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Abstract

This note provides a smple exposition of what 1V can and cannot estimate in a model with a
binary treatment variable and heterogeneous treatment effects. It shows how linear 1V is a
misspecification of functional form and the reason why linear 1V estimates for this model will
always depend on the instrument used is because of this misspecification. It shows that if one
can estimate the correct functional form (nonlinear 1V) then the treatment effects are
independent of the instrument used. However, the data may not be rich enough in practice to
be able to identify these treatment effects without strong distributional assumptions. In this
case, one will have to settle for estimates of treatment effects that are instrument-dependent.
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I ntroduction

In the programme evaluation literature where ‘treatment’ is endogenous, applied economists
make widespread use of the method of instrumental variables to ‘deal’ with the problem of
endogeneity bias. Where the effect of teatment on the outcome variable is the same for
everyone (the homogeneous treatment effect case) 1V provides consistent estimates of this
treatment effect and this is independent of the instrument used. But, economists have become
more interested in the heterogeneous treatment effect case and the question then arises as to
what exactly 1V estimates. Although the literature on this subject is very large and very
thorough, experience (including personal) tells me that the message is not getting through to
many practising applied economists. The purpose of this note is to provide a very smple
exposition of the main results in the literature that can be found in the work of Angrigt,
Heckman and Imbens amongst others®.

It shows how linear IV is a misspecification of functiona form when there is
heterogeneity in treatment effects and the reason why linear IV estimates for this model will
always depend on the instrument used is because of this misspecification. It shows that if one
can estimate the correct functional form (using nortlinear 1V) then the treatment effects are
independent of the instrument used. However, the data may not be rich enough in practice to
be able to identify these treatment effects without strong distributional assumptions. In this

case, one will have to settle for estimates of treatment effects that are instrument-dependent.

1. TheSet-Up

To keep things as simple as possible, we assume that there is an outcome variable Y, a binary
treatment variable D and an instrument Z. We omit other (exogenous) covariates in the
interests of simplicity though it would be simple to include them. We also restrict discussion
to the estimation of the treatment effects. we do not, for example discuss how one would
compute standard errors for those estimates though standard techniques can be used for this.

The mode for the outcome variable we will useis:

L A reader of this literature will be aware that a certain amount of attention is paid to the question of ‘who said
what when’ with identical or similar results being presented in different papers as novel. | am even less of an
historian of econometric thought than | am an econometrician and have no expertise in this question of
attribution so the references in this paper to where results can be found should not be taken to imply thisis the
origin of the result referred to.



Y =b,+b,D+U +DU, D
where U and U, are unobserved errors with mean zero. Note that there is no functional

form restriction like linearity in doing this because D can only take two values. The

homogenous treatment effect case obviously corresponds to the case where U, =0.

Once there is heterogeneity in treatment effects, there is a question about what
treatment effects are we interested in. In this note we focus on just two:

- the average treatment effect (ATE) which hereisjust b,
-the treatment effect on the treated (TT) which hereis:
TT =b,+E(U,|D=1) )
We assume that one cannot simply obtain estimates of (1) by OLS as D is potentially
correlated with U and U, .

We need to specify the model determining D. A fairly general specification (see

Vytlacil, 2002) is the following:
D*=E(D|z)-V -
D=1(D*32 0)

where V is uniformly distributed on [0,1]. The familiar probit or logit models (amongst
many others) can be written in the form of (3). V is potentially correlated with (U ,Ul). But
Z is assumed to be independent of (U , Ul,V) - this is stronger than the mean independence

assumption used in traditional 1V but most researchers will be happy to make this stronger

assumption in practice.

2. Instrumental Variables

IV can be thought of as a two-step procedure (the most familiar incarnation of which s two-

stage least squares). In the first stage one models the expectation of the endogenous variable
conditional on the instruments i.e. models E(D |Z) which, given that D here is binary
amounts to modelling Pr(D = 1|Z). There are many ways, parametric and non-parametric, in

which one might do this: for our purposes here we will smply assume that we have a
consistent estimate of this relationship.



