. For both groups I calculated 
the differential in wages between Miami 
and the com~ar ison  cities (both the unad- 
justed difference in mean log ways and a 
regression-adjusted differential that con-
trols for education, gender, marital status, 
part-time status, privatelpublic employ-
ment, and potential experience) and the 
differentials in the employment-popula- 
tion rate and the unem~lovment rate 

1 ,  

between Miami and the comparison cities. 
As indicated in Table 3, the wage 

differential for blacks in Miami relative to 
those in the comparison cities decreased 
slightly between 1979 and 1981. The  
differential increased substantiallv in 1982. 
but then began a steady d o w n d r d  trend 
after 1983. By 1985, the wage gap was less 
than 3% for all black workers. and was 
actually positive for less-educatkd blacks. 
T h e  magnitudes of the regression-
adjusted wage differentials are not signifi- 
cantly different from the unadjusted wage 
differentials, and show no evidence of any 
effect of the Marie1 immigration on black 
wages. 

A similar conclusion emerges from the 
pattern of differentials in employment-
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Table 6. Comparison of Wages, Unemployment Rates, and Employment Rates for Blacks in  
Miami and Comparison Cities.  

(Standard Errors in Parentheses)  
All Bncks Low-Educnt2otz Blacks 

Dfference 111 

Log I.17nges, 
1bf2amz - Co?r~par~son 

Year Actual Adizlited 

1979 - . I 5  - . I 2  
i .03) i .03) 

1980 -.1G - . I 2  
i .03) (.03) 

1981 - . I 1  - . l o  
i .03)  i .03) 

1982 - .24  - .20 
,i.O3) i .03)  

1983 - .21 - . l 5  
i .03)  ( .03)  

1984 - . l o  - .05 
(.03) (.03) 

1985 -.05 - .01 
(.04) i.04) 

Dfferetzce ztz  
Emp IC'tzemp ,  

~ b f z n m ~- Compar~sotz K-
PoB. Rnte C'tzemB Rnte 

.OO -2.0 
( .03)  (1.9)  
.05 -7.1 

i .03)  (1.6) 
.02 -3.0 

i .03) (2.0) 
- ,015 3.3 

i .03) (2.4) 
- .02 1 

i .03) (2.7) 
- .04 2.1 

i .03) (2.4)  
- .06 -5.5 

i .04)  (2.6)  

Dfference in 
Log IVnges, 

1V11nmz- Compa~~son  
Actztnl Adrwtcd 

- . I 3  - . I 5   
i .05) (.05)  
- .07 - .07  

i .05) i.05)  
- .05 - . I 1   

i .05) (.05)  
- . I 7  - .20  

i .05) (.05)  
- . I 3   - . I 1   

i .06)  i.05)  
- .04 - .03  

i .06)  i .05)   
.18 .09 

i .07) ~ 0 7 )  

Dfference 112  

Entp Il'nemp ,  
lV11nm~- Compnrlson  

E~~ -

PoB Rnte C'nen~b Rnte 

.03 - .8 
(.04) (3.8) 
.03 -8.2 

i .04)  (3.5) 
.04 - 7.7 

i .04) (4.2) 
- .04 .6 

i .04) (4.7) 
.04 -3.3 

i .04) (4.7) 
.05 1 

(.04) (4.7)  
.OO -4.7 

i.06) (5.6) 
Notes: Low-education blacks are those with less than 12 years of completed education. Adjusted differences in 

log \\.ages between blacks in Xliami and cotnparison cities are obtained from a linear regression model that 
includes education, potential experience, and other control variables; see text. Wages are deflated by the 
Consumer Price Index (1980= 100). "E1np.-Pop. Rate" refers to the employ~nent:population ratio. "Lnemp. 
Rate" refers to the unemployment rate among those in the labor force. 

population ratios and unemployment rates.Y 
Among all blacks, there is some evidence 
of a relative decline in the employment- 
to-population ratio in Miami between 1979 
and 1983.1° This effect seems to have 
started in 1982, and is less pronounced 
among low-education blacks than among 
those with more education. As noted in Ta- 

g I also computed regression-adjusted employment- 
population and une~nployment gaps using simple 
linear probability ~nodels. The explanatory power of 
the statistical rnodels is so low, however, that the 
adjusted differentials are allnost identical to the 
unadjusted differentials. 

