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1 Introduction

The classic linear instrumental variables model is commonly used to estimate treatment
effects. When the individual treatment effect is independent of treatment status and covariates,
estimators based on this model estimate the population average treatment effect (Heckman,
1997). However, since this assumption rules out selection into treatment based on anticipated
gains from treatment, it is not very plausible in many empirical settings. It is therefore
important to understand the properties of these estimators when the individual treatment
effect is allowed to be correlated with treatment status.

The first contribution of this paper is to characterize the estimands of estimators based on
the classic linear instrumental variables (1v) model when the treatment effects are unrestricted.
I assume that the instruments satisfy the monotonicity condition of Imbens and Angrist (1994),
so that for each pair of instrument values, we can identify a local average treatment effect
(LATE). I show that the two-stage least squares (TSLs) estimator, under some mild assumptions
about the first stage, estimates a convex combination of these local average treatment effects,
weighted over different pairs of instrument values and covariates. On the other hand, unless
all LATEs are the same, the estimand of the limited information maximum likelihood (1ML,
Anderson and Rubin, 1949) depends on the covariance matrix of the reduced-form errors,
and may lie outside the convex hull of the local average treatment effects. Therefore, the
estimand may not correspond to a causal effect. Moreover, other estimators based on the classic
linear 1v model will, depending on how they are constructed, either estimate the same convex
combination of LATEs as TsLs, or else behave similarly to LIML.

In particular, estimators that behave like TsLs can be thought of as two-step estimators. In
the first step, they construct a single instrument, a predictor of the treatment status based on
the first-stage regression. In the second step, an instrumental variables estimator that uses
this constructed instrument as a single instrument is used to estimate the treatment effect.
I refer to these estimators as two-step instrumental variables estimators. In the limit under
standard asymptotics, the exact way of constructing the single instrument does not matter; all
two-step 1v estimators converge to the same probability limit as the infeasible instrumental
variables estimator that uses a population linear predictor of the treatment status as a single
instrument. In turn, the probability limit of this 1v estimator corresponds to a weighted average
of LATEs. The weights are non-negative if the single instrument itself satisfies monotonicity in
that changing its value does not induce two-way flows in and out of treatment.

In contrast, estimators that behave like LML are based on the property of the classic linear



1v model that the coefficients on the instruments in the first-stage regression are proportional
to the coefficients in the reduced-form outcome regression. These estimators, which I refer
to as minimum distance estimators, minimize a minimum distance objective function that
directly enforces this proportionality with respect to some weight matrix. The estimator of the
treatment effect is given by the estimator of the constant of proportionality. Malinvaud (1966,
Chapter 20) and Goldberger and Olkin (1971) show that LML can be thought of in this way,
with the weight matrix depending on the covariance matrix of the reduced-form errors.

This approach yields a different estimand under treatment effect heterogeneity because
imposing proportionality of the reduced-form coefficients implies that the treatment and the
outcome are treated symmetrically. In particular, it requires that the estimand of the reverse
two-stage least squares estimator (RTSLs) be equal to the estimand of TsLs. The RTSLs estimator
is obtained as the reciprocal of the TsLs estimator in the instrumental variables model that
swaps the treatment and the outcome. This requirement makes sense if the instrumental
variables model is supposed to solve an errors-in-variables problem (Zellner, 1970), or an
omitted variable bias (Chamberlain, 2007). However, in the context of estimating treatment
effects, the reduced-form coefficients are no longer proportional to each other unless all LATEs
are equal. Therefore, the TsLs and RTsLs estimands are in general different; the probability
limit of the RTsLs estimator is the same as that of an instrumental variables estimator that
uses a linear predictor of the outcome based on the reduced-form outcome regression as an
instrument. This instrument induces a different weighting scheme for the LATEs, and hence
a different estimand, than using a linear predictor of the treatment status as an instrument.
Unlike the TsLs weights, these weights are proportional to the effect size, with the bigger LATEs
receiving more weight.

There are two ways in which this difference between TsLs and RTsLs estimands can cause a
minimum distance estimand to be outside the convex hull of LATEs. First, if some LATEs are
negative, the RTSLs estimand gives them a negative weight, so that the estimand may end up
being outside the convex hull of the LATEs. Consequently, the minimum distance estimand,
trying to equate rRTSLs with TsLs, may end up being outside the convex hull. Second, even if
the rTSLs estimand is inside the convex hull, if the weight matrix that is used to equate RTSLS
with TsLs is non-diagonal, as is the case with LML, the minimum distance estimand is not
guaranteed to lie between the rRTSLs and TsLs estimands.

It is easy to avoid these problems by simply avoiding LiML and using TsLs. However,

when many instruments are used, TsLs may be severely biased even in large samples (Bound,



Jaeger and Baker, 1995), and it is inconsistent under the many instrument asymptotic sequence
of Kunitomo (1980), Morimune (1983), and Bekker (1994). Therefore, when the number of
instruments is large, the standard recommendation has been to use LML, which is not only
consistent under many instrument asymptotics, but also efficient among rotation invariant
estimators and homoscedasticity (Chioda and Jansson, 2009; Anderson, Kunitomo and Mat-
sushita, 2010). Recently, other estimators have been proposed that behave better than LML
under heteroscedasticity. Hausman, Newey, Woutersen, Chao and Swanson (2012) propose
a Fuller (1977) type modification to a jackknife version of LimrL (HLIM). Bekker and Crudu
(2012) propose a similar estimator, which they call symmetric jackknife. However, all of these
estimators are minimum distance estimators, and therefore not likely to work well under
treatment effect heterogeneity.

