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the independencebetween (xil, xi2) and ci cannotbe exploited
within the fixed-effects framework.Unfortunately,the additional informationthat (xiV, xi2) and ci are independentof each
other does not reduce difficulty in estimatingthe index 0: It is
not yet clear whether0 can be /n-consistently estimatedeven
with the random-effectsassumptionwhen the randomeffects
are nonparametricallyspecified. On the other hand, estimating
p becomes easier as a result of the constancy of the generalized propensity score Pr [xil, xi2lci]: Presence of unobserved
ci in the model was renderedirrelevantdue to the constancy
of the generalizedpropensityscore. [See Imbens (1999) for a
discussion on the generalizedpropensityscore.]
It is interestingto note that, in the panel probit model (1),
estimation of p3is not necessarily simple unless the index
structureis discarded altogether.It is useful to note that the
new targetparameterp could be estimated consistently using
index structureif consistent estimatorsof 0 and ? are given.
Here, ?Zdenotes the distributionof ci. We may alternatively
write (2) as

f (Q(c+ 6)- F(c))dZ(c),

(3)

which can in principle be estimated by using consistent estimators of 0 and ?. Estimation of / using the alternative
characterization(3) requiresconsistent estimation of an additional parameterZ, a parameterthat was not given too much
attention in the past. The problem is that not many consistent estimators of ? are available. It is not yet clear whether

the model satisfies the primitiveconditions for consistency of
the nonparametricmaximum likelihood estimator (NPMLE)
as discussed by Heckmanand Singer (1984). The difficultyin
estimatingthe targetparameterusing the expression(3), which
is based on the index structure,is in sharpcontrastto the ease
of the estimation strategyusing the expression (2), for which
the index structureis irrelevant.
The preceding discussion suggests that the success of
Angrist's perspectivecriticallyhinges on the structureof treatment assignment and careful reexpression of the new target
parameter.If the joint distributionof ci and (xil, xi2) is completely unknown,it is clear that changing the targetparameter
does not ease the difficultyof estimation.Angrist'sperspective
therefore requires substantial effort in modeling such joint
distribution.Whethersuch a modeling effort will be successful
in dealing with nonlinearpanel problems remainsto be seen.
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It is a pleasure to comment on this article by Joshua
methods
Angrist, whose applicationsof instrumental-variables
(Angrist 1989; Angrist and Krueger1991) have been a source
of inspirationfor my own work in this area. As with Angrist's
previous work on instrumentalvariables, the current article
raises some controversialissues and makes a numberof important points. Here I offer some comments on three of them.
First, I shall discuss the issues raised in Section 1, "Causal
Effects and StructuralParameters,"concerning the goals of
statistical inference. Angrist argues that many questions of
interest are most easily formulatedin terms of comparisons
between realized and potential outcomes, the latter defined
as outcomes that would have been observed under alternative
states of nature.I shall explore some of the implicationsof this
view for empirical practice and econometric theory. Second,
I shall offer some remarkson the role of economic theory in
specification and identificationof econometric models, again
reinforcing Angrist's point regardingthe importance of formulating the key assumptionsin terms of potential outcomes.
Third, I shall discuss some of the issues relatedto the limited

dependentnatureof outcome variablesfor empiricalpractice,
in particularin the presence of covariates. Partly motivated
by the widespread perception of fundamentaldifficulties in
applying instrumental-variablesmethods to data with limited
dependentoutcome variables,Angristarguesthat standardlinear model techniques are generally applicable. I agree with
Angrist's position that most of these perceived problems are
exaggeratedbut suggest that principledinference should nevertheless take account of the limited dependentnatureof the
outcome variablesand use nonlinearmodels.

