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2
obtain the

treatment on their own.

A clinícal trial with partial
randomizatíon of

refers to the

referred to as

(1984)

In his

test preparatíon study,

Holland

randomizatíon of encouragement or assístance as

framework widely used ín observational studies

instrumental variables

In estímation based on the draft lottery,

an instrument foz whether men born in certain years

in the military.

More generally,

used to evaluate

served

instrumental variables techniques can be

the effect of an intervention whenever a variable can be
chat is associated with

"instrwoent")

solely by virtue of its
Whether couched
variables or not,

in

the randomly assigned

lottery number is

(the

into

Each of these examples is actually a special case of the

this category.

found

an

The smoking study by Permutt and Hebel also fits

"encouragement design."

econometrics.

is sometimes

(Efron and Feldman 1991.)

"intention-to-treat"

discussion of the Powers and Swinton
(1988)

compliance

the outcome of

interest

associatíon with treatment assignment.

in thr, econometrícian's language of instrumental

most of the literature on causal effects

in evaluation

research is concerned with estimating the average effect of a binary
treatment.

Since Rubin's

of causal ínference,
the average

(1974,

1977)

causal effects

influential

formulatíon of the problem

in statistics have usually been defined as

difference between the outcomes of the

treated and what these

outcomes would have been in the absence of treatment
recent paper

(Imbens and Angrist 1991),

(Holland 1986).1

In a

we extend the definition of causal

1See, for example, Heckman (1990), Manski (1991), and Angrist and Imbens
(1991).
Rubin (1974, 1977) and Angrist (1991b) are concerned with the average
Heckman and Robb
causal effect of binary treatment in an entire population.
(1985) discuss both of these types of causal effects in the context of linear
econometríc models.
An important early formulation of the problem of causal
ínference is Roy (1951).

1. Introduction
For a variety of ethícal and practical
have long been interested
random assigruoent.

reasons,

empirical researchers

in alternatives to evaluation designs based on

In medicine,

the uae of random assignment to evaluate

effícacy and medical interventions may require

that potentially beneficíal

treatments be denied to seriously ill patíents.

Some physiclans argue

denial of a potentially beneficial treatment violates the
Principle"

in medical ethics

(Royall

1991).

"Patient

that

Care

In the social aciences,

randomization of treatment raises some of the same ethical
medicine,

drug

issues as in

and may be impractical because of cost considerations,

or because of

political resistance to the randomization of social policy interventions
(Manski and Garfinkel

1991.)

Although random assignment of
research design,

credible alternative designs and statistical methodologies

may be available.

Hearst,

assigned prtority for
to estimate

Newman,

and Hulley

(1986)

used the

randomly

conscription generated by the Vietnam-era draft

(1990)

used the lottery to atudy the effect of mílitary

service on the civilian earnings of veterans.
test-preparation on Graduate Record Examination

In a study of the effects
(GRE)

scorea,

for

the GRE (Powers

the effect of maternal
sample of pregnant

and Swinton 1984.)

smokíng on birth weight,

Finally,

in clinícal trials,

may decline treatment,

is a study of

a randomly selected

amokers was enrolled ín a course designed to

participants to reduce or quit smoking

to prepare in

A fourth example
in which

of

a randomly

chosen group of test-takers was encouraged, but not compelled,
advance

lottery

the effects of military service on the subaequent mortality of
Angrist

veterans.

treatment is often represented as an ideal

(Permutt and Hebel 1984,

patíents randomly assigned to

the

encourage
1989.)
treatment group

and some members of the control group may be able

to
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Abstract

In evaluation research,

an average

causal effect

the expected difference between the outcomes
outcomes would have been ín the
causal effects makes

of the

is usually defined as

treated,

absence of treatment.

sense for binary treatments only.

and what these

Thia definition of
In this paper,

we

extend the definitíon of average causal effects to the case of variable
treatments such as drug dosage,
and years of schooling.
instrumental variables

We

hours of exam preparation,

cigarette smoking,

show that given mild regularity assumptíons,

índependence assumptions

identify a weighted average of

per-unit causal effects along the length of an appropriately defined causal
response

function.

Conventional

instrumental variables

and Two-Stage

I.east

Squares procedures can be interpreted as estimating the average causal
response

to a variable treatment.
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3
effects
IATE

to include the notion of a Local Average Treatment Effect

is the average effect of treatment for

those whose

affected by exogenous variation in some third variable.
smoking study,

IATE

For example,

ín the

of test preparation for

reduced their smoking as a consequence

In the test-preparation study,

counseling and assistance.

IATE

students whose studying behavior was

randomly assigned encouragement intervention.

served

treatment status is

is the average effect of maternal smoking on birth weight

for babies whose mothers quit or

study of the

(IATE).

draft lottery,

1ATE is

Finally,

of

is the effect

ínfluenced by the

ín Angrist's

the effect of veteran status

(1990)

for men who

in the military as a consequence of their draft lottery number.
In our previous paper,

we showed that

LATE for a binary treatment is

identified under a mild regularity condition satisfied
models and circumstances.

Essentially,

in a wide range

this condítion requires

instrumental variable affect treatment status in a monotone way.
lottery example,

of

that the
In the draft

we require that men with lottery numbers putting them at risk

of conscríption are at

least as

likely to serve as

they would have been had

they had lottery numbers exempting them from conscríption.z
monotonícity condition is satisfied,
using conventional

línear

When the

IATE is identified and can be estimated

instrumental variables

and Two-Stage Least Squares

(TSLS) estimators.
The purpose of

this paper ís

to extend the definition of LATE and the

corresponding identifícation and estimation results to
treatments.

For example,

the

case of variable

instead of estimating the effect of a certain drug

ZCígarette smoking is not a binary treatment and so LATE is not defined
But the monotonicity condition
in the Permutt and Hebel (1989) smoking study.
can still be defined; it requires that women given anti-smoking counseling
Permutt and Nebel
smoke no more than they would have without the counseling.
suggest this condition in an informal discussion of their results.

4
treatment regime on health,
entire dose-response
through

we

are interested

function.

The methodological points are

two empirical examples.

Powers and Swinton's

( 1984)

in estimating features of the

Fírst,

we briefly discuss

illustrated

the

results ín

study of encouraged preparation for the GRE.

Our

second i llustration i s based on a study of compulsory school attendance by
Angrist

and Krueger

( 1991),

interact with students'
years of schooling.

quarter of bírth to induce exogenous variation in

Angrist and Krueger used this exogenous variation in

schooling to estimate

the effect of schooling in econometric earnings

The causal

functíons.

which showed how compulsory attendance laws

effect

ídentified in each of

weighted average of points along the

these examples

is a

response function that would be

identified i f treatment were randomly assigned.

2. Causal Effects
To fíx ideas,

we continue

preparation on GRE scores.

The

the Educational Testing Service
exams,

to refer to the

study of the effect of test

intervention in this case was

of test-preparatíon materíals such as practice

and a strongly worded letter designed to encourage
The treatment of interest,

materials.

preparation materials or the

the mailing by

the use of

these

however, was not the receipt of

encouragement to use

them, but the actual number

of hours of preparation.
Let Y~ E 7t be
1,

2,

..

,

J.

the exam score given

We assume that

exists for each person,

even

We also define Dy E(0,

1,

2,

the Y~

j

,

K)

for j- 0,

are well-defined and that a full set

though only one
..

hours of preparation,

of the Y~ is

for Z E(0,

1)

actually observed.

to be

hours of preparation by a test candidate conditional on the

the number of
índícator for

5
whether he or she

received encouragement,

Z.

As with Y~,

Dy

is assumed to

exist for each value of Z for each person even though only one Dy is observed.
This

setup i s an ínnovation to the framework outlined by Rubin (1974,

because the Rubin framework i s limited to counter-factual outcomes

1977)

and binary

treatments.
Note that Yo i s
GRE.

One

the

test score of someone who doesn't prepare

of the causal effects we are interested in is

of preparing one hour rather
there are

(Jtl x J)~2

possible

expressed i n terms of the J
increase

than zero hours.

true causal

response

If the

Y~

treatment effects, Y~-Yi,

- Y~-1.

level

j.