The second contribution of this paper is to propose a new estimator in the two-step 1v class,
the unbiased jackknife 1v estimator (UjIvE), that remains consistent for a convex combination
of LATEs even under many instrument asymptotics and heteroscedasticity. This estimator is
similar to the jackknife instrumental variables estimator (jivE, Phillips and Hale, 1977; Angrist,
Imbens and Krueger, 1999) in that it also uses a “leave-one-out” jackknife-type predictor of
the treatment in the first stage, but differs from jIve in the way it deals with covariates. In
particular, in constructing the single instrument in the two-step 1v procedure, we need to partial
out the effect of covariates on the treatment. Suppose, for example, that the instruments are
classroom indicators, and the covariates are school indicators (school “fixed effects”). Then the
JIVE estimate of the effect of covariates on the treatment status of individual i is given by an
average treatment status of individuals in the same school as individual i. With a finite number
of observations in each school, this estimate is noisy, and since it depends on the treatment
status of individual 7, the estimation error is correlated with the outcome. Therefore, the single
constructed instrument is also correlated with the outcome, causing jIvE to be biased when the
number of covariates is large (Ackerberg and Devereux, 2009). In contrast, the UJIVE estimate
of the effect of the covariates is given by a sample average that excludes individual i, which
guarantees that the prediction error will be uncorrelated with the outcome. As a result, unlike
JIVE, UJIVE is consistent for a convex combination of LATES even when we let the number of
covariates, in addition to the number of instruments, increase in proportion to the sample size,
as in Anatolyev (2011) and Kolesar, Chetty, Friedman, Glaeser and Imbens (2011).

The estimand of two-step 1v estimators can be seen as one way of summarizing the effect of

the treatment on outcome. For particular policy questions, however, we might be interested in



a weighting scheme that is different than the one used by these estimators. For this purpose, a
number of alternative approaches, not based on the classic 1v model, have been proposed in
the literature. For example, Frolich (2007) derives a non-parametric estimator for the largest
subpopulation of compliers for which a treatment effect can be identified. When the instrument
is binary, Abadie (2003) works out a semi-parametric approach to approximating a treatment
response function, and Hirano, Imbens, Rubin and Zhou (2000) and Yau and Little (2001) use a
parametric approach to estimate a LATE that does not condition on covariates. Alternatively,
instead of focusing on the LATEs, one might be interested in other features of the distribution
of the potential outcomes, such as the average treatment effect. Although such features are not
point-identified, Balke and Pearl (1997), Kitagawa (2009), and Machado, Shaikh and Vytlacil
(2013) derive informative bounds for such parameters. To keep the paper focused, I do not try
to compare the classic 1v estimators with these alternative approaches.

The rest of the paper is organized as follows. In Section 2, I set up the problem of estimating
causal effects in a potential outcomes framework. In Section 3, I review assumptions underlying
the classic linear 1Iv model, and I introduce the classes of two-step 1v.and minimum distance
estimators that are based on this model. In Section 4, I introduce the local average treatment
effects framework of Imbens and Angrist (1994). In Section 5, I derive the first main result
of the paper, the estimands of two-step 1Iv and minimum distance estimators under the LATE
assumptions. In Section 6, I derive the second main result of the paper that ujIvE is consistent
for a convex combination of LATEs under many instrument asymptotics. Section 7 illustrates
the results from Sections 5 and 6 with a Monte Carlo experiment. Section 8 concludes. The
Appendix contains proofs and an extension of the results to the case when the treatment is

multi-valued.

2 Potential outcomes framework

Using a random sample of n individuals indexed by i =1, ...,n, we want to learn about the
causal effect of a treatment T; € 7 on some outcome of interest. For clarity of exposition, I
focus on the case when the treatment T; is binary, so that 7 = {0,1}. I discuss the extension
to multi-valued treatment in Appendix A. Let Y;(1) and Y;(0) denote the potential outcomes
in the treated and untreated states. The treatment effect for individual i is then given by
7, = Y;(1) — Y;(0).

The fundamental problem is that for each individual, we only observe the potential outcome



corresponding to the observed treatment state, Y; = Y;(T;). Therefore, we cannot compute T
directly for any individual. Moreover, there is a concern that anticipated potential outcomes
affect selection into treatment, so that comparing the average outcome of the subsample of
individuals who are treated in our sample with those who are not is likely to lead to a biased
estimate of the population average treatment effect E[T;].

We do, however, observe instruments Q; with support Q that help to identify average
treatment effects for at least some subpopulations. For each possible realization q € Q, let T;(q)
denote the potential treatment variable that equals one if individual i would receive treatment
if their instrument value was changed to Q; = ¢, and equals zero if they would not receive
treatment. The observed treatment status is given by T; = T;(Q;); the other potential treatments
are not observed.

We also observe a vector of covariates X; with support X. I include these covariates explicitly
for two related reasons. First, in many empirical applications the identification assumptions
that underlie the instrumental variables framework may only be plausible conditional on X;.
One simple approach in this case is to carry out the analysis separately for all values of the
covariates. However, when the covariate set is detailed so that the support X is rich, this
approach is unlikely to be satisfactory. Second, even when the identification assumptions
are plausible unconditionally, inference without covariates might not be precise enough. A
common solution to both of these problems in practice is to estimate a single model with
covariates. It is therefore important to understand how the presence of covariates affects
inference.

In summary, the observed data vector for each individual is given by (Y;, T;, Q;, X;).

Two important functions of the distribution of the observed data are given by the two

regression functions

r(q,x) =E[Y; | Qi = q,X; = x], 1)
p(q,x) =E[T; | Qi = q,X; = x]. )

With binary treatment, p(g, x) equals the conditional treatment probability, P(T; =1 | Q; =
9, X; = x), also known as the propensity score. When viewed as a random variable, I will
denote it by P; = p(Q;, X;). Similarly, r(q,x) denotes the conditional expectation of the
outcome, and I denote it by R; = r(Q;, X;) when viewed as a random variable. Without
further assumptions, these regression function are not directly informative about the objects of

interest—the treatment effects. They are therefore known as the reduced form equations.



In general, both reduced form equations will be non-linear. The linear 1v estimators that I

will consider are based on a linear approximation to the true non-linear reduced form

Ri = E*[Y; | Z;, W;] = Zjm + W]y, ©)
Pl = E*[T; | Z;, Wi| = Z!my + W4y, @)

where E* denotes population (minimum mean-squared-error) linear projection!, and Z; =
z(Qj, X;) and W; = w(X;) are expansions of the original instruments and covariates, with
dim(Z;) = K and dim(W;) = L. I assume that W; spans a column of ones. The estimators that
I will consider will use these constructed instruments and covariates.