1. CAUSALESTIMANDS
In his textbook discussion of the difference between
structural and reduced-form estimates, Goldberger (1997)
wrote, following Marshak (1953), that the ultimate goal of
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econometrics is to provide predictions. More specifically, in
my view, the goal is to provide predictionsof policy interventions. Using both economic theory and data, economists wish
to informpolicy discussions by providingpredictionsof states
of the world under different policy choices. Based on comparisons of such predictions, policy makers can then choose
among the different policies using some social welfare measure as objective function (e.g., Heckman and Smith 1997).
Angrist argues that such questions are most easily formulated
in terms of potential outcomes. Here I want to elaborate on
that view.
Consider, as an example the problem faced by a policy
maker contemplating a new tax in a market. To evaluate
this policy, the policy maker wishes to take into account the
effect of the tax on the quantitytraded.Economic theory suggests that this effect depends on the slope of the supply and
demandfunctions. The first step is thereforethe estimationof
these slopes, and in the remainderof this discussion I shall
focus on this component of the policy-evaluationproblem. In
principlethe policy makermay be interestedin the entire distributionof the quantity traded under various taxes. Let us
assume, however, that for purposes of evaluationof the policies it is sufficient to know the average effect of the policy
on the quantity traded. If there are only two values for the
policy-for example, no tax or a tax-the differencebetween
these two averages is the key quantity of interest. Following
Rubin (1974) I will refer to this as the estimand.
Note that the choice of estimand is distinct from the statistical question of the specification of the model. Often the
statisticalmodel is specified in such a way that a single parameter correspondsto the estimand.For example, in a structural
interpretationof the linear regression model, the coefficients
correspondto the effect of changing the covariatesby a single
unit. Such one-to-one correspondence,however, is the exception ratherthan the rule. Wooldridge(1992) made this point in
the context of Box-Cox regression models. Such models are
often used when a linearrepresentationfor E[Y[X] is inappropriate. The Box-Cox regressionmodel generalizes this linear
form to E[Y(A)IX] = X'P, where
Y(A)=

(Y- 1)/A A# 0,

lnY

A=O.

Althoughconsistentestimatorsfor /3 exist underthese assumptions, Wooldridge stressed that because (a) the interpretation
of /3 changes with the value of A and (b) knowledge of /3 and
A is not sufficient for recovering E[YIX], there is no reason
for economists to be interestedin estimates of /3 under these
cannot be the sole focus of
assumptions. In other words, p/3
the researcherbecause the question it answers changes with
the value of nuisance parameters.Wooldridgethen suggested
an alternativespecification that always allows the researcher
to recover the conditionalexpectationE[YIX].
In empirical work this distinction between the estimand
and the parametersof the statistical model is consistent with
the now common practice of reportingestimates of average
derivatives in binary response models rather than reporting
estimates of the logit or probit coefficients. Unlike a linear

regressionmodel, there is no direct link from one of the coefficients in the logit or probit model to average causal effects,
and thus there is no intrinsicinterest in such coefficients.
This view is at odds, however,with a large partof the semiparametricliterature.An exception is the work by Stoker(e.g.,
Stoker 1986), who focused on estimationof index coefficients
in settings where these are proportionalto averagederivatives
and thus directly linked to changes in predictions.Consider,
for example, the work on semiparametricestimationof binary
response models. In this literature, such models are estimated without making logistic or probit assumptions,instead
only making conditional mean or median assumptions in a
latent index interpretation(e.g., Manski 1985). This literature,
however, has begged the question of why economists should
be interested in the coefficient estimates in these models in
the absence of a direct link between these coefficients and
the choice probabilitiesor their derivatives. Similarly, some
of the models with fixed effects in panel data with limited
dependentvariableshave focused on estimation of parameters
that in themselves do not allow for estimation of conditional
expectationsor their derivativesand thus do not allow for estimation of causal effects. See Arellano and Honor6 (in press)
for a survey of many of these methods.