In the second stage, IV estimates the relationship between the outcome variable, Y, and

E(D |Z) i.e. one examines the relationship between the expectation of the outcome variable

conditiona on the instruments, E(Y|Z) ,and E(D |Z) . Intraditional IV one modelsthisas a

linear relationship but, as we shall see, that is inevitably a misspecification of functional form
for the model considered here.

Taking expectations of Y conditional on Z in (1) as the second stage of 1V does leads
tor

E(Y|z)=b,+b,E(D|2)+E(U.D|Z)
=b, +§b, + E(U,|D=1Z)HE(DJZ) “
Note that the coefficient on E(D |2 ) in the final line is the treatment effect on the treated,
conditional on Z: for future use let us denote this by TT(Z) and define it as:
TT(Z)=b,+E(U,|D=12) (5)

Using (3), the fina linein (4) can be written as:

E(Y|2)=b, +&,+E(U,)v £E(D[2))E(D |2) ©)
which can be written as:

E(Y|z) =b, +&p, +k (E(D|z))uE(DJZ) )

for some function k (E(D|Z)). Note that this model isintrinsically non-linear in E(D |Z) if

there is any heterogeneity in treatment effects and an endogeneity problem. In fact, the non
linearity of the relationship in (7) is, given the assumptions made, a necessary and sufficient
condition for the existence of heterogeneity in treatment effects that are correlated with
treatment status. So, atest of nonlinearity is a test of this hypothesis (although such a test

may have low power if there islittle variation in E(D [Z ) in the data).

This intrinsic non-linearity helps us to understand the limitations of the familiar linear
IV estimator for this model. As the ‘true’ relationship is nonlinear, fitting a linear

relationship is a misspecification of functional form for the relationship between E(Y|Z) and
E(D |Z) As in any misspecification of this type the actual coefficient one will estimate

depends on where the data actually is and this depends on the instrument. This is why linear
IV estimates depend on the instrument used.



If one wants to estimate the true model (7) one obviously has to use a nonlinear IV
estimator. To understand what (7) might look like let us consider the familiar case where we
have a probit the model for the determination of D and the errors are jointly normally
distributed. Then we have:

E(Y|2) =b,+bE(D|z)+rsf (F*(ED 2))) ®

and the relationship looks something like the curve plotted in Figure 1. The actual curve one

has is dependent on the instrument used. But, note that, independent of the instrument and
the distribution of the errors E(Y|Z)=b, when E(D |[2)=0 and E(Y|Z)=b, +b, when
E(D|z)=1. Thelatter follows because:

k()=E(U,V£1)=E(U,)=0 9
given the assumption that V is uniformly distributed on the unit interval.

One can use Figure 1 to depict the different treatment effects. For example, the
treatment effect on the treated conditional on Z=z, is given by the dope of the chord

connecting the curve at E(D |Z = z,) to the point on the curve where E(D [2) =0: this is
depicted on Figure 1°. And the ATE is given by the slope of the chord connecting the curve
a E(D |2 )=1 tothe point on the curve where E(D |2 )=0.

The ATE will clearly be independent of the instrument used but TT(Z) is obviously
not. But, if one can successfully model the nonlinear relationship (7) then the estimated
treatment effects will be independent of the instrument used. To see this, let us leave to later
the identification of (7) and assume that we do have consistent estimates available.

If one can estimate the model of (7) then one can estimate TT(Z) as given by (5).
Obvioudy it will depend on Z, the instrument which may have no intrinsic interest. We are
more likely to be interested in the treatment effect unconditional on Z. To obtain this we
need to weight TT(z) by the density function of Z conditional on D=1, f, (Z|D=1). Now

z|p
we have that:
E(D|z) £,(2

(4D =1)=—F 5,

(10)

2 |f oneis interested in it, the treatment effect on the untreated is given by the slope of the chord connecting a
point on the curve to the other end of the curve.



where f,(z) isthe margina density function of Z. The following result holds whether Z has

adiscrete or continuous distribution but, to keep the notation smple, we will assume it has a
continuous distribution. In this case the estimated treatment effect on the treated for the

population can be written as.