''Although they are not reported in Table 6 ,  I 
have also constructed differentials in the labor force 
participation rate between hliami and the compari- 
son cities. For blacks as a whole these show a decline 
in relative participation rates in Xlianii starting in 
1982, a l tho~~ghthe decline is only temporary for the 
low-education group. The differential in labor force 
participation rates is approxi~nately equal to the 
differential in the e~nployment-pop~~latioll rate plus 
the differential in the iunemplo~lnent rate multiplied 
by the average labor for.ce participation rate (.'ifor 
the overall group, .55 for the low-education group). 

ble 4, the series of unemployment rate dif- 
ferentials indicates a sharp downturn in la- 
bor market opportunities for blacks in 1982. 
Given the lag between the arrival of the 
Mariels and the emergence of this unem- 
ployment gap, however, the gap seems 
more likely to have resulted from the 1982 
recession than from the influx of less- 
skilled immigrants. 

The  effects of the Marie1 immigration 
on Cuban labor market outcomes are 
examined in detail in Table 7. The  first 
column of the table reproduces the means 
of log wages in each year from the third 
row of Table 3. The  second column gives 
predicted log wages of Cubans in Miami, 
using estimated coefficients from a regres-
sion equation fit to Hispanics in the four 
comparison cities. The  gap between actual 
and predicted wages is presented in the 
third column of the table. These series 
show that the 9 percentage point decline 
in Cuban real wage rates in Miami 
between 1979 and 1985 was a result of two 
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Results: What does Card find:

• No effect on wages.

• No effect on unemployment rates.

• No effect of relatively less skilled workers (blacks
and hispanics).

• No effect on the distribution of wages.

• No effect on unemployment rates.

• Note: The control cities really matter! There
is a recession in the early 80’s which is doing far
more work than the Boatlift in Miami to move
around employment rates and wages.

• Perhaps natives responded to the Mariel Boatlift
by moving to other cities than Miami (response
to immigration is in internal migration choices).

• Perhaps Miami and Cubans in Miami in partic-
ular were particularly well suited for immigra-
tion?

• Effect of Mariel on the social welfare system,
criminality, schools and so on is not discussed
in detail.
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Greenstone-Moretti on Million Dollar Plants:

Greenstone and Moretti study the decision of plants
of were to locate (in which county in particular), and
what the effect of these plants locating a specific
county has on the county itself. The reason that
they’re interested in this problem, is that there’s
this real question in public economics about giv-
ing tax breaks so that large industries will locate in
a specific area. In particular there’s a question of
while politically it may be beneficial to be seen as
having attracted a large plants. However, economi-
cally these plants may have negative effects on local
residents, especially when these plants or firms are
offered very generous tax rebates, or tax incentives.
(i.e. see the Montreal Olympics as an example of
this problem)

Of course the problem of selection is that plants
might be more likely to locate in certain types of
counties, so we can’t just compare the counties that
had a plant locate versus plants that did not have
the plant locate there. The ingenious idea in this
paper is what we should do is use as a control group
the counties that were in the running for this plant
to locate in their area, but ended up losing at the
very end. While these counties might also be differ-
ent in some way from the winning counties, there’s
a better chance that there closely matched to the
winning counties on covariates.
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• Note the treatment and control groups being
used in this paper.

• Which treatment effect is being estimated? Ef-
fect conditional on being in the running. This
is not representative of all counties in the coun-
try.

• The Welfare Effect here is really not discussed.
We are subsidizing firms to locate in a certain
location using a dollar of tax money t which
costs 1+λ dollars of social welfare to raise (note
λ is the deadweight loss of taxation, estimated
to be about 0.3). Essentially, at best firms will
locate in the best location, and may even locate
in second best location if the tax incentives are
misaligned in different areas.

• The best one can do if figure out how the in-
centives for locating million dollar plants looks.
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