We assume

randomly assígned,
unavailable
to outcomes,

of treatment,

each of which can be

treatment effects

The sequence of

level,

D,

is randomly assigned,

be estimated by subtracting the average response for
j-1

the effect

Y~

-

Y~-1

for a unít
defines

the

function for each individual.

treatment

treatment level

- Yo,

Given Jtl levels

línearly i ndependent

i n treatment level,

Y1

for the

then

E[Y~

- Y~-1]

can

individuals with

from the average response for individuals with treatment
that the level of treatment

( hours of preparation)

is not

but determined at least partly on the basis of í nformatíon

to the researcher.

Because this

informatíon may also be related

comparísons of average outcomes for different treatment levels

do

not consistently estimate the effect of a unit increase ín treatment.
Initially we assume that Z can take on only two values,
indícating assignment to the
hours

encouragement í ntervention or not.3

of preparation when not encouraged and D1 is

encouraged.

0 and 1,
Do

is the

the hours of preparation íf

For each person in the sample of test candidates,

we observe the

3The test-preparation study involved the random assignment of 4 different
types of preparatíon materials as well as encouragement to prepare for the
factorial design.
test, in a
5 x 2

6
triple

(Z,D,Y),

(1

-

-

Z)

Do

level of encouragement,

is the

is the hours of preparation,

test score.

Our principal

exístence of Yy)
potential

where Z

is

assumption ís

Y- Yp

is

the

D1 t

candidate's

identifyíng assumptíon (apart from assuming the
independent of all potential outcomes and

that Z is

treatment

and

D- DL - Z.

intensitíes.

test-prgparation example,

In the

encouragement is randomly assigned.

satísfied because

this
Formally,

we have:

Assumptíon 1

(Independence).

The random varíables

It is

Do,

D1,

Yo,

important to note

identify a meaningful average
Angrist

(1991)

Y1,

that this

Example 1 in Imbens and

shows that treatment effect heterogeneity can make comparísons

and E[Y~

D,

Z]

the treatment effect
there

assumption alone is not enough to

treatment effect.

of people by interventíon status
E[YID],

, Y~ are jointly índependent of Z.

..

are

(Z)

In this example E[YI

meaningless.

all constant even though E[DI

for every

individual

Z] varies wíth Z and

is strictly positive.

is no way to estimate an average treatment effect from

distribution of Y.

The

the instrument causes

intuition for the

treatment,

induced to leave

treatment.

is

cancel each other out even

though

the

Therefore,

the observed

in this example is

a large group of people with small

shift from non-treatment to
effects

result

that whíle

treatment effects

a small group wíth large
On average,

Z],

effects

treatment

in the

two groups

instrument is correlated wíth trentmen[

status and all treatment effects are positive.
The most common way to get around this problem is
constant treatment effect,

Ys

-

to

Y~-1 - a

for all

j

simply to assume a

and all

indíviduals.

7
This

is the assumption underlyíng most econometric

regressíon models,

as well as the application of

techniques by Permutt and Hebel

( 1989).

discussion of causality,

( 1988)

l.eamer

assumption such as Assumption 1,

framework,

"counter-factual"

instrumental variables

In hís comment on Holland's

the problem of causal i nference

approach to causal

individual outcomea.

ís

trivial

in

We believe the importance of
inference

trpatment effect heterogeneity arisas naturally

of counter-factual

(1988)

points out that given an independence

linear models with constant treatment effects.
the Rubin's

applícations using linear

is that

in this

from the assumptíon

Use of a model with hetezogeneous

treatment effects therefore helps clarify the definition of causalíty that
motivates evaluation research.~
Instead of restricting

treatment

effect heterogeneity,

in this paper we

lmpose

a non-parametric restriction on the process determining D as a function

of Z.5

This restriction can be characterized i n the test-preparation example

as follows:

We can allow the encouragement íntervention to lead to different

increases í n test-preparation time for different people,
interventíon to have no effect for some people.

and we can allow

But we assume that

intervention never leads to fewer hours of test preparation.

the

the

More generally,

we make the following monotonicity asaumption:

~Aigner and Zellner (1988), Holland (1986),
alternatíve frameworks for causal inference.

and Rubin (1990)

survey

SElsewhere (Angrist and Imbens 1991), we discuss bounds on treatment
effects attainable by imposíng a pziorí restrictions on the difference between
A varíety of other
two alternative weíghted average treatment effects.
results on non-parametric bounds for treatment effects are given by Manski
(1992.)

8
Assumption 2
Pr(D~

-

(Monotonicity).

Do ~ 0) - 1

This means
person.

or Pr(D1

that either

Assumption 2

varíables

(only one

D1

-

-

Da 5 0)

Do 7 0

cross.b

(CDF)

of

If J- 1,

In section 4,

D

given

Do 5 0 for each

if J 1 1,

implícation that the cumulative distributíon
Z- 1

and the CDF of

D

given

Z-0

the treatment

should not

is binary.

we compare empirical CDF's gíven Z in two examples.
result of the paper is given below for the case

- Do ~ 0:

Theorem 1.

Suppose that assumptions

1 and 2 hold and that Pr(D1 ~ j~ Do)

~ 0 for at least one j.

Then,

E[YIZ-1]-E[YIZ-0]

(1)

Nevertheless,

the CDF's cannot cross because

below,

D1 -

sínce it involves unobserved

of D1 or po is observed.)

The main theoretical
where D1

for each person or

is not verifiable,

Assumption 2 has the testable
function

- 1.

J

- E ~~ ~ E[Y~ - Yi-i~ Di ? j ~ Do]
E[D~Z-1]-E[D~Z-0]
j-1

-

~

where
Pr(Dl ~ j ~ Do)
J
EPr(Dl~ i~Do)
i-1
which implies that

0 S c.i~ 5 1

J
E m~ - 1,

and

j-1
so that

~

is a weíghted average per-unit treatment effect that can be

estímated from a sample of

(Y,

D,

Z).

6If D1 7 Do then Pr(D1 ~ j) ~ Pr(Da ~ j) for all j. This implies Pr(D ~
j~ Z-1) ~ Pr(D ~ jl Z-0) or Fp(j~ Z-0) ~ Fp(j~ Z-1) where Fp is the CDF of D.

9
Proof:

Let I(A) be the

following índicators:
I(Dy ~ j)

indicator

function for the

6y3 - I(Dy - j)

The indicators

and 6y3 - ay3

ó and a are

az3ti for Z- 0,1

-

Define

Note

'

Yo

t(1

~

-

Z)

'

and ay3

-

that ayo - 1 and ayJtl - o

related by the equations ay3 - ïi-3 óy3

and j- 0,1,...,J.

In terms of the óy3, Y can be written as:
J
Y- Z

the

for Z- 0,1 and j- 0,1,...,J;

for Z- 0,1 and j- 0,1,2,...,Jf1.

for all Z.

event A.

Yo -(

o

Z-

E YS

~

j-o

ói3) }~(1

-

Z).

J
E YS

.

j-o

603 )

Therefore,

- E

(

EIYIZ - 11

- E(Y~

J
E

~

j-o

YS

~

ó13

Z- o]

Z - 1

E

)-

l

J
S

j-o

Usíng the independence assumption,

J
E ( E YS
j-o

-

- E

J
I E YS

- E

J
I E

[ó~3 - ó031

'

j -0

j-1

[a13 -

[ (YS

YS

.

ó 03

I Z- 0

)

this can be written

)

ai3ti - aoJ } ~o3ti1

'

- YS-i)

(ai3

-

1

ao3) 1 f Yo

'

(aio -

aoo) )

which reduces to

- E (

J
E (YS

j-1

because ayo - 1
a13 and

ao3 equal

-

YS-1)

'

(a13

for Z- 0,1.
zero or one.

-

Now,

an3)

note

1

that

Therefore,

a13

a13 ? ao3 by assumptíon 2
- ao3 equals zero or one,

and that
and we
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can write the previous expression as

J
S E[Y3 - Ya-~ ~a~~ - aoj - 11 ' Pr(al~ - ao~ - 1)
j-1
J
- E

(2)

j-1

Now we

E[Y.i

-

YJ-i

turn to the

I DI ~ j 7 Doj

denominator of

D- Z' D~ t ( 1 - Z)

.

Pr(Dl 1 j~ Do).

(1):

J
' Do - IZ. E j' á~3) t ~(1 - Z)~

J
E j'

j-o

j-o

áoa~.

Therefore,

E[DIz - 1]
Again,

J
- E[DIz - o] - E(E j. ól~

j-o

usíng the independence

J
- E ( E j
j -o

~

(ál~ - áo,~)

Substituting for az~

E

J
~Z - 1 1- E 1 E j'

áo~~ z- ol .

j-o

assumption,

this equals

) .