For example, in Angrist and Krueger (1991), the basic instruments Q; were three quarter
of birth indicators, and the constructed instruments Z; were obtained by interacting Q; with
year of birth and state of birth indicators. A similar specification was used in Dobbie and Fryer
(2011), who study the effect of Harlem Children Zone (HCz) charters on educational outcomes.
In particular, Dobbie and Fryer (2011) construct Z; by interacting an indicator for living within
HCz, Q;, with cohort, so that Z; y = Q;l1x,—y, where ¢ indexes cohorts, £ € {1,...,L}. If we also
set Wjy = 1x._s, and cohort is the only covariate that we observe, then the linear approximation
is exact, and P; = PZ-L. With continuous instruments and covariates, we could use series
expansions to construct Z; and W;. Of course, we can also simply set z(Q;, X;) = Q; and
w(X;) = X;. I make the distinction between the original instruments and covariates, (Q;, X;),
and the constructed ones, (Z;, W;), because it will matter for the estimands of these estimators
under treatment effect heterogeneity how exactly the instruments were constructed.

I use matrix notation to help keep the definitions and results compact. I denote the n-
component vector with ith element Y; by Y. Similarly, let T, W, Z, P, PL, R and RE denote
vectors and matrices with rows T;, W/, Z/, P;, PZ-L, R; and RiL. For any full-rank n X m matrix A,
let Hy = A(A’A)7!A’ denote the associated 1 x n projection matrix (also known as the hat
matrix), and let D4 be an n x n diagonal matrix with (Ha);; on the diagonal. Let I, denote the
m x m identity matrix, and let My = I, — Ha denote the annihilator matrix. Let A;| = MwA
denote the residual from the sample projection of A onto W, and let A; = A; — E*[A; | W]]
denote the residual from the population projection of A; onto W;. Also, let a.s. denote almost

surely (i.e. with probability one).

'In other words, the linear projection of A; onto B;, E*[A; | B;] = B!7, minimizes min, E[(A; — Bly)?]. If
the covariance matrix of B; is non-singular so that E[B;B/] is invertible, then the solution is uniquely given by
v = E[B;B]] 'E[B;Aj].



3 C(Classic linear IV model and estimators

The classic linear 1v model is usually defined in terms of a structural equation (see, for example
Wooldridge, 2002, Chapter 5)
Y; =T+ W6 +¢;, 5)

where the covariates W; and the instruments Z; are assumed to be uncorrelated with the

structural error €;:
IE[eiWi] = 0, IE[GiZi] =0. (6)

The second assumption is that the instruments are relevant in the sense that the coefficient 7,
in Equation (4) is non-zero. The parameter of interest is B, and it represents the causal effect of

T; on Y;. Equations (5) and (6) can be compactly written as a moment condition
E*[Y; — T, —W/é | Z;, W;] = 0. (7)

In this section, I use the potential outcomes framework to formulate assumptions that
deliver the moment condition (7) and that give B a direct causal interpretation as the population
average treatment effect. This allows me to more easily link the classic 1v model to the LATE
framework of Imbens and Angrist (1994). Second, I define three classes of estimators of B: the
class of two-step 1v estimators (that includes the two-stage least squares estimator), the class
of reverse two-step 1v estimators (that includes the reverse two-stage least squares estimator),
and finally the class of minimum-distance estimators (that includes Limr). This classification
will be more useful when considering the behavior of the classic 1v estimators under the LATE
framework than the traditional division into estimators that fit into the k-class (Nagar, 1959;

Theil, 1961, 1971), and estimators that do not.

3.1 Assumptions underlying the classic linear IV model

Interpreting B in the moment condition (7) as the population average treatment effect requires
three assumptions that correspond to Assumptions IV, CTE and L below.

First, the instruments need to be valid in the sense that they only affect potential outcomes
through their effect on the treatment. To formalize this notion, we need to include Q in
the definition of potential outcomes. Let Y;(t,q) be the potential outcome when individual i

receives treatment ¢ and instrument g, so that the observed outcome is given by Y; = Y;(T;, Q;).



Assumption IV.
(i) (Random assignment) {Y;(t,q), Ti(q) }teT4e0 L Qi | Xi;
(ii) (Exclusion restriction) P(Y;(t,q) = Yi(t,q') | X;) = 1 for all (t,q,4) a.s.; and
(iii) (Relevance) The distribution of P} conditional on X; is non-degenerate with positive

probability.

Part (i) requires that conditional on covariates, the instruments are as good as randomly
assigned in the sense that they are independent of potential outcomes and potential treatments.
Part (ii) requires that the instruments only affect outcomes through their effect on the treatment.
This assumption justifies writing the potential outcomes as functions of the treatment only,
so that Y;(t) = Y;(t,q). Finally, Part (iii) is a rank condition—requires that the constructed
instruments Z; have a non-zero effect on the treatment, at least for some values of covariates; it
ensures that the coefficient 71, in Equation (4) is non-zero. Since Z; = z(Q;, X;), a necessary
condition is that the original instruments Q; have a non-zero effect on the treatment.

The second assumption restricts treatment effect heterogeneity:

Assumption CTE (Constant Average Treatment Effects). For all (t1,t,t,4,x) € T3x QO x X,
E[Y;(t1) = Yi(to) | Qi = q, T; = £, X; = x] = (t; — to)B.

Assumption CTE restricts the treatment effects in two ways. First, although it allows the
individual treatment effects to vary, it requires that the source of heterogeneity in the individual
treatment effects be unrelated to observables. In other words, it imposes that E[Y;(t1) — Yi(to) |
Qi =4qT =tX; = x] = E[Yi(t1) — Yi(to)]. In particular, it does not allow individuals’
treatment status to be correlated with gains from treatment, ruling out what Heckman, Urzta
and Vytlacil (2006) call essential heterogeneity, or sorting on gains from treatment. This makes it
implausible in many empirical applications—I will relax it in the next section when I introduce
the LATE framework of Imbens and Angrist (1994).

