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IDENTIFICATION AND ESTIMATION OF LOCAL AVERAGE
TREATMENT EFFECTS! N
By Guibo W. IMBENS AND JosHUA D. ANGRIST ')/[ % 6 %/ o
1. INTRODUCTION

RANDOM ASSIGNMENT OF TREATMENT and concurrent data collection on treatment and
control groups is the norm in medical evaluation research. In contrast, the use of random

assignment to evaluate social programs remains controversial. Following criticism of

parametric evaluation models (e.g., Lalonde (1986)), econometric research has been

geared towards establishing conditions that guarantee nonparametric identification of f ’ Q
treatment effects in observational studies, i.e. identification without relying on functional O |

form restrictions or distributional assumptions. The focus has been on identification of
average treatment effects in a population of interest, or on the average effect for the
subpopulation that is treated. The conditions required to nonparametrically identify
these parameters can be restrictive, however, and the derived identification results
fragile. In particular, results in Chamberlain (1986), Manski (1990), Heckman (1990), and
Angrist and Imbens (1991) require that there be some subpopulation for whom the
probability of treatment is zero, at least in the limit.

The purpose of this paper is to show that even when there is no subpopulation
available for whom the probability of treatment is zero, we can still identify an average
treatment effect of interest under mild restrictions satisfied in a wide range of models
and circumstances. We call this a local average treatment effect (LATE). Examples of
problems where the local average treatment effect is identified include latent index
models and evaluations based on natural experiments such as those studied by Angrist
(1990) and Angrist and Krueger (1991). LATE is the average treatment effect for
individuals whose treatment status is influenced by changing an exogenous regressor that
satisfies an exclusion restriction.

S A Identification of Causal Effects Using
TA Instrumental Variables

Joshua D. ANGRIST, Guido W. IMBENS, and Donald B. RUBIN

We outline a framework for causal inference in settings where assignment to a binary treatment is ignorable, but compliance with
the assignment is not perfect so that the receipt of treatment is nonignorable. To address the problems associated with comparing
subjects by the i bl i ion-to-treat analysis”—we make use of instrumental variables, which have long
been used by economists in the context of regression models with constant treatment effects. We show that the instrumental
variables (IV) estimand can be embedded within the Rubin Causal Model (RCM) and that under some simple and easily interpretable
assumptions, the IV estimand is the average causal effect for a subgroup of units, the compliers. Without these assumptions, the
1V estimand is simply the ratio of intention-to-treat causal estimands with no interpretation as an average causal effect. The

d of embedding the IV approach in the RCM are that it clarifies the nature of critical assumptions needed for a causal
interpretation, and moreover allows us to consider sensitivity of the results to deviations from key assumptions in a straightforward
manner. We apply our analysis to estimate the effect of veteran status in the Vietnam era on mortality, using the lottery number
that assigned priority for the draft as an instrument, and we use our results to investigate the sensitivity of the conclusions to
critical assumptions.

KEY WORDS: Compliers; Intention-to-treat analysis; Local average effect; 1
assignment; Rubin-Causal-Model; Structural equation models.
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Identification of Causal Effects Using
Instrumental Variables

IR)

We outline a framework for causal inference in settings where to a binary ble, but with
the assignment is not perfec! so that the recelpt of treatment is nonignorable. To address the pmblems associated with comparing
subjects by the i bl “intention-to-treat analysis”—we make use of instrumental variables, which have long
been used by economists in the context of regression models with constant treatment effects. We show that the instrumental
variables (IV) estimand can be embedded within the Rubin Causal Model (RCM) and that under some simple and easily interpretable
assumptions, the IV estimand is the average causal effect for a p of units, the iers. Without these i the
IV estimand is simply the ratio of intention-to-treat causal with no interpretation as an average causal effect. The

of embedding the IV app in the RCM are that it clarifies the nature of critical assumptions needed for a causal
mterpre(atmn and morcover allows us to consider sensitivity of the results to from key ions in a strai ward
manner. We apply our analysis to estimate the effect of veteran status in the Vlelnam era on mortah(y, usmg the lottery number
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Joshua D. ANGRIST, Guido W. IMBENS, and Donald B. RUBIN

that assigned priority for the draft as an instrument, and we use our results to i igate the ivity of the il to
critical assumptions.
KEY WORDS: Compliers; Intention-to-treat analysis; Local average effect; pli Noni; bl

assignment; Rubin-Causal-Model; Structural equation models.
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Data Analysis Using Stein’s Estimator

BRADLEY EFRON and CARL MORRIS*

and lis Generalizations

In 1961, James and Stein exhibited an estimator of the mean of a multi-
variate normal distribution having uniformly lower mean squared error
than_the sample mean. This estimator is reviewed briefly in an
empirical Bayes context. Stein's rule and its generalizations are then
applied to predict baseball averages, to estimate toxomosis prevalence
rates, and to estimate the exact size of Pearson’s chi-square test with
results from a computer simulation. In each of these examples, the
mean square error of these rules is less than half that of the sample
mean.

1. INTRODUCTION

Charles Stein [15] showed that it is possible to make a
uniform improvement on the maximum likelihood esti-
mator (MLE) in terms of total squared error risk when
estimating several parameters from independent normal
observations. Later James and Stein [13] presented a

rewards of procedures like Stein’s. They have the added
advantage of having the true parameter values available
for comparison of methods. The examples chosen are the
first and only ones considered for this report, and the
favorable results typify our previous experience.

To review the J. Stein tor in the simplest
setting, suppose that for given 6;
ind .
Xil6;~ N6, 1), t=1,---,k23, (L1

meaning the {X;} are independent and normally distrib-
uted with mean Ey,X; = §; and variance Vary, (X;) = 1.
The example (1.1) typically occurs as a reduction to this
canonical form from more complicated situations, as
when X, is a sample mean with known variance that is

X
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Simultaneous-Equation Estimation in g/Clinical Trial of the
Effect of Smoking on Birth Weight

Thomas Permutt and J. Richard Hebel
Department of Epidemiology and Preventive Medicine,

University of Maryland School of Medicine, 655 W. Baltimore Street,
Baltimore, Maryland 21201, U. S. A.

SUMMARY

Controlled experiments can be used to study the effects on health of behaviors that cannot be perfectly
controlled. A simple statistical technique allows causal effects to be distinguished from selection
effects. The technique is applied to measure the effect of maternal smoking on birth weight.

N\
One particular nonlinear form is instructive to consider. Suppose the effect of smoking %{% ~
is all or nothing. Then the subjects (who all smoked at randomization) may be divided into L\7

four classes:

(1) would have stopped smoking regardless of intervention,
(2) would have kept smoking regardless of intervention,
(3) would have stopped only with intervention,

(4) would have stopped only without intervention.

This article examines how to estimate the effect of a program in the presence of no-

h P ns who are assigned to the program but do not participate. The article
briefly di. the methodological problems involved, describes two current experimental
evaluations that are subject to these problems, p several estis that overcome : T

applications.

these problems, outlines the ditie y for these estil s to be feasible, and
describes two extensions of the analysis that illustrate a potentially broad range of further W }7 )_

ACCOUNTING FOR NO-SHOWS IN /
EXPERIMENTAL EVALUATION DESIGNS % _,0/\)\) w ¢

HOWARD S. BLOOM

Harvard University
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