- az~,l for ó~y this can be rewritten as

J
J
( E j ~(a~~ - a~~,~ - ao~ t ao~t~)1 - E I s(a~a - ao~) )
j-o
j-1
J
- E Pr(D1 ~ j ~ Do).
j-1

The requirement

that

instrument must affect the
proof of T'heorem 1,
and J.

D

Pr(D1 ~ j~ Do) ~ 0
level of treatment,

is assumed to

however,

take on a finite number of rational values.
takes

D.

Also,

j

means that

note that

the

in the

take on only integer values between 0

The only restriction necessary,

transformation to ensure that D

for some

ís that

D

be bounded and

Then one can always use

a linear

on only integer values between 0 and J.

11
A linear
ACR.

transformation of D does not have any effect on the numerator of the

The denominator

therefore amounts

i s multiplled by a constant.

to changing the units i n which

The linear transformation

treatment i ntensity is

measured.
Theorem

1 ís

and circumstances,
Y~

- Y~-1.

important because it shows
it

is possible to identify features

For example,

assigned encouragement or intention-to-treat;
also mechanically satisfied in the
( Imbens

( ACR.)

the monotonicity assumption is

We refer to the parameter

than

j

units to

for those whose

Note that

the average of

because of the
j

this

Y~ -

instrument,

or more uníts.

In the test-preparation example,
least j

as

the

treatment

this group need not be

population.

The weight attached to

less

~

This parameter captures a weighted average of

status is affected by the i nstrument.

number of people who,

in

and in desígns based on randomly

causal responses to a unit change i n treatment,

representative of the

of the distribution of

latent i ndex models commonly employed in

and Angzist 1991.)

Average Causal Response

of models

the monotonicity assumption appears plausible

research designs based on the draft lottery,

econometrics

that i n a wide variety

Y~-1

is proportional

change their treatment

This proportion is

to

the

from

Pr(D1 ~ j~ Do).

is the proportion of people who study at

hours when encouraged, but would study less than j hours if not

encouraged.

These weights can be estimated using a random sample of (Y,D,Z)

because
Pr(Dl ~ j ~ Do) - E(ai~ - ao,~)
- Pr(Di ? j)

- Pr(Do ~ j) - Pr(Do C j)

- Pr(D ~ j~ Z-0) - Pr(D ~ j~ Z-1).

- Pr(D1 ~ j)

12
Thus,

the weighting function is just the difference between the

CDF's of D

given 2.

A natural estimator of
(1).

This estimator

fitting

Durbin (1954)

~

is

the

sample analog of the left hand side of

ís an application of Wald's

straight lines,

estímator

grouping method of

(1940)

where the data have been grouped by

appears to have been the

first

ínstrument.

is also an instrumental variables estímator.

parameter estimates
parameterized as

in models where

a variable

sufficient

assumed that all that matters

treatment

For example,

a binary treatment.

conditions

Similarly,

the

to point out that the Wald

We conclude this section with a corollary that can be

discuss

empirical

used to interpret

is incorrectly

Permutt and Hebel

(1989)

ídentífy the effect of smoking when it is

to

for health ís whether any cigarettes are

smoked.

econometrícians sometimes estimate the effect of college and~or

hígh school graduation on earnings,

ignoríng the fact

that dummy variables

indícating graduation are nonlinear functions of an underlying years-ofschooling variable

Rosen and Willis 1979.)

( e.g.,

The corollary is based on the smoking example, and shows that Wald
estimates constructed by treating cigarette-smoking as a binary treatment have
a probability limit proportional to the ACR.

The factor of proportionality is

greater than or equal to one.

Corollary (Mis-specífied binary treatment.)

Suppose that the treatment of

interest i s assumed to be an indicator function of D,
I(Dz ~ 1).

Then, given Assumptions 1 and 2,

E(YIZ-1]-EjYI2'0]
(3)

EIdIZ`1]-EIdIZ:O]

-

~

'

~

-

~.

say

d~ azl -

13
where

E[DIZ-1]

-

E[D~Z-Oj

E[dIZ-1)

-

F.[dl2-Oj

J
E
Pr(D1 ~ j
j-1

~ -

~ Do)

-

~
Pr(D1 ~ 1~ D~)

so that ~ ~ 1.
Proof:

To establish the formula for ~, note that the numerator ia the same

as in Theorem 1.

E[aii~

Z-11

The denominator can be written

-

E[aoi~

Z-O1

- E[aii

aai]

- Pr(DI ~ 1~ Do).

That m ~ 1 is

immediate

where

is when then the instrument has no effect other than

~- 1

people to switch from

Thus, when a variable

from the

-

D - 0

treatment

resulting estímate tends
effect along the
of the ACR is

to

formula for ~.

D- 1.

omitted-variables bias

Thís

formula in a

actually functions of the treatment
function,

to cause

is incorrectly parameterized as binary,

to be too large relative

identified.

the only situatíon

~

length of the response function.

still

In fact,

result

to the average
On the

the

per-unit

other hand,

the sign

ís similar to the conventional

regression where

the omítted variables are

intensity other than the

indicator

d.

3. Multiple Instruments
In many empirícal
available.

For example,

applications,

a number of instrumental variables are

the experíment desígned to encourage test preparation
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involved

the random assígnment of 5 different types of test

material

( the

fifth type was no

use of these materials.

The

preparation

as well as a letter encouragíng the

material),

act of sending materials without

letter of

a

Assuming

encouragement also led to an íncrease in hours of exam preparation.
that both encouragement and
to increase

the sending of materials have no

effect other than

the interaction of 5 types

the number of hours of preparation,

of

preparation materíal with the encouragement letter in a factorial design
generates 9 potential instrumental varíables.
The typícal econometric

applícation of

imposes

a constant-treatment-effect model,

and all

individuals.

estimates of

the same

In this
a

case,

i n the constant

i n which

- Y~-1 - a

for all j

can be combined ínto a single more efficíent

the

In fact,

( TSLS.)

treatment effect model

variables estímator where

Y3

i nstrumental variables

alternative

estímate using Two-Stage Least Squares
TSLS

instrumental variables techniques

that it is an

is

instrument being used is the

regression of D on all the possible

interpretation of
instrumental

fítted value

from a

instruments.

The díscussion i n the previous section suggests
constructed usíng different

one

instruments

[hat estimates

of

should be expected to differ.

~
This

is

because different i nstruments are associated with different weightíng schemes
in the definition of the ACR.
alternative

What does

the TSLS estimator

i nstrumental variables estimates

--

--

which combines

produce when í t ís applied to

the heterogeneous-treatment-effects model outlined i n Section 2?
thís question for the case where
are combined

to form a single

K

We explore

mutually orthogonal binary instruments

TSLS estimate.

This

is a faírly general

example

because any set of discrete ínstruments can be recoded as a set of mutually
exclusive

i ndicator variables.

Alternately, TSLS using

K

orthogonal
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indicators can be thought of as a means of exploiting a single
instrument, W.

For example,

Ktl-valued

in the test-preparation experíment,

W

indexes

the 10 treatment and control groups.
In general,
ACR's,

(Ktl)xK~2

defined as:

~~

We

a Ktl-valued ínstrument can be used to form

assume

E[YI

W-k]

-

E[YI

W-t]

E[DI

W-k]

-

E[DI

W-1],

-

for k f P.

that

each underlyíng bínary

the denominators are non-zero.

ínstrument affects treatment the so that

Only

K

and the different ACR's are related as

E[D~ W-k]
~k~

are linearly

E[DI W-m]

- E[DI W-E]

EIDI

-

~ }
E[DI

W-k]

-

EIDI

Theorem 2 below shows

is

Since each of

~,k-1

function,

W-k]

E[D~

W-P]

that the TSLS estimator constructed by using K
ók - I(W - k),

a weighted average of the K
the

independent

Qme .

W-P]

linearly independent dummy variables,

response

~~

follows:

- E[D~ W-m]

-

ínstruments

of the

plus a constant as

linearly independent ACR's,

~k,k-1~

is a weighted average of points on the causal

the TSI.S estimate

also converges

to a weighted average of

points on the causal response function.
l,et the polnts of support of
E[D~

W-f]

~ E[D~

plus

a constant ín TSLS estimation

estimation using

W-m].

E[DI

Flnally,

WJ

W

be

ordered auch

that

note that uaing K dummíes,
is the same thing as

Q

c m

6k -

lmplies

I(W - k),

instrumental variables

plus a constant as instruments.