Second, it restricts the treatment effect to be linear, so that E[Y;(t1) — Yi(to)] = (t1 — to)B-
This linearity condition is only restrictive when the treatment is multi-valued (see Appendix A
for discussion of this case). With binary treatment, the condition is moot. The parameter p
now corresponds to the population average treatment effect.

Some textbook discussions of the classic linear 1v model (Wooldridge, 2002; Angrist and

Pischke, 2009) use a stronger version of this assumption by imposing Y;(t1) — Yi(to) = (f1 —to)B



for all i, ruling out any heterogeneity in the treatment effect, but such restrictive assumption is
not needed.

Assumption CTE implies that

0=E[Y;(t) - Yi(0) —tp | Qi=q, T =t,X; = x]
=E[Yi(T:) —Yi(0) - TiB | Qi=q,Ti =t,X; = x| (®)
=E[Y; - Yi(0) - Tip | Qi =g, Xi = x|,

where the last line follows the Law of iterated expectations. To turn Equation (8) into the

moment condition (7), we need that
E*[Y;(0) | Z;, Wi] = E*[Y;(0) | Wi. )

If there are no covariates beyond the intercept, so that W; = 1, then this equality holds
automatically. However, since Assumption IV allows for cases in which the assignment of
instrument is only random conditional on covariates, it only implies that E[Y;(0) | Z;, X;] =
E[Y;(0) | X;]. If the conditional expectation E[Y;(0) | X;] is not linear in W;, then controlling for
W; in a linear way does not fully control for the effect of the covariates on Y;(0). Consequently,
Z; = Z; — E*[Z; | Wi] (part of Z; orthogonal to W;) may be correlated with Y;(0) — E*[Y;(0) | W],
and the coefficient on Z; on the left-hand side of (9) may be non-zero. Therefore, some
textbook discussions (Wooldridge, 2002; Angrist and Pischke, 2009) make the assumption that
E[Y;(0) | X;] = W/, so that controlling for W; in a linear way controls fully for the effect of the
covariates on Y;(0). Unfortunately, this assumption has the undesirable implication that, in
principle, sufficient variation in the covariates alone is enough to identify  since non-linear
functions of W;, such as squares of W;, are valid instruments. Moreover, since it involves
potential, rather than observed outcomes, it is not directly testable.

Here I focus on the other way we can ensure that Z; is not correlated with Y;(0) — E*[Y;(0) |

W;]—Dby restricting the expectation of Z; conditional on X; to be linear in W;:2
Assumption L (Linearity). E[Z; | X;] = E*[Z; | W;].

Assumption L ensures that controlling for the effect of covariates on the instruments by a linear

projection on W; is as good as conditioning on X;. There are three important special cases

2By the residual regression formula (9) holds iff E[Y;(0)Z;] = 0. Assumption L implies that E[Z; | X;] = 0.
Therefore, by the law of iterated expectations, we have E[Y;(0)Z; | X;] = E[E[Y;(0) | X;, Z|E[Z; | X;, Zi] | Xi] =
E[Y;(0) | X;]E[Z; | X;] = 0 where the second equality follows from Assumption IV.

10



in which Assumption L holds automatically. First, if there are no covariates. Second, if X; is
discrete and W; is saturated, consisting of dummies for different values of X;. Third, if Z; is a
function of Q; only, and Q; is independent of X;, in which case E[Z; | X;] = [E[Z;]. This happens,
for example, when Q; is some randomly assigned encouragement to take the treatment, and
the covariates are added after the randomization to increase precision of inference.

Abadie (2003) shows that another consequence of Assumption L is that the parameter J in
Equation (7) can now be interpreted as providing the best linear approximation to E[Y;(0) | X;]

in the sense of minimizing the mean-square error E[(E[Y;(0) | X;] — W/6)?].

3.2 Two-step IV estimators

An implication of the moment condition (7) is that B can be identified using a single instrument
Pt = E*[T; | Zi, W;] — E*[T; | Wi] = Z!m, the linear approximation to the propensity score
(4) with the covariates partialled out. P! can be thought of as an approximation to E[T; |
Qi, Xi] — E[T; | X;] = P; — E[P; | X;], which measures how strong the instrument assigned to
individual i is (in terms of how likely it is to induce an individual into taking the treatment),
relative to other instruments they could have been assigned, holding the covariates fixed. Since

PiL is linear in Z; and W;, the moment condition implies that
0 = E*[Y; — W!6 — T;f | PF] = E*[Y; — T;8 | PF],

where the second equality follows from E[W;P!| = 0. Rearranging this expression, we obtain

so that the 1v estimator that uses PZ,L as a single instrument, ﬁw =Y PZ,L Yi/ Y, 15} T;, is consistent
for B. Moreover, if the error €; = Y; — W/6 — T; is homoscedastic, so that Var(ei2 | X;, Q) = 02,
then this estimator is asymptotically efficient.

Since Pl»L is not directly observed, such an estimator is not feasible. Two step 1v estimators
implement a feasible version of BIV. In the first-step, they construct an estimate D; of PiL. In
the second step, an 1v estimator that uses this constructed instrument as a single instrument is
used to estimate the treatment effect:

P'Y

Po = pip- (10)



The class of two-step 1v estimators is given by all estimators that admit this representation,

where P is a function of T, W and Z, including:

e The two-stage least squares (TsLs) estimator, which replaces 71, and ¢» in (4) by their

least-squares estimates, leading to P=Hy, T

e The bias-corrected two-stage least squares estimator (Nagar, 1959; Donald and Newey,
2001), which adjusts the TsLs propensity score estimator to P = ((1 — k)Mw + kHz, )T to
improve its finite-sample properties, where k =1/(1 — (K —2)/n);

e The jackknife instrumental variables estimator (Phillips and Hale, 1977; Angrist et al.,
1999), with P = Mw (I, — (I, = D(zw)) "M(zw)) T

Under regularity conditions, the estimation error in the first step does not matter, and all of

these estimators are consistent for 8, and asymptotically efficient under homoscedasticity.