=072 fz|D(Z|D :1)dz :OTI_(Z)E(D |Z) f,(2)dz

E(D)
_ G E(UP=12iER ) h@d - E(PU) e |
E(D) E(D)
:m+E@wozm&E@HD:QEHDZQ+EwJD:Q

E(D) E(D)

which is the true value and is independent of the instrument used. In practice, one way to
compute this is to use the estimates of TT(Z) and then simply average this across the sample
members for whom D=1.

But there is a simpler way to estimate TT in this case using alinear IV estimator. The

trick is to define a binary instrument (let us denote it byZ) that takes the value one if
E(D[z)>0 andzeroif E(D |z)=0. We can then show that TT is given by:
_E(Y|Z=1)- E[Y[Z =0)
E(pjz=1)- E[PZ=0)

(12)

i.e. isthe linear IV estimate of Y on D using Z as an instrument. Because the proof of this

detracts from the main story, the proof is in the Appendix. However, the intuition is very

simple. For those with the value of Z such that E(D |2 ) =0, the average value of Y will

beb, asZ isavalid instrument. For all other observations the average value of Y will beb,
plus the fraction receiving treatment times the average treatment effect for this group. The
treatment effect on the treated can then be found by taking the difference in the value of Y for
the two groups and dividing by the fraction treated in the second group.

But all the discussion in this section assumes that one can successfully identify the
relevant treatment effects and, as the next section makes clear, this may not be so easy in

practice.



3. |dentification

The previous discussion presumed that one could identify all the parameters of (7). Let us
now consider whether thisis possible or not. Start by considering the case where one takes a

nonparametric approach to estimation and does not impose any a priori functional brm

restrictions on k(E(D|Z)). For every value of E(D[Z) observed in the data one will be

able to estimate E(Y|Z) so will observe that point on the curve in Figure 1. But, as the prior
discussion of Figure 1 has made clear to identify TT(Z) one needs to estimate the sope from
the origin to E(Y|Z): for that one needs to observe some value of Z for which E(D[2)=0

(i.e. to observe the value of Y for some group who will never take the treatment). This result
isin Angrsit and Imbens (1991) or Heckman and Vytlacil (2000). If one observes data at the
origin then one can identify TT(Z) for every value of Z observed in the population, and one

can then use thisto estimate TT asin (11) above. Note that one does not need to observe al
possible values of E(D |Z ) to identify TT as, in (11), the only values of Z that get any weight

are the ones observed in the population and these can be estimated.
The condition for the identification of the ATE can also be readily understood from
the earlier discussion of Figure 1. The ATE is the slope of the line connecting the two

endpoints in the curve in Figure 1. to estimate this we need some observations on a group for

whom E(D |2 ) =0 and some on agroup for whom E(D [z )=1.

The condition for identifying TT that we have some observations for whom

E (D |Z ) =0 isastrong requirement as the data may lie nowhere close to this point. Suppose
we are not in this fortunate position. What can de done in this case?

One option is to use a specific assumption about the functional form of k (E( D|Z))
and then use the estimates for extrapolation to estimate the value of E(Y|Z) when

E(D[z)=0. The sk is, of course, that the functional form may be incorrect and the

extrapolation lead to large errors, arisk that is particularly large when the data is not close to
the point E(D |Z) =0. Any error in the estimation of b, will translate one-for-one into an

error in the estimation of TT.