Then we have:
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Theorem 2.
construct

Suppose that E(DI

WJ

and a constant are used as

instrumental variables estimates of

(4)

~

instruments to

in the equation

Y- 7 t~D t c.

The resulting estimate has probability limit
EIY

(S)

.

(E[DI

W]

-

E[D]))

K

9w ~

`
E~E[DIW]

-

(E[D~W]

-

E[D]))

~ 1~k~k,k-3 ~
k-1

K
E x~
P-k
where

F~k -

(EIDIW-kl

- E[DIW'k-1])

(E[DIW-P]

-

E(D])

'
K

E x~ E[DIW-P]CE[DIW'P1 - E[D])
P-0
and

x~

- Pr[W-P].

Moreover,

1 ~ Wk ~ 0

K
E~k - 1.

and

k-1
Proof:

The denominator of the

the expression for

(6)

formula

for pk is

the same as the denominator of

To evaluate the numerator, we can write

~.

E[Y~ W-P] - ~e,~-3 ( E[DIW-P] - E[DIW-P-1]) t E[Y~ W-E-1]
P
- E~k,k-1 ( E[DIW-k]
k-1

-

E[DIW-k-1])

t

E[YI

W-0]

and
(7)

EIY

Substitutíng

.(E[D~

(6)

K

W]

for E[YI

W-P]

-

E(EIYI

in (7),

W'P)

'(E[DI

W-P]

-

EÍD])f.

the numerator is

W-P]-E[D])

~k.k-i(E[DIW'k]-E[D~W-k-1])

K

E
E I(1ckGP)
P-0 k-1

K

E[D]))

P

E
E ae(E[DI
P-0 k-1

K

-

K

'

x~(E[DI

W`P]-E[D])

~k.k-i(E[DIW`k]-E[DIW-k-1])

E
E x~(EID~ W-P]-E[DI) ~k.k-3(E[DIW-k]-E[DIW-k-1]).
k-1 P-k
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This establishes the right hand side of

( 5).

The weíghts,

p~,

are non-

negative because the points of support of W are ordered such that E[DI
E[DI

To show that the weights sum to one,

W-k-1].

numerator of the

K

pk's

note that

W-k]

~

the sum of the

is

K

E
E x~CEIDI W-P]-EID)) (E[DIW-kI-E[DIW-k-1]).
k-1 P-k
Reversing the

order of summation as before,

K
P
E
E x~(E[DI
P-1 k-1

(8)

W-P]-E[D])

this equals

( E[DIW-k]-E[DIW-k-1J).

Now,
P

E(EIDIW-k]-E[DIW-k-1]) - E[DI W-P] - E[DI W-o].
k-1
so that

(8)

can be written
K

s x~(EIDI W-P]-E[D]) ( E[DI W-P] - E[DI W-o]).
P-1

K
E
P-0

x~

(E[D~

K
E x~(E(D~
P-1

W-P]-E(D]) E(D~W-P]

W-P]-E[D])

E[DI

W-0]

--xo(E[DI

W-O]-E[D])

E[DI

W-0]

Expression (9) is the same as the denominator of {~.

Theorem 2 provídes
estimates.

a useful

~

interpretation for conventional

TSLS

Just as the simple Wald estimator of Theorem 1 provides a weighted

average effect along the length of the causal

reaponse

functíon,

TSLS

estimates provide one way of combiníng a set of different weighted average
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effects

into

One
that

a new weighted average.

reason for

reportíng TSLS estimates as well as Wald

estimates is

the TSLS estimate may have lower sampling variance than any síngle Wald

estimate.

The TSLS estimate

also provides a summary statistic that combines

estimates based on different weighting schemes.

However,

standard errors for

TSLS estimates in the model outlined here should take account
there

is a different treatment effect

means

that the TSLS residual

(conditional on 2).

White

covariance-matrix estimator

(Y

for each

- y-~D)

(1982)

inatrument.

of the

fact that

In practice,

this

is likely to be heteroscedastic

provides a heteroscedastícity-consistent

that can be used in this case.

TSLS estimators are usually associated with an over-identification test
statistic

that equals the objective function implicitly minimized by

estimates

(Newey

TSLS,

statistic provides an over-ídentífication test for the null

the

1985).

hypothesis that all the
term.

In a constant-treatment-effect model

instruments are orthogonal

The constant treatment effect is

estimated by

to the regression error

over-identified because any síngle

instrument would be suffícient

for identification.

here,

to talk about over-identification;

ít no longer makes

principle,
the

sense

But in the model outlined

each instrument can lead to a different estimate

instruments satisfy

the

independence assumption.

in

even though all

In fact,

Theorem 1

provides one explanation for why estimates of causal effects such as
return to schoolíng may differ
The

conventional TSLS

the

in different studies.

instrument-error orthogonality test statistic

stíll be worth computing, however, because

it provides

has shown that when the

may

a summary measure of

how much dífferent weighting schemes affect estimates of the ACR.
(1991)

the

Angrist

instruments are a set of mutually exclusive
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dummy variables as
is

in Theorem 2,

the same as a Wald statistic

independent Wald estimates.
the null

hypothesis

Ha:

then the over-identification test statistic
for the

equalíty of a full set of linearly

In other words,

the statístic provides a

~K,K-1 -~x-1.K-2 -...~l,o.

The Wald statistic

combines the differences between paira of Wald estimates
with weighting matrix equal
estímates.~
should be
it

is

to

the

test statistic may also be

reason a conventional over-identífication test

4.

the

test statistic

is substantial treatment effect heterogeneity.

important to note that the

instruments do not

in a quadratic form,

inverse of the covaríance matrix of the

In the context of the model outlined here,

large when there

test of

satísfy the

is failed:

large

for

the

But
same

some of the

independence assumptions.

Empirical Examples

4.1 Test-Preparation
In this sectíon we discuss estimates of the ACR
fírst

is the

Powers and Swinton (1984)

in two examples.

test-preparation study.

the randomly assigned encouragement intervention satisfies
monotonicity

restrictions,

features of the causal
For example,

The

Assuming

that

independence and

the experimental data can be used to estimate

relationship between test preparation and test scores.

an estimate of the ACR for the effect of test preparation on the

GRE Analytical test score can be computed from data reported in the Powers and
Swinton article.

The mean Analytícal

encouraging preparation was 531.8

score for those who received the

letter

and the mean score for those not encouraged

~Multiple use of the label "Wald" may be confusing here. A Wald estimate
is the sample analog of equation (1). A Wald sta[ístic for the null
hypothesis Ho: B- Bo is the quadratic form: m(B") - n(B`-Bo]'~-1[B`-Bo],
where B` is an estimate of the parameter B in a sample of size n, and ~ is the
limíting covariance matrix of the estimate.
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was 509.7.

The mean hours

of preparatíon for the Analytical section was 3.37
The

for those encouraged and 2.8 for those not encouraged.
difference
is,

in scores

to the difference

ratio of the

ín hours of preparation is

38.8,

that

an average causal score response of 38.6 points per hour of preparation.e
The anatomy of this estimate can be explored usíng data from Table 2 in

Powers and Swinton

(1984),

which shows

To simplify discussion of

to receive encouragement or not.

variable,

reported by Powers

D,

taking

and Swínton.

number preparing 0 hours,
and 6

or more hours,

Table 1

lists the díscrete

these intervals;

5 values corresponding to the
The

five

intervals

Powers and Swinton intervals are

positive hours

and are

the ACR ín this

actual hours of preparation can be descríbed by

we have assumed that

a discrete

frequency distribution of hours of

GRE according to whether subjects were assigned

preparation for the Analytical

example,

the

less than 1,

1-2 hours,

listed in column 1 of Table 1 here.

for

the

3-5 hours,
Column 2

of

treatment intensities assumed to correspond to

D can be 0 hours,

.5 hours,

1.5 hours,

4 hours,

or 6 hours of

test preparation.
Column 3 reports
encouragement

status.

preparing 0 hours,
hours.

Note

the

cumulative

For example,

columns

3

frequency distríbutions of D by

where Powers

and Swinton report the number

and 4 record the number preparing less

that the empirical CDF of D given no encouragement,

always exceeds the CDF gíven encouragement,
(but not sufficíent)

condition for

Pr(D1Gj).