3.3 Reverse two-step IV estimators

The classic linear 1v model is symmetric in Y and T; instead of instrumenting for T in
Equation (7) like two-step estimators do, we can multiply the moment condition by 1/
(provided B # 0), instrument for Y, and take the reciprocal of the resulting estimator.

All (forward) two-step 1v estimators have reverse counterparts. In particular, we can
swap the role of the outcome and the treatment in the first step to obtain an estimate R of
RE = E*[Y; | Z;, W] — E*[Y; | Wi] = Z!my, is the linear approximation to (3) with the covariates

partialled out. In the second step, we use R to instrument for the outcome, and take the

. R'TY !
:B Rreverse — (R/Y> .

For example, the reverse two-stage least squares estimator (RTSLS) uses Rgrsis = H/ZLY in the

reciprocal, obtaining

tirst step. Under regularity conditions, this class of estimators is also asymptotically efficient
for B under homoscedasticity.

Although it is rarely used in practice, this class will prove useful in understanding the
behavior of the minimum distance class of estimators, which I introduce next, under treatment

effect heterogeneity.

12



3.4 Minimum distance estimators

Another implication of the conditional moment restriction (7) is that if we project Y; and T;
onto Z; and W;, the coefficients on Z; will be proportional to each other. To see this, by linearity

of linear projections, we obtain:
E*[Yi | Z;, Wj] = Wilé —|—IE*[T,' | Zi, Wl]ﬁ (11)

Therefore, the coefficients in the linear projections (3)—(4) are related to the coefficients (B, ) by

0 = l[]l — 1/12,3, and
T = 7T2ﬁ. (12)

This proportionality restriction can be imposed directly in estimation of B by using a minimum

distance objective function
(vec(TT) — a ® mp)'®(vec(I1) — a ® 1), a= , (13)

where Il = (Z',Z,)7'Z' (Y, T) is an unrestricted least-squares estimator of I1 = (717, 712), and
& is some weight matrix. Malinvaud (1966, Chapter 20) and Goldberger and Olkin (1971) show
that the limited information maximum likelihood (LML) estimator minimizes this objective

function if the weight matrix is given by
. . /
<I>:Q_1®Z/LZL/n, Qz(Y T) M(le) (Y T> /(n—K-—1L).

Here () an estimator of the covariance matrix of the reduced-form errors Vy; = Y; — E* Y; |
Z;,Wj] and V,; = T; — E*[T; | Z;, Wj] based on the unrestricted least-squares residuals. To
understand the sensitivity of minimum distance estimators to departures from the assumption
of constant treatment effects (Assumption CTE), it is helpful to work with a slightly different

minimum distance objective function. Define a 2-by-2 matrix

[1]

= II'E[Z;Z)]I1L. (14)

In Section 5, I will show that this matrix plays a key role in understanding the behavior of
classic linear 1v estimators under the LATE framework. The proportionality restriction (12)

implies a rank restriction on Z, namely that & = Aaa’, where A = Ey = nbE[Z;Z!]7,. This
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restriction is essentially a restriction on the second moments of IT if IE[Z;Z!] is proportional to
the identity matrix. If the weight matrix ® has a Kronecker structure, ® = $7' ® Z/, Z, /n for
some positive definite matrix $ € R?*?, minimizing the objective function (13) yields the same

estimator of B as a minimum distance estimator based on the rank-restriction on Z given by>
D(B,A) = vec(E — Aaa')' (81 ® §71) vec(E — Aad'), (15)

where & = (Y, T)'Hz, (Y, T)/n = IT(Z', Z, /n)I1is an unrestricted estimator of &. The class of
minimum distance estimators is given by all estimators that minimize the objective function (15)
for some unrestricted estimator Z of & and some weight matrix $~! ® $~1. These estimators

can be written as R A
12 — S;pmineig(S71E)

P| >

(16)

p

S

[}

By — Sy min eig(ﬁ—lﬁ) '
Apart from LML, the class of minimum distance estimators includes:
e (-class estimators of Keller (1975), which, like LIML, set & = (Y, T)Hz, (Y, T)/n,but S
is free to be any positive definite matrix. The choice S = I, leads to the symmetrically

normalized two-stage least squares estimator studied in Keller (1975), Hillier (1990) and

Alonso-Borrego and Arellano (1999).

e The symmetric jackknife estimator of (Bekker and Crudu, 2012), which sets

[
I

1 ! 1 1
v
n—K-—1L

[V
Il

!/
<Y T> M(Z/W)D(Z,W)(In - D(Z,W))ilM(Z,W) <Y T) ,

where C = Dz w) (I, — D(z,w))flM(Z,W)'

e If there are no covariates W;, then the HLIM estimator of Hausman et al. (2012) also admits

this minimum distance representation, with

ﬁ231<Y T>/(HZ_DZ) <Y T>, :niK<Y T)l(MZvLDz) (Y T>-

Under homoscedasticity, any weight matrix S produces an asymptotically efficient estimator

O

(Alonso-Borrego and Arellano, 1999). Consequently all of these estimators are asymptotically

3See Kolesar (2013) for derivation.
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efficient under these conditions, and first-order asymptotically equivalent to the optimal

forward and reverse two-step 1v estimators.

4 Local average treatment effects approach

Instead of restricting treatment effect heterogeneity, the local average treatment effects frame-
work of Imbens and Angrist (1994) replaces Assumption CTE by a monotonicity assumption
that restricts how a treatment response to changing the value of the instrument may vary across

people:

Assumption M (Monotonicity). For all g,4 € Q either P(T;(q) > Ti(q') | Xi) = 1 or
P(Ti(q) < Tiy(¢') | Xi) =1 as.