2. IDENTIFICATION
After deciding on the estimand, the next step is to make
substantiveassumptionson the process thatgeneratedthe data.
This is where economic, as opposed to statistical,theoryplays
a key role. Theoreticalconsiderationsmay suggest that certain
variables have no direct causal effect on others because they
do not enter into agents' utility function, nor do they affect
the constraintsthese agents face. For example, in some markets it may be reasonableto postulatethe existence of demand
and supply function and assume that their intersectiondetermines observed prices and quantities. In that case it may be
arguedthatcertainvariables-for example, weatherconditions
in agriculturalmarkets-affect supply at fixed prices but not
demand because weather conditions do not affect utility of
the buyers nor do they constrain their choices given prices.
Similarly,theoreticalconsiderationsmay suggest which variables, determineagents' fertility choices and which variables,
are excluded from such choices, as in the structuralmodels
describedin Section 1.2 of Angrist.
For the purpose of considering such exclusion restrictions,
as well as other assumptions,it is importantto formulatethem
in a way that economic theorycan be broughtto bear on them.
This makes the formulation in terms of counterfactualsor
potential outcomes that Angrist advocates particularlyappropriate. The potential outcomes describe outcomes in different environments,and as such are the primitivesof economic
analyses, as well as choices underdifferentsets of constraints,
which are the resultof agents solving constrainedoptimization
problems. Since economic theory studies such optimization
problems, it is thereforewell equipped to assess assumptions
formulateddirectly in terms of these potential outcomes. An
example of the formulationof the criticalassumptionsin terms
of such potential outcomes is Angrist, Imbens, and Rubin
(1996, AIR from here on). In contrast, latent index models,
although under some conditions mathematicallyequivalentto
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the potentialoutcome framework(e.g., Vytlacil 1999), formulate the critical assumptionsin terms of associations between
observed variables and unobserved residuals, which appears
more difficult to contemplate [see Imbens (1997) for a discussion of the confusion such formulationshave caused in the
statistics literature].
It is rare that economic theory is specific enough to determine the exact value of the estimand. More typical is that
the theory is consistent with a range of values for the estimand. Observationson agents' choices and outcomes may be
helpful in narrowingdown this range. The econometrician's
task is to link the data to the estimand. Typically a number of additionalassumptionsare made at this stage. Almost
always it is assumed that there is only limited dependence,
or no dependence at all, between choices made by different
agents, and identificationfocuses on the link between the joint
distributionof the observables, estimable in large samples,
and the estimand. Two possibilities arise at this stage. Sometimes the estimand can be expressed as a functional of the
joint distributionof the observables, in which case the estimand is identified. A leading example is where the estimand
is the averagetreatmenteffect and theory suggests that assignment to treatmentis random, or at least random conditional
on a set of observed covariates (unconfounded assignment,
selection on observables).Alternatively,the assumptionssuggested by economic theory do not allow for the direct link
between the distributionof observables and the estimand. In
that case the researcherfaces some choices. One option, advocated in a series of papers by Manski (see, for a general discussion, Manski 1995), is to estimate the range of values of
the estimand consistent with the data given the substantive
assumptions.Anotheroption, followed in the currentarticleby
Angrist, is the local average-treatment-effectapproachdeveloped by Imbens and Angrist (1994) to consider what aspects
of the estimand are identified given data and assumptions.In
instrumental-variablessettings, the population average treatment effect is often not identified,but the averageeffect for a
specific subpopulationmay be. In that case one may choose
to estimate the average treatmenteffect for this subpopulation and leave the extrapolationto the principal estimand to
the researcher,possibly aided by theoreticalconsiderations.As
Heckman wrote, "It is a great virtue of the LATE parameter
that it makes the investigatorstick to the data at hand, and separateout the aspects of an estimationthat requireout of sample extrapolationor theorizing from aspects of an estimation
that are based on observabledata"(Heckman 1999, p. 832).
Let us consider the case studied by Angrist, with its focus
on the effect of having more than two children on labor supply. Angrist arguesthat the second birthbeing a multiple birth
(e.g., twins) is a valid instrumentfor this effect. In terms of
the AIR formulation,this requires a multiple birth to be as
good as randomly assigned, and the absence of a systematic
direct effect on labor supply other than through its effect on
the number of children. Such assumptions may be controversial. For example, fertility treatmentsmay lead to a systematic association between multiple births and choices made
by couples, violating the first assumption.Even if we accept
these assumptions, however, they only imply that the average causal effect of more kids on labor supply is identified

for women who had a third child solely because their second birth was a multiple birth (compliers in the AIR terminology). In my view it is unlikely that this is the population
of primaryinterest. Nevertheless, it is the only subpopulation
the data are informativeabout in the sense of point identification underthe substantiveassumptions,and it would appearto
offer some guidance regardingthe population average causal
effect to policy makerssimilarto the way in the medical world
results from clinical trials in homogenous subpopulationsare
regarded as useful because they are viewed as indicative of
populationaveragecausal effects.