This

than

.5

Pr(DoGj),

is a necessary

the monotonicity assumption to be satísfied

BUnder the null hypothesis of no treatment effect, the asymptotic
standard error for the ACR is given by the standard error of the numerator
This is 6.96 for the estímate of
divided by the denominator (Angrist 1990.)
Standard errors for
38.8 points of GRE-score improvement per hour of study.
the general case must be computed using conventional TSLS formulas requíring
micro data.
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by the encouragement ínterventíon.
column 5.

This

to sum to

The ACR weighting function is reported

is simply the difference between columns

3 and 4, normalízed

1.

The

last two columns of Table 1 show which

intensíty

the ACR weights

apply

contributing to the weights.
causal effects:

to,

increases in treatment

and which part of the

The ACR weíghts act

the effect of moving from zero to

sample

is

to combine four separate
.5 hrs of study,

the effect

of moving from .5 to 1.5 hours of study,

the effect of moving from 1.5

hours of study,

from 4 to 6 hours of study.

and the

effect of movíng

first effect is weighted by 16.4 percen[,
represents
zero to

in

the

as

shown in column 7,

The
this

fraction of the sample caused by encouragement to move from

.5 or more hours of study.

two treatment effects,
to 4 hours of

and,

to 4

study.

The bulk of the weight falls

for moving from

.5

to 1.5 hours of study and from 1.5

The weights here represent
less than 1.5 to 1.5

induced to move from

the

and the fraction induced to move from less

of study

(33.1 percent.)

was affected by the
hours of study.

fractíon of the sample

or more hours of study (39.7

percent)

Only

than 4 to 4 or more hours

10.8 percent of those whose treatment status

encouragement letter moved from less

This

on the middle

than 6

to 6 or more

fraction weights the effect of moving from 4

to 6 hours

of study in the computation of the ACR.
Finally,

note that Powers and Swinton also compute the

average GRE Analytical score on the
the 10

regression of the

average hours of preparation for each of

treatment and control groups underlying the test-preparation

experímental design.

The coefficient on average hours of test preparation in

thís 10 observation bivariate regressíon is a version of the TSLS estimator
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described in Theorem 2.9
improvement.

Thís

The

estimate

slope estimate

ímplicitly combines

in a weighted average with the

points

from pairwise

is

8

30.74 points

of GRE-score

the Wald estimate of 38.8

other estimates

that can be computed

comparisons of treatment and control groups.

4.2 Compulsory School Attendance
In two recent papers,
students'

Angrist and Krueger (1991,

1992)

show that

quarter of bírth interacts with compulsory attendance laws and age

at school entry to generate exogenous varíation in years of completed
schooling.
enter school
students

State compulsory attendance laws typically require students to
in the Fall

to drop out

of

the year in which they turn six,

but allow

of school when they reach their 16th birthday.

Thís

induces a relationship between quarter of birth and educational attaínment
because

students born

in the first quarter of the year enter school at an

older age than students born
an older age

are

allowed to

schooling than students who
Angrist and Krueger

in

later quarters.

Students who

enter

school

at

drop out of school after having completed less
enter school at a younger age.

(1991) estimate

the coefficient

p

in the following

equation:
(10)

Y- 7 t pE t

e,

9If the grouped regression residual is homoscedastic, then the
coefficient estimated from the bivariate grouped regression is the same as the
More generally, weíghted least squares
TSLS estimate described in Theorem 2.
estímation using data grouped by the value of discrete ínstruments is the same
The
as TSLS estimation in micro data using these ínstruments (Angrist 1991.)
regressíon weights should equal the reciprocal of the residual variance in the
grouped regression.
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where

E

is years of schooling and

coefficient

p

Y

can be interpzeted as

is the log of weekly wages.lo
a percentage

"return"

The

to a year of

schooling and is usually on the order of 6-8 percent in econometric
studíes.
But naive eatimation procedures such as comparisona
schooling level or Ordínary Least Squares
estimates with a causal
may be people who,
even

interpretation.

of average earnings by

(OLS) do not necessarily generate
This

is because

those more

educated

perhaps because they are more able, would have earned more

if they had not gotten more schooling.
Theorem 1

shows

that

average causal response

even though schoolíng ís

of earnings

not randomly assígned,

to schoolíng can be estimated

if there are

instruments avaílable satisfying exclusion and monotonicity conditions.
ín the absence of a true experiment,

a"natural experiment"

instruments satisfying these conditions.
estimation strategy

ín Angrist and Krueger

and compulaory attendance

laws

interact to

may

Even

generate

The premise underlying the
(1991)

is that age at school entry

generate variatíon in schooling

that is likely to be unrelated to determinants of labor market outcomes
than educatíon.

the

This exogenous variatíon is

other

then used to construct

instrumental variables estimates of the effect of schooling on earnings.

The

instruments are dummy variables indicating quarter of birth.
A simple

application of

this

ídea compares

the education and earnings of

men born in the fírst quarter to the education and earnings of inen born in the
fourth quarter.

Calculations underlying Wald estimates based on a

quarter~fourth quarter comparison are laid out in Table
Table shows

results

2.

Panel

tabulated from data on the wages and earnings

first
A of

the

of inen in

loAngrist and Krueger (1991) estimate variations on thís equation that
include addítional covariates.
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the 1970 Census
Census.

and Panel B shows results

In both data sets,

and have slightly less
of differences

estimate of the return to
8.9 percent using
of the

OIS

the

to differences

These

ratio

in schooling generates a Wald

estimetes

are within sampling error

percent and 7 percent in the

(like equatíon 10),

to

schooling based on quarter of birth.

two Census data sets.

interpret estimates of the retuzn to
In constant coefficient models,

assumption requires only that

independent of quarter of birth.
because

The

and Krueger use linear regression models with constant

Angrist

independence

quarter earn slightly less

schooling of 5.3 percent using the 1970 Census and

1980 Census.

estimates of 8

coefficients

men born in the first

schooling than men born in later quarters.

in earnings

1980

tabulated using data from the

there is

no

the

regression error

Monotonicity (Assumption 2)

is

term be meannot required

treatment effect heterogeneity.

In the context of the model outlíned in Section 2 of this paper,
Wald estímates

in Table 2 should be

one-year increase

in schooling,

quarter of birth.

This is

the entire population.
conditíon requires

the

interpreted as the average effect of a

for people whose

a small group,

To identify

that men born in

the

schooling

is influenced by

not necessarily representative of

the ACR

for this

group,

the monotonicity

the fourth quarter get at

least as much

schoolíng as

they would have had they been born ín the

condition is

satisfied,

of the group

contributing to the ACR through the ACR weightíng function.

we can get some

first quarter.

If this

idea of the size and characteristics

The CDF's of schooling by quarter of bírth for men in the 1970 and 1980
Censuses are

graphed in Figures 1 and 2.

men men born in the
fírst quarter.

Both figures show that the CDF for

fourth quarter lies below the CDF for men born

The weighting

in the

function underlying estimates of the ACR

in
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Table 2

is proportional

born in the

the population whose
to at

years

CDF of schooling for men

first quarter and the CDF of schooling for men born in the fourth

For each level of schooling, j,

quarter.

j

to the difference between the

least

this difference is

the

fraction of

schooling is switched by quarter of birth from less than
j

years.

Figures 3 and 4 show differences in the CDF of schooling by quarter of
birth.

the difference between the CDF of schooling for men

In each figure,

born in the lst and fourth quarters
confidence bands at each point.ll

is plotted,

along with

95 percent

ACR weighting functions for estimates

based on comparisons between first and fourth quarter births are the CDF
differences plotted in the
The

figures

figures,

normalized to sum to one.

show that the groups contributing most to estimates of the

ACR based on quarter of birth are

those with 8-12 years of schooling.

is a sharp decline in the weighting function at 12 years of schooling.
maximum of a líttle over 2 percent of the sample was
the

fourth quarter to complete llth grade,

induced to complete higher grades.
attendance
college.
because

laws

This

some students

A

induced by being born in

but much smaller fractions were

is not surprising since

affect young students and cannot compel students

Some weight

There

is contributed by college attenders,

compulsory
to go

however,

to

perhaps

forced by accident of birth to graduate high school

later decide to go on to college after all.
Figures

5 and 6 plot the

quarters 1-3 relative

to

contrast between schooling CDF's

fourth-quarter births.

schooling CDF's are ordered by quarter of birth.

for birth

The figures show that
This

is evídence that any

11The difference between CDF's by quarter of birth is the difference
The confidence bands are
between two índependent sample proportions.
calculated using the conventional formula for a difference in proportions.
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adjacent pair of quarters

can be used to define

a binary

instrumental variable

TSLS using three

that satisfies the monotonicity assumption.

quarter of birth

ís a weighted average of the three possible Wald estimates based on

dummíes

adjacent quarters of birth.
case are

.062

error -.020)

TSLS estímates of the return to schooling in

(standard error -.016)
in the

1980 Census.

1970 Census and

in the

.103

thís

(standard

simílar to the Wald estimates

These are

based on a comparison of first and fourth-quarter births.
The TSLS over-identification test statistics
2.85

in the

two Census data sets.

distríbutíons with

2

degrees

assumptions.