This assumption maintains that changing the instruments from g to ¢’ affects all individuals
with the same value of X; in the same direction—it rules out situations in which, in response
to a change in Q;, some people drop out of treatment and others select into it. If Q; is an
encouragement to take the treatment, for example, then monotonicity requires that encouraging
people to take the treatment makes everyone more likely to take it. Vytlacil (2002) shows that
Assumption M is equivalent to assuming a latent index model as first proposed by Heckman
(1976), in which selection into the treatment is modeled by a latent index crossing a threshold.*

For each value x € X" and for each pair (g,q’), define a local average treatment effect (LATE):

(q,9";x) = E[Y;(1) = Yi(0) | Ti(q) # Ti(q'), Xi = x]. (17)

This is the treatment effect averaged over individuals with X; = x who change their treatment
status if we change their instrument from ¢ to q’. Angrist, Imbens and Rubin (1996) refer to this
set of individuals as compliers. Imbens and Angrist (1994) show that under Assumptions IV
and M, so long as P(Ti(q) # Ti(q') | Xi = x) > 0, these local average treatment effects can be

identified from the reduced form regressions:

(18)

T(q,q;x) =

If P(Ti(q) # Ti(q") | X; = x) = 0, then the set of compliers that the local average treatment
effect (17) conditions on is empty, p(q,x) = p(q’,x), and T(gq,4’;x) is not identified. Since

4In the Heckman (1976) model, the index is given by T} = p(Q;, X;) — U;, where Uj; is an unobserved random
variable, distributed independently of (Q;, X;). T} is interpreted as the expected net utility of selecting into
treatment, so that T; = 1if T > 0.
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Assumption IV (iii) implies that the distribution of P; conditional on X; is non-degenerate
with positive probability, it ensures that at least some local average treatment effects are
identified. On the other hand, the population average treatment effect E[7;] is no longer
identified once Assumption CTE is dropped unless the instrument Q; is sufficiently strong to
change everyone’s treatment status (known as “identification at infinity”). The reason is that
without restricting treatment effect heterogeneity, we have no way of computing the treatment
effect for individuals who don’t change their treatment status in response to a change in Q;.

To facilitate expressing estimands or estimators based on the linear 1v model in terms of
local average treatment effects, it will be useful to write 7(g,4’; x) in terms of functions of the
propensity score. Because of the equivalence between monotonicity and single index models,
the instruments Q; enter the model only through the propensity score (Heckman and Vytlacil,
1999; Heckman et al., 2006). Therefore, r(q,x) = E[Y; | P, = p(q,x), X; = x|. Let Py be the
support of P; conditional on X; = x. Suppose that Q; is discrete, so that P, has finitely many
support points. Let ], be the number of support points, with Py = {p1x < ... < pj,«}. Define
a marginal local average treatment effect:

_EY; | P =pji0 Xi = x] = E[Y; | P = pjr, Xi = %]

a(pj; X) = ey . j=1,...,]c—1. (19

a(pjx; x) is the is the local average treatment effect for individuals who get treated when
the instrument they receive corresponds to propensity score with rank higher than j but
not otherwise. We can express every local average treatment effect (17) for which the set of
compliers is non-empty in terms of these marginal LATEs. In particular, let p(g, x) = p; . and

that p(q’,x) = p; », and suppose that j > j’. Then we obtain:

Ch s (B[Y; | Py = puire Xi = x| = E[Y; | P = pue, X; = x])
Pix — Pjx

T(9.9"x) =
T 20)
Pm+1,x Pm,x DC(

P X).
m=j Pix = Pjx

If j/ =j—1, then 7(q,q9";x) = a(py; x).
If the support of Py is continuous, with Py = [px, Px], a similar result obtains if we replace

the marginal LATEs a(p;; x) by their limit as 4 — ¢’, the marginal treatment effect (Heckman,
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1997):

1 p(4,%) 0
1(q,9’;x) = / mte(p; x)dp, mte(p;x) = —E[Y; | P, =p, X; = x|,
(7,9 03— (@7 i TEEPIE) P p op i | Pi=p, X = 2]
where the equality follows from Equation (18) and the fundamental theorem of calculus. To
keep the exposition simple, I will focus on the case with discrete instruments and finite support
Py. The results in this paper generalize easily to the continuous case by replacing a(pu; x)

with the marginal treatment effect, (py41x — Pm,x) With dp, and replacing sums with integrals.

5 Estimands under the LATE framework

This section presents the first main result of the paper: the estimands of two-step 1v estimators
and minimum distance estimators when we do not restrict treatment effect heterogeneity.

I derive this result in two steps. First, in Lemma 1 below, express their probability limits in
terms of the reduced-form parameter =, defined in Equation (14)—this result does not require
any modeling assumptions. Second, I assume the local average treatment effects framework,

and I express these reduced-form limits in terms of local average treatment effects.

5.1 Reduced-form limits

Lemma 1. Suppose that the data {Y;, T;, Q;, Zi, Xi, W; }I'_, are i.i.d with finite second moments.
(i) Consider a two-step 1v estimator By that satisfies P'Y /n LA E[P"Y;) and P'T/n A E[P'T)] #0,
where Pt = EB*[T; | Z;, Wi] — E*[T; | Wi]. Then:

[1]

12
22

E[PY]]
L.

A p ~l
Pe = (i)

[1]

p

i

(ii) Consider a reverse two-step Iv squares estimator ‘Bf{,reverse that satisfies R'Y /n 5 E[RFY;] and
R'T/n 5 E[RLT;) # 0. Then:

B R reverse 7 Z 1 4
where R} = E*[Y; | Z;, Wi] — E*[Y; | W,].

(iii) Consider a minimum distance estimator B ¢ that satisfies S 5s for some positive definite matrix

S, and & By B. Suppose that By, # min eig(S—18)Sy,. Then Bz ¢ 2 Bs, where Bg minimizes
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the objective function
Ds(B,A) = vec(E —aa'A)' (' @ S71) vec(E — aa’A), (21)

and it is given by

Bs =

E12 — Sppmineig(ST1E)
B — Spymineig(S—1E)

Lemma 1 shows that understanding how the reduced-form parameter E relates to local average
treatment effects is the key to understanding the properties of estimators based on the classic
linear 1v model.

In particular, Part (i) shows that the probability limit of TSLs and other two-step 1v estimators
is simply given by Z1,/Hy), the estimand of an 1v estimator that uses the linear predictor of the
treatment (with the effect of the covariates partialled out), P, as a single instrument. It makes
a high-level assumption that the first-step estimator P; converges to its population target, PF.
The primitive conditions for this depend on the estimator, but for TsLs, a sufficient condition is
that E[(Z;, W;)(Z;, W;)'] is full rank.