If one does not observe any data for which E(D |Z ) =0 and one is not prepared to

use extrapolation, what can be identified in this case? Let us consider the worst-case scenario

(that figures prominently in the work of Angrist and Imbens — see Imbens and Angrist (1984),

or Angrist (2003)) where we observe only two vaues of E(D |Z) i.e. the instrument is

binary. Suppose the two values are z and z as depicted in Figure 2. Then one only observes
two points on the curve in Figure 1 and one can do no more than estimate the slope of the line

connecting the two points. 1f one makes the monotonicity assumption of Angrist and Imbens

that when E(D [Z) rises all those who were initially taking the treatment continue to do o

plus some extra (the compliers in their terminology) then the increase in E(Y|Z) will be the

result of the compliers switching from nonttreatment to treatment. As a result the linear 1V
estimator is the average treatment effect for the compliers. Thisisthe loca average treatment
effect (LATE) —amore formal proof can be found in Imbens and Angrist (1984). LATE will
not be independert of the instrument used, although one can obtain results (shown in Angrist,
2003) that if the instrument is symmetric and the distribution of the errors is also symmetric,
then LATE will equal the ATE. This can aso be readily understood using Figure 1 & the
dope of the true curve in the middle of the distribution isthe sasme as ATE.

The case of a binary instrument is a bit pessmistic (especialy as covariates can also

often be used as a source of variation in E(D |Z), although typically at the cost of some

restriction on functional form for the way the covariates affect Y). So let us consider what
can be identified when the instrument takes a number of finite values e.g. we add an extra
value of Z, 2, as illustrated in Figure 2. One can join up each of the points on the curve
observed using a straight line and interpret the slopes as the LATE for each change in the
instrument. Or, one could begin to fit the curvature of the true relationship. Suppose we take
the latter approach and, in addition that Z is continuous over some range. Then one can
estimate the true curve over some interval. In particular one can estimate the slope at each
point. This dlope is what Heckman and Vytlacil (2000) call the margina treatment effect
(MTE). It can be thought of as LATE for small changes in the value of the instrument. Note,
that MTE, like LATE will be instrument-dependent.

This discussion can be summarized as follows. If the data contains observations on

individuals for whom E(D [Z)=0 then one can identify TT and the resulting estimate will

be independent of the instrument used. However, one cannot obtain this estimate by linear



IV as the functional form is inevitably nonlinear. In addition, if one also has observations on

individuals for whom E(D |Z):1 then one can identify ATE: again, this is instrument-

independent. In this case IV estimates have what Angrist calls external validity.

But, if the datais not that rich then one can hope to identify TT and ATE if one makes
specific assumptions on functional form and extrapolates. But, if oneisloathe to do this then
one has to settle for estimates of LATE and MTE that are instrument-dependent. In this case,
the IV estimates will have what Angrist calls ‘internal validity’.

4, Conclusion

This note provides a simple exposition of what 1V can and cannot estimate in a moddl with a
binary treatment variable and heterogeneous treatment effects. It shows how linear 1V is a
misspecification of functional form and the reason why linear 1V estimates for this model will
always depend on the instrument used is because of this misspecification. It showsthat if one
can estimate the correct functional form (nonlinear 1V) then the treatment effects are
independent of the instrument used. However, the data may not be rich enough in practice to
be able to identify these treatment effects without strong distributional assumptions. In this

case, one will have to settle for estimates of treatment effects thet are instrument-dependent.



Appendix: Proof of (12)

By construction, for Z =0 we have that E(D z :0) =0 sothat:
E(Y|Z2=0)=b, (13)
For Z =1 we have (from (4)) that:
E(Y|Z=1) =b,+ &b, +E(U,|D=1,Z =1)4E(D|Z =1) (14)
Now, using (13) and (14) we have that the IV estimator of (12) estimates:
%, +E(U;D=1,Z=1) (15)
The reason that thisis TT is that:
E(U,|D=1)=E(Y,|p=1Z =1)Pr(Z =1|D =1) +E(U,|D=1Z =0)Pr(Z =0|D =1)
=E(u|p=1Z=1)
(16)
as Pr(Z=1yp =1)=1and Pr(Z=0|D =1) =1 by the construction of Z which takesthe

value zero if there is zero probability of treatment.



Figurel

The Relationship between E(Y|Z) and E(D|2)

E(Y 12
bo +by
bo
o E(D|Z=2,) 1 E(DIZ)
Figure2
LATE and MTE
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