Finally,

the null hypothesís of constant

the fact that the various
to

comparisons of earnings by the

5.

freedom under

These values

therefore

the constant treatment effect and independence

TSLS estimates are so close

causal

2.35 aiid

Both statistics have chi-square

instrument-error orthogonality.

treatment effects and
cast little doubt on

of

take on the values

instrumental variables and

the OLS estimates suggest that naíve
level of educational attainment may have a

interpretation after all.

Summary and Conclusions
This paper defines

such as drug dosage,
schoolíng.
outcomes

the average causal

cigarettes

The defínitíon

smoked,

response

hours of study,

and by our previous definition of Local

Average Treatment Effects for binary treatments.
casual

and years of

ís motivated by Rubín's notion of counter-factual

ín evaluation research,

average of per-unit

to variable treatments

responses to a change

We show here that a weighted
ín treatment intensity

identifíed in a wide variety of models and círcumstances.
response we can identify ís

for those indíviduals whose

is

The average

treatment status

ís
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affected by an ínstrumental variable
and potential treatment
deriving this
treatment

that is

intensities.

The monotonicity condition

imposed when

result requires only that the inatrumental variable

Lntensity Ln the

affect

same direction for each unít of observation.

We have presented a number of formulas
underlíes

independent of potential outcomes

for

the weighting function that

instrumental variables estímates of average causal effects.

These

formulas can help empirical researchers understand which observations are
contributing to a particular estimate.
estimators,

and,

already using exogenous variation to estimate

for researchers

treatment effects and causal responses,
affect empirical

practice.

But we have not presented new

Rather,

there is

little here

that should

our results provide a useful

simple estimators commonly employed in applied

interpretation for some

of the

reaearch.

these results help build a bridge between the

We also hope

econometric literature on evaluation and the evaluatíon literature
biometrics,

sociology,

Finally,

and other disciplines.

the most important

treatment effect heterogeneity,
informatíon

-- be

issue in evaluation research

but whether the

source of

--

is

this link, however,

it is

response

intervention.

After having made

the case

important to recognize that data can only be

informative about the effect of treatment on

paper does

identifying

really assocíated with the outcome of interest

solely because of assocíation with the treatment.

affected by the

is p~obably not

it an intervention involving experimental random assignment,

or a natural experiment

for

in

those whose treatment status is

The Average Causal Response discussed in this

this by setting out specific formulas for the anatomy of

to a varíable treatment.

the causal
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Table

Hours

of Preparation for

Hours of
preparation

1:

Encouraged Teat Preparation

the Analytical

Cumulatíve dsn.
function

Section of

the GRE'

ACR
Treatment
weights effect for:

Weighting
for:

Encouraged:
Yes
No
Pr(Do~j )
Pr(Di~j )

Actual
hours

(1)

(2)
0

0

.5

(3)

(4)

0.0

0.0

8.32

2.53

(5)

(6)

16.4

0-~

~ 1

1.5

28.5

14.5

39.7

.5

1-2

4

57.1

45.4

33.1

1.5

3-5

6

80.2

76.4

10.8

100.0

100.0

~ 6

509.7
(2.9)

531.8
(2.7)

preparation:

2.80

3.37

sample:

2,127

1,865

mean score
GRE analytical:b

(7)

.5

Do ~.5 5 D1

-1 1.5

Do c 1.5 5 D1

-~ 4

Do G 4 C D1

4-~ 6

Do G 6 G D1

mean hours of

'Column (1) shows the intervals for which hours of preparatíon are reported in
Column (2) shows the value of the
Powers and Swinton (19E4, Table 2.)
variable treatment intensity assumed when reportíng the cumulatíve
Columns 3 and 4 of the table show the cumulative
distribution function.
Column (5) shows
distribution of hours of preparation by encouragement-group.
Column (6) shows
the ACR weights, equal to (3)-(4) normalízed to sum to one.
Column
the increase in treatment intensity to which the weight applies to.
(7) shows the sub-population the ACR weight refers to.

bStandard errors ín parentheses.
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Table 2:

Panel A:

Compulaory School Attandance

Wald Estimates for 1970 Census -- Men Born 1920-1929'
(1)
Born in

lst Quarter
of Year

ln (Wkly. Wage)

Education

(2)
Born in

2nd, 3rd, or
4th Quarter
of Year

5.1485

5.1578

11.3996

11.5754

(3)
Difference

(Std. Error)
(1) - (2)

- 0.00935
(0.00374)
-0.1758
(0.0192)

Wald est. of return
to educatíon

0.0531
(0.0196)

OLS return to
educattonb

0.0797
(0.0005)

Panel B:

Wald Estimates for 1980 Census -- Men Born 1930-1939

(1)
Born in
lst quarter
of year

ln (Wkly. Wage)
Education

(2)
Born i n
2nd, 3rd, or
4th quarter
of year

5.8916

5.9051

12.6881

12.8394

(3)
Difference
(std. error)
(1) - (2)

-0.01349
(0.00337)
-0.1514
(0.0162)

Wald est. of return
to education

0.0891
(0.0210)

OLS return
to education

0.0703
(0.0005)

Each sample
'The sample size is 122,223 in Panel A, and 162,515 in Panel B.
consists of males born in the U.S. who had positive earnings in the year
preceding the survey.
The 1980 Census sample is drawn from the SX sample, and
the 1970 Census sample is from the State, County and Neighborhoods 1X samples.
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A detaíled description of
and Krueger (1991.)

the

data sets

is províded in

the Appendix to Angrist

bThe OLS return to education was estimated from a bivariate regression of
weekly earnings on years of education.

log

SCHOOLING CDF BY QUARTER OF BIRTH
wEN
toRN FRON ~ uo ro ~!z9

CDF

1.e
e.s
s.t
e.7
e.6
e.s
e.4
B.3
B.2

e.i
e.e
e

1

z

3

6

7

t

9

1t

11

12

13

lt

13

iG

17

lt

YERRS OF SCROOLIIIO
QURRTER OF BIRTM

FIRST
590RCCt

Ficure 1

FOURTR
AVTMDR~

TAlVIAtION IROY

19~D GCMSY!

SCHOOLING CDF BY QUARTER OF BIRTH
YEN BORN FRON
1SJ0701l:A

COF

i.e
e.9
e.e

e.~
'e . 6
e.s
e.4
e.a
e.2
e.i
e.e
a

ie
YERRS OF SCHOOLINO
4URRTER OF 9IRTN

FIRST

FOURTH

souRCC: ~urnona r~ev urion rROK isa~ ccnsu!

DIFFERENCES IN SCHOOLING CDF BY QUARTER OF BIRTH
ItEN B:AII FRON 1 020 70 1 020
e.e29
e.ezT

e.ezs
e.ezs
~ B.ezi

~
~
~
~
~0
~

e.ei9
e.eiT
e.eis
e.aia
9.e11
e.ee9
e.aeT
e.ees
e.eea
e.eei
-e.eei

YERR] OF SCHOOIINB
HT-~TH ODMTCN MI TN 1J~ CONf ICENCC OAItO!
]DYRKi AVTNDRI TAOVU(ION fROY 1N7D ClNSV7

DIFFERENCES IN SCHOOLING CDF BY QUARTER OF BIRTH
I[EN e:AN FRON t 0i0 TO l 0s0

9.826

W
zW
W
~
é
ó
"

e.ez~
e.ezz
e.eza
e.eia
e.ess
e.es4
e.esz
e.ese
e.aee
e.ees
e.ee4
e.esz
e.eee
-e.eez

,

,
e

4

e

,,

.~

. .-

.~
~~

s2

~.

16

YERRS OF SCHOOLINa
1!T-4TM ~UAIITCR YITM f~~ COMIIDCNCC LANO!
lODRCC: AVTMOR] TAOVUf10N fR MI t1dD GCNlU!