Part (ii) shows that the probability limit of the reverse two-step 1v estimators is given by
E11/E12, the estimand of an 1v estimator that uses the linear predictor of the outcome (again
with the covariates partialled out), RiL, as a single instrument.

Part (iii) shows that one that one way of thinking about what a minimum distance estimand
tries to do is to think of it as trying to be close to both E15/ & and E11/E12, using the weight
matrix S as a distance metric. The regularity condition Zy 7# min eig(S‘lE)Szz ensures that
the limiting objective function has a well-defined minimum. Again, the primitive conditions for
) depend on the estimator, but for LML, a sufficient condition is that E[(Z;, W;)(Z;, W;)']
is full rank.

The rationale for trying to equate the two-step 1v estimand 1, / Ep, with the RTsLs estimand
E11/E12 is that the classic linear v model is symmetric in Y and T. Both TsLs and RTSLs
converge to the same probability limit, equal to the population average treatment effect, so that
E11/ 812 = E12/Ep = B. As aresult, E is reduced rank, and there are no trade-offs in how close
we can be to Z15/E and Eq1/Z12; the weight matrix S does not matter, min eig(SflE) =0
for any positive-definite weight matrix S and all minimum distance estimators converge to
the population average treatment effect 5. By pooling the information about  contained

in TsLs with the information contained in RTSLS, minimum distance estimators have more
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attractive finite sample properties in classic 1v model than two-step 1v estimators, which don’t
use information about  contained in rRTsLs (Phillips, 1983; Hillier, 1990). They are also more

efficient under many instrument asymptotics (Hausman et al., 2012).

5.2 Interpreting the reduced-form limits under the LATE framework

The key question is how the interpretation of two-step 1v, RTsLs, and minimum distance
estimands changes under the LATE framework when Assumption CTE in the classic 1v model is
replaced by Assumption M. I first answer this question for two-step 1v and RTsLs estimands in
Theorem 1 and Corollary 1 below by expressing the two ratios Z11/E1p and E1p/Hp, in terms

of the marginal local average treatment effects a(-) defined in Equation (19).

Theorem 1. Suppose that Assumptions [V, L and M hold. Let FX denote the distribution of X;. Then

&
b
N

]x 1
/ fZ]X 19 (ZCC; dFX(x>[X(pj,x;x) dFX(x)/

[
N
N

ElTld, Z‘fEu 7é 0

fx—l gi(x)
/ 12 G(x) dFX ()

[
L&
=

a(p]-,x; X) dFX(x),

[
L&
N

where

6;(x) = (pjs1x — Pj)P(P > pjo | Xi = x)E[PF | X; = x, P > pjal,
5i(x) = (pjs1x — Pix)P(P > pix | Xi = x)E[R} | X; = x, D > pjal-

Theorem 1 shows that both E1,/E2; and &11/E1, can be expressed as an affine combination of
(marginal) local average treatment effects (the weights integrate to one, but are not necessarily
positive).

For the two-step 1v weights 6;(x)/ [ Zjlx:—ll 0;(x) dF¥(x) to be positive, we need that the
single instrument P! is monotone in the propensity score P;. This ensures that the last term
E[P} | X; = x, P; > pj.] is always positive. In other words, we need the linear approximation
P to the true propensity score P; to be good enough in the sense that changing the value of Pt
does not induce two-way flows in and out of treatment (see Heckman and Vytlacil (2005) and

Heckman et al. (2006) for discussion of this issue). If the linear approximation to the propensity
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score is exact, so that P; = P!, then the weights are guaranteed to be positive. A leading
case in which this condition holds automatically is when Q; and X; are both finite, and we
estimate a saturated model in which the instruments Z; are generated by interacting indicators
for different values of Q; with indicators for different values of X;. In this case, Angrist and
Imbens (1995) obtain a similar expression for the weights 6;(x)/ f ]" 1 x) dFX(x).
Similarly, the RTsLs weights {;(x)/ [ Z][i e i(x) dFX(x) are posmve 1f the smgle instrument
RE = E*[Y; | W;, Z;] — E*[Y; | W;] used by RrTsLs is monotone in the propensity score P;. The
next corollary gives a necessary and sufficient condition for this condition to hold if the linear

approximations (3)—(4) are exact.

Corollary 1. Suppose that the linear approximations (3)—(4) are exact, so that E[Y; | Q;, X;] = E*[Y; |
ZZ-, Wi and E[T; | Q;, X;] = E*[T; | Z;, W;|, and that Assumptions IV, L and M hold. Then the weights
x)/ [ ZI* 1 0;(x) dFX(x) are positive, and the weights {j(x)/ [ Z]I’!ll Zi(x) dF¥*(x) are positive if

all marginal LATES {(x(p]-(x); x) } have the same sign. In the special case that [, = 2 for all x,
Ol(x) = Var(Pz- | Xi = x), él(x) = VaI'(Pi | Xi = x)zx(pl,x; x).

The proof relies on the fact that if the linear approximations (3)—(4) are exact, then the condi-
tional expectation of R; = RF can be decomposed as

j-1
]E[RzL | P; = pj, wXi = x| = [RzL | Py = p1a Xi = x| + 'Z:l“(pj’,x;x)@j’ﬂ,x - Pj’,x)r
j'=
so that R} is only monotone in the propensity score if the marginal LATEs «(-) all have the same
sign. The other implication of this decomposition is that it demonstrates that the conditional
expectation of the instrument RiL, and hence the term ]E[RZL | Xi = x, P > p]',x] depend on
the size of the marginal treatment effects a(-). In the special case that Q; is binary, so that
Jx = 2, and the instruments Z; are generated by interacting Q; with the covariates, this results
in the weights { to be exactly equal to the product of the marginal treatment effect with the
two-step 1v weights 6. Therefore, larger local average treatment effects receive more weight,
and negative local average treatment effects receive a negative weight in this case.
Taken together, Lemma 1, Theorem 1 and Corollary 1 show that under Assumptions IV, L
and M, two-step 1v estimators estimate a convex combination of local average treatment effects,
so long as the linear approximation P! to the true propensity score P; is monotone in P;. In the

special case with a binary Q;, Corollary 1 shows that these weights are given by the variance of
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the propensity score, so that better identified LATEs receive more weight. If in fact all LATEs are
equal, then this weighting scheme ensures that under homoscedasticity, asymptotic variance
of two-step 1v estimators is minimized. On the other hand, the weighting used by the rRTsLs
estimand is different, depends on the size of the local average treatment effects, and may result
in an estimand outside of the convex hull of LATEs if some LATEs are positive and some are
negative.