DEPENDENT
VARIABLES
3. LIMITED
Typically economic theory offers some guidance concerning the determinantsof certain outcomes without specifying
the exact form or strength of their relationship.In that case
statistical modeling is requiredto complete the specification.
Consider the example Angrist studies with binary outcome,
binary endogenous regressor,a binary instrument,and covariates. Angrist suggests as one possible approachestimatingthe
average treatmenteffect through a linear probability model
with instrumentingfor an endogenous regressor.The benefits
of the linear probabilityapproachstemming from the linearity and robustness against misspecification of the first stage
appearto me largely illusory. At this point the statisticalmodeling is only intendedto provideflexible approximationsto the
underlying conditional distributions.This is a fundamentally
differentrole from that played by the substantiveassumptions
that are essential for identification. Appeals to consistency
under specific parameterizationsthereforeappearirrelevantin a larger sample one may well wish to use a more flexible
specification because less smoothing is required.In addition
to finding the alleged benefits of the linear probabilitymodel
unpersuasive,I find its disadvantagestroubling.Within small
subpopulationscharacterizedby extreme values of the covariates, the smoothing implicit in linear probability models is
likely to lead to unattractivepredictions compared to predictions based on nonlinear models that respect the limiteddependent-variablenatureof the outcomes.
An alternativeapproachis followed in the study of the effect
of flu shots on hospitalizationrates using randomizedincentives for vaccination by Hirano, Imbens, Rubin, and Zhou
(2000, HIRZ from here on). Given their assumptions,extensions of those made by AIR to the case with exogenous covariates, there are three subpopulations-compliers (units who
change treatmentstatus in response to a change in the value
of the instrument),always-takers(who always take the treatment, irrespectiveof the value of the instrument),and nevertakers (who never take the treatment,irrespectiveof the value
of the instrument).HIRZ modeled the conditionaldistribution
of these three "types"conditionalon covariatesas a trinomial
distribution:
Pr(Typei= clXi = x)

=

exp(x')
1 + exp(x'ufc)
+ exp(x' 'a)

Pr(Type = alXi = x) =exp(x' exp(x' a)
1 + exp(x'lJc)+ exp(x'fa) '

20

Journalof Business & EconomicStatistics,January2001

and

attractivehere is the linear probabilitymodel since it requires
inequality restrictionson the parametersif the implicit estimates
of the probabilitiesare to be boundedbetween 0 and 1.
Pr(Typei= nIXi = x)
In cases with other limited dependentvariables,alternative
=
= x).
= 1 - Pr(Typei = clXi = x) nonlinearmodels may be appropriate.For example, if the outPr(Typei aiXi
comes are durations,subjectto censoring, models specified in
Now compare this setup to the selection models Angrist terms of hazardfunctions (e.g., Lancaster1979) may be condescribes in Section 3. In the selection models, the equation venient for dealing with such data.
describing the endogenous regressor is Di = 1{Yo+ y Zi +
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The Problem. Although the article by Angrist ranges
across a number of issues, much of the discussion, and the
articletitle, suggests thatthe problemof concernis that instrumental variables(IV) cannot be used in one of three common
models. Let the first model be y = a + 8d + xS + E, where y is
an absolutely continuous variablebut d is binary, and where
x is independentof E but d is not. Then P can be consistently
estimatedwith IV (Heckmanand Robb 1985). Let the second
model be y* = a + 1d* + x8 + E, where y* and d* are contin-

uous and where y = 1(y* > 0) and d = d* are the observed
variables.The parametersof this model can likewise be estimated by IV with some auxiliary assumptions(Newey 1986;
see Blundell and Smith 1993 for a review of alternativemethods). But let the third model be y* = a + Od+ x8 + E, where
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