DIFFERENCES IN SCHOOLING
CDF BY QUARTER OF BIRTH
uEN ecr.H Faau ~osa~o ~ Dso
e.ezs
e.ez3
e.s2t
e.els
e.el~
e.els
e.ela
e.ell
e.ee9
e.ee~
e.ees
e.se3
e.ael
-a.eel
-a.saa

0

,
4

.....,~r

9

12

YERRS OF SCHOOLINO
RURRTER OF iIRTH

iST-4TH
" " " 3RD-4iH

2ND-~TH

saaRCC: wincni ueu~erioN reew in o ccNSU~

DIFFERENCES IN SCHOOLING CDF BY QUARTER OF BIRTH
ueN eoFH FROH ~ oa To T o.~o
e.ez2
e.ezB
e.e1B
8.816
8.814
8.812

e.ele
e.eee
e.eec
e.ee~
e.ee2
e.eea
-8.BB2

}m~--r~

e

~~
4

B

r~rr
12

i

16

YERRS OF SCNOOLIHO
GURRTER OF SIRTH

iSi-4TH
""'- 3RD-4TH
lOYRCC:

2ND-47N

AVTMOR9

TAOVIAfION fROM

19AD GCNlU!

37
Raferences

Aigner, D., and A. Zellner, ( 1988), Special Supplement on Causality ín the
Annals of the Journal of Econometrics ( 1988-3) 39.
Angrist, J., (1990),
Evídence from Social
eview, 80, 313-335.

"Lifetíme Earnings and the Vietnam Era Draft Lottery:
Security Administrative Records," American Economic

(1991a), "Grouped-Data Estimatíon and Testing in Simple Labor Supply
Models", Journal of Econometrícs, 47, 243--266.
(1991b), "Instrumental Variables Estimation of AVerage Treatment
Effects in Econometrícs and Epidemiology," NBER Technical Working Paper No.
115, November.
and A. Krueger, (1991), "Does Compulsory School Attendance Affect
Schooling and Earnings", Ouart
y Journal of Economics, 106, 979-1014.
and
(1992), "The Effect of Age at School Entry on
Educational Attainment: An Application of Instrumental Variables with Moments
from Two Samples," Journal of the American Statistical Associatíon 87, June.
and G. Imbens, (1991), "Sources of Identifying Information in
Evaluation Models", NBER Technical Working Paper No. 117, December.

Durbin, J., (1954), "Errors i n Variables", Review of the International
Statistical Instítuce, 22, 23--32.
Efron, B., and D.
Clinical Trials",

Feldman, (1991), "Compliance as an Explanatory Variable in
Journal of the American Statistical Association, 86, 9--26.

Hearst, N., Newman, T., and S. Hulley (1986), "Delayed Effects of the Military
Draft on Mortality: A Randomized Natural Experiment," New En g l and Journal of
Medicine 314 (March 6), 620-624.
Heckman ( 1990),
313-318.

"Varieties of Selectíon Bias," American Economíc

ev

w, 80,

, and R. Robb (1985), "Alternative Methods for Evaluating the Impact
of Interventions," in J. Heckman and B. Singer, eds., Longitudinal Analysis of
Labor Market Data, New York: Cambridge Universíty Press.
Holland, P., (1986), "Statistics and Ceusal Inference," Journal of the
American Statistical Association 81, 945-970.
(1988). "Causal Inference, Path Analysis, and Recursive Structural
Equatíons Models," Chapter 13 in Sociolog~cal Hethodoloev, Washington:
American Socíological Association.

38
Imbens, G.,and J. Angrist, (1991), "Identification and Estimation of Local
Average Treatment Effects", NBER Technical Working Paper no 118, December.
Leamer, E.E. ( 1988), "Discussion," Chapter 14 in SocíoloQical Methodoloev,
Washíngton: American Sociological Association.
Manski, C. F., (1992), "The Selection Problem," in Advances
edited by C. Sims, New York: Cambrídge University Press.

Programs,

in Econometrics,

, and Irwin Garfinkel (1991), eds., Evaluatin~ Welfare and Training
Cambridge: Harvard Uníversity Press.

Newey, W., (1985), "Generalized Method Of Moments Estimation and Testing",
Journal of Econometrics, 29, 229--256.
Permutt, T., and J. Hebel, (1984), "A Clínical Trial of the Change ín Maternal
Smoking and its Effect on Birth Weíght," Journal of the American Medical
Association, 251(7), (February 17), 911-915.
Permutt, T., and J. Hebel, (1989), "Simultaneous--Equation Estimatíon in a
Clinical Trial of the Effect of Smoking on Birth Weight", Biometrics, 45, 619-622.

Powers, D.E., and S.S. Swinton, (1984), "Effects of Self-Study for Coachable
Test Item Types," Journal of Educational Psycholoev 76, 266-78.
Rosen, S., and R.J. Willis, "Education and Self-Selection," Journal of
Political Economy 87, 57-535.

Roy, A. (1951), "Some Thoughts on the Distribution of Earníngs," Oxford
Economíc Pavers 3, 135-46.
Royall, M., (1991), "Ethics and Statistics i n Randomized Clinical Trials",
Statistícal Science, 6, 52-88.
Rubín, D. (1974), "Estim,atir,g Causal Effects of Treatments in Randomízed and
Non-randomized Studies," ~~.urnal of Educational Psycholoey, 66, 688-701.

Covariate",

(1977), "Assignment to a Treatment Group on the Basis of a
?~~~rnal of Educational Statistics, 2, 1-26.

(1990), "Comment: Neyman (1923) and Causal Inference
and Observational Studies," Statistical Science 5, 472-480.
Wald, A.. (1940),
to Error", Ann~ls
Whíte, Halbert
Observations,"

in Experiments

"The Fitting of Straight Lines í f Both Variables are Subject
o~ Mathematícal Statistics, 11: 284--300.

(1982), "Instrumental Varíables Estímatíon with Independent
Econometrica.

Discussion Paper Series, CentER, Tilburg Uoiversity, The NetLerlands:
(For previous papers please consult previous discussion papers.)

No.

Author(s)

Title

9111

F. van der Plceg and
Th. van de Klundert

Political Trade-off between Growth and Government
Consumption

9112

Th. Nijman, F. Palm
and C. Wolff

Premia in Forward Foreign Exchange as Unobserved
Components

9113

H. Bester

Bargaining vs. Price Competition in a Market with Quality
Uncertainty

9114

R.P. Gilles, G. Owen
and R. van den Brink

Games with Permission Structures: The Conjunctive Approach

9115

F. van der Plceg

Unanticipated Inflation and Government Finance: The Case
for an Independent Common Central Bank

9116

N. Rankin

Exchange Rate Risk and Imperfect Capital Mobility in an
t~ptimising Model

9117

E. Bomhoff

Currency Convertibility: When and How? A Contrbution to
the Bulgarian Debate!

9118

E. Bomhoff

Stability of Velocity in the G-7 Countries: A Kalman Filter
Approach

9119

J. Osiewalski and

Bayesian Marginal Equivalence of Elliptical Regression
Models

9120

S. Bhattacharya,
J. Glazer and
D. Sappington

Licensing and the Sharing of Knowledge in Joint Ventures

9121

J. W. Friedman and
L. SamueLson

An Extension of the "Follc Theorem" with Continuous
Reaction Functions

9122

S. Chib, J. Osiewalski
and M. Steel

A Bayesian Note on Competing Correlation Structures in the
Dynamic Linear Regression Model

9123

Th. van de Klundert
and L. Meijdam

Endogenous Growth and Income Distribution

9124

S. Bhattacharya

Banking Theory: The Main Ideas

9125

J. Thomas

Non-Computable Rational Expectations Equilibria

9126

J. Thomas
and T. Worrall

Foreign Direct Investment and the Risk of Eitpropriation

9127

T. Gao, A.JJ. Talman
and Z. Wang

Modification of the Kojima-Nishino-Arima Algorithm and its
Computational Complexity

M. Steel

No.

Author(s)

Title

9128

S. Altug and
R.A. Miller

Human Capital, Aggregate Shocks and Panel Data Estimation

9129

H. Keuzenkamp and
A.P. Barten

Rejedion without Falsification - On the History of Testing the
Homogeneity Condition in the Theory of Consumer Demand

9130

G. MaHath, L. Samuelson
and J. Swinkels

Extensive Form Reasoning in Normal Form Games

9131

K Binmore and
L. Samuelson

Evolutionary Stability in Repeated Games Played by Finite
Automata

9132

L. SamueLson and
J. Zhang

Evolutionary Stability in Asymmetric Games

9133

J. Greenberg and
S. Weber

Stable Coalition Structures with Uni-dimensional Set of
Alternatives

9134

F. de Jong and
F. van der Ploeg

Seigniorage, Taxes, Government Debt and the EMS

9135

E. Bomhoff

Between Price Reform and Privatization - Eastetn Europe in
Transition

9136

H. Bester and E. Petrakis

The Incentives for Cost Reduction in a Differentiated Industry

9137

L. Mirman,

Strategic Information Manipulation in Duopolies

L. Samuelson and
E. Schlee
9138

C. Dang

The D';Triangulation for Continuous Defonnation Algorithms
to Compute Solutions of Nonlinear Equations

9139

A.de Zeeuw

Comment on "Nash and Stackelberg Solutions in a Differential
Game Model of Capitalism"

9140

B. Lockwood

Border Controls and Tax Competition in a Customs Union

9141

C. Fershtman and
A. de Zeeuw

Capital Accumulation and Entry Deterrence: A Clarifying
Note

9142

J.D. Angrist and
G.W. Imbens

Sources of Identifying Information in Evaluation Models

9143

A.K. Bera and
A. Ullah

Rao's Score Test in Econometrics

9144

B. Melenberg and
A. van Soest

Parametric and Semi-Parametric Modelling of Vacation
Expenditures

9145

G. Imbens and
T. Lancaster

Efficient Estimation and Stratified Sampling

No.

Author(s)

Title

9146

Th.van de Klundert
and S. Smulders

Reconstructing Growth Theory: A Survey

9147

J. Greenberg

On the Sensitivity of Von Neuman and Morgenstern Abstract
Stable Sets: The Stable and the Individual Stable Bargaining
Set

9148

S. van Wijnbergen

Trade Reform, Policy Uncertainty and the Curcent Account:
A Non-Expected Utility Approach

9149

S. van Wijnbergen

Intertemporal Speculation,
Economy of Price Reform

9150

G. Koop and

M.F.J. Steel

A Decision Theoretic Analysis of the Unit Root Hypothesis
Using Mixtures of Elliptical Models

9151

A.P. Barten

Consumer Allocation Models: Choice of Functional Form

9152

R.T. Baillie,
T. Bollerslev and
M.R. Redfearn

Bear Squeezes, Volatiliry Spillovers and Speculative Attacks
in the Hyperinflation 1920s Foreign Exchange

9153

M.FJ. Steel

Bayesian Inference in Time Series

9154

A.K. Bera and
S. L.ee

Information Matrix Test, Parameter Heterogeneiry and
ARCH: A Synthesis

9155

F. de Jong

A Univariate Analysis of EMS Exchange Rates Using a Target

9156

B. le Blanc

Economies in Transition

9157

A.JJ. Talman

Intersection Theorems
Simplotope

9158

H. Bester

A Model of Price Advertising and Sales

9159

A. duam, G. Judge,
A. Bera and T. Yancey

The Risk Properties of a Pre-Test Estimator for Zellner's
Seemingly Unrelated Regression Model

9160

R.M.WJ. Beetsma

Bands and Statistical Properties of EMS Exchange Rates: A
Monte Carlo Investigation of Three Target Zone Models
Zone Model

9161

A.M. Lejour and
H.A.A. Verbon

Centralized and Decentralized Decision Making on Social
Insurance in an Integrated Market
M ultilateral Inst itut ions

9162

S. Bhattacharya

Sovereign Debt, Creditor-Country Govetnments, and

9163

H. Bester, A. de Palma,
W. Leininger, E.-L. von
Thadden and J. Thomas

The Missing Equilibria in Hotelling's Location Game

9164

J. Greenberg

The Stable Value

Shortages and

on the

Unit

the

Political

Simplex and

the

No.

Author(s)

Title

9165

Q.H. Vuong and W. Wang

Selecting Estimated Models Using Chi-Square Statistics

9166

D.O. Stahl II

Evolution of Smart, Players

9167

D.O. Stahl II

Strategic Advertising and Pricing with Sequential Buyer Search

9168

T.E. Nijman and F.C. Palm Recent Developments in Modeling Volatility in Financial Data

91G9

G. Asheim

Individual and Collective Time Consistency

9170

H. CarLsson and
E. van Damme

Equilibrium Selection in Stag Hunt Games

9201

M. Verbeek and
Th. Nijman

Minimum MSE Estimation of a Regression Model with Fixed
Effects from a Series of Cross Sections

9202

E. Bomhoff

Mone[ary Policy and Inflation

9203

J. Quiggin and P. Wakker

The Axiomatic Basis of Anticipated Utility; A Clarification

9204

Th. van de Klundert

Strategies for Growth in a Macroeconomic Setting

and S. Smulders
9205

E. Siandra

Money and Specialization in Production

9206

W. H~rdle

Applied Nonparametric Models

9207

M. Verbeek and
Th. Nijman

Incomplete Panels and Selection Bias: A Survey

9208

W. Hárdle and
A.B. Tsybakov

How Sensitive Are Average Derivatives?

9209

S. Albaek and
P.B. Overgaard

Upstream Pricing and Advertising Signal Downstream
Demand

9210

M. Cripps and
J. Thomas

Reputation and Commitment in Tvo-Person Repeated Games

9211

S. Albxk

Endogenous Timing in a Game with Incomplete Information

9212

T.J.A. Storcken and
P.H.M. Ruys

Eztensions of Choice Behaviour

9213

R.M.W.J. Beetsma and
F. van der Ploeg

Exchange Rate Bands and Optimal Monetary Aooommodation
under a Dirty Float

9214

A. van Soest

Discrete Choice Models of Family Labour Supply

9215

W. Guth and
K. Ritzberger

On Durable Goods Monopolies and the (Anti-) CoaseConjecture

9216

A. Simonovits

Indexation of Pensions in Hungary: A Simple Col:ort Model

No.

Author(s)

Title

9217

J.-L. Ferreira, I. Gilboa
and M. Maschler

Credible Equilibria in Games with Utilities Changing during
the Play

921A

P. Borm, H. Keiding,
R. Mclean, S. Oortwijn
and S. Tijs

The Compromise Value for NTU-Games

9219

J.L. Horowitz and
W. H~rdle

Testing a Parametric Model against a Semiparametric
Alternative

9220

A.L. Bovenberg

Investment-Promoting Policies in Open Economies: The
Importance of
Intergenerational
and
International
Distributional Effects

9221

S. Smulders and
Th. van de Klundert

Monopolistic Competition, Product Variety and Growth:
Chamberlin vs. Schumpeter

9222

H. Bester and E. Petrakis

Price Competition and Advertising in Oligopoly

9223

A. van den Nouweland,
M. Maschler and S. Tijs

Monotonic Games are Spanning Network Games

9224

H. Suehito

A "Mistaken Theories" Refinement

9225

H. Suehiro

Robust Selection of Equilibria

9226

D. Friedman

Economically Applicable Evolutionary Games

9227

E. Bomhoff

Four Econometric Fashions and
Alternative - A Simulation Study

9228

P. Borm, G.-J. Otten
and Hans Peters

Core Implementation in Modified Strong and Coalition Proof
Nash Equilibria

9229

H.G. Blcemen and
A. Kapteyn

The Joint Estimation ofa Non-Linear Labour Supply Function
and a Wage Equation Using Simulated Response Probabilities

9230

R. Beetsma and
F. van der Plceg

Does Inequality Cause Inflation? - The Political Economy of
Inflation, Ta~tation and Government Debt

9231

G. Almekinders and
S. Eijffinger

Daily Bundesbank and Federal Reserve Interventions - Do
they Affect the Level and Unexpected Volatility of the
DM~S-Rate?

9232

F. Vella and M. Verbeek

Estimating the Impact of Endogenous Union Choice on
Wages Using Panel Data

9233

P. de Bijl and S. Goyal

Technological Change in Markets with Network Euternalities

9234 J. Angrist and G. Imbens

the

Kalman

Filter

Average Catisal Response with Variable Treatment Intensity

QnY an~~~ ~nnn i F T~i RURG. THE NETHERLANC
Bibliotheek K. U. Brabant

YI~61 RY~nWN~ 9 ~1 ~9AE~l ~