Because it gives more weight to larger LATEs, the RTSLs estimand will always be larger than
the two-step iv estimand. This result holds in general by the Cauchy-Schwarz inequality since
E is a covariance matrix of (R, PL),

E= IE[(RipriL),<Rz'L/piL)]I
so that B112» > E3,. Hence, |E11/E12| > |E12/En|, with equality only if P! is perfectly
correlated with RE, in which case the rTsLs weights are proportional to the two-step 1v weights.
There are only two ways how this can happen: either all local average treatment effects are
equal, or else the dimension of Z; is one, so that the v model (7) is exactly identified. In
general with more than one instrument, it will be the case that Eq1/Z12 > E1p/Eo.

The result that the RTsLs estimand is in general different from the two-step 1v estimand has
important implications for minimum distance estimators. On the one hand, combining RTsLs
with TsLs leads to more attractive properties of minimum distance estimators in the classic 1v
model under which 11 /212 = E12/E2. On the other hand, trying to equate rRTsLs and TsLs
when their estimands are in fact different makes minimum distance estimators unattractive
under treatment effect heterogeneity; as I discuss next, it may cause the minimum distance
estimands to no longer correspond to a causal effect.

If the local average treatment effects are not all equal, then Z11/E12 # H12/E2, and the
probability limit of a minimum distance estimator depends on the weight matrix S. If the
weight matrix is diagonal, then the minimum distance estimand lies between 1sLs and RTSLS
estimands—this was first shown in Zellner (1970) in an errors-in-variables context. Therefore,
the symmetrically normalized two-stage least squares estimator (see page 14 for definition), for
example, which uses the identity matrix as a weight matrix will always lie between two-step
1v and RTsLs estimands. The relative weight given to the rTsLs and TsLs estimands depends
on the ratio S11/Sx. In particular if the ratio S11/52 is small, then the penalty from being
far away from Z11/E1; is large, so the minimum distance estimand will be close to the rTsLs

estimand. On the other hand, if S511/52; is large, then the minimum distance estimand will be
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close to the two-step 1v estimand (see Zellner (1970) and Keller (1975) for a detailed discussion).
Heuristically, if we concentrate A out of the objective function Ds(B, A) given in (21), we obtain

that )
. Epf —2HpB + Eqp
= argmin
Ps g,g S11 + S22 8>

Now, if we set Sp; = 0, then Bs = E15/Epp, and if we set S1; = 0, then we obtain s = E11/Eq;.

If S is non-diagonal, however, then the minimum distance estimand may lie outside the
interval formed by the two-step 1v and R1sLs estimands. This is typically the case for LML,
for which S equals the covariance matrix of the reduced-form errors, which is typically non-
diagonal. To see how this may happen, consider a simple model in which we observe draws of
a vector A;, distributed according to the bivariate Normal distribution with mean (y1, y2)" and

covariance matrix Q). If y1 = pp, and Q) is known, then the optimal estimator is given by:

/O 71A 1
.”:m: L . ’

where A = n~1Y" | A;. The probability limit of this estimator is given by

o = (Q22 — Op2)p1 + (A1 — Qu2)p2
Oy + Oq1 — 200 '

If Q15 = 0, then uq lies between yq and uy. If, however, ) is non-diagonal, then this may
no longer be the case—if, for example, y» = 0 and y; is positive, then yn will be negative if
oy < Oy,

There are two ways, therefore, in which a minimum distance estimand may end up being
outside of the convex hull of LATEs. First, if some LATEs are positive and some are negative,
and the rTsLs estimand is outside of the convex hull, then so long as the weight matrix S gives
sufficient weight to RTsLs, the minimum distance estimand will also be outside of the convex
hull. Second, even if the rRTsLs estimand lies inside the convex hull, if the weight matrix S
is non-diagonal, the minimum distance estimand may end up being outside of the convex
hull. These possibilities make LML and other minimum distance estimators an unattractive

estimator choice in settings with possible treatment effect heterogeneity.
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6 Estimation with many instruments

In this section, I derive the second main result of the paper that a version of the jackknife
instrumental variables estimator, the unbiased jackknife instrumental variables estimator
(urive), is consistent for a convex combination of LATEs under a many instrument asymptotic
sequence in which both the number of instruments and the number of covariates is allowed
to increase in proportion with the sample size. In settings with many instruments and
treatment effect heterogeneity, UJIVE is therefore a more attractive estimator than TsLs, which
is inconsistent under many instrument asymptotics. It is also more attractive than rimr, the
standard alternative to TsLs when many instruments are used, since, as shown in Section 5,
LIML may converge to a quantity outside of the convex hull of local average treatment effects
even under standard asymptotics.

To illustrate the issues that arise with a large number of instruments, as well as to motivate
unve, I first discuss a simple example in which the instruments Z; are indicators for group

membership. I then give the general consistency theorem.

6.1 A simple example with groups as instruments

Consider the special case in which the instruments are indicators for group membership,
Zix = lo.—r, where Q; € {1,...,K+ 1} indexes groups (Z; omits the indicator for the last
group so that we can include the intercept).

For instance, the instruments could be judge indicators as in Aizer and Doyle, Jr. (2011)
and Nagin and Snodgrass (2011) to instrument for length of sentence or incarceration. The
identification strategy in these papers relies on the fact that cases are randomly assigned to
judges who vary in their sentencing severity.” . In this context, the monotonicity assumption
requires that the judges can be ordered in terms of how strict they are. The local average
treatment effects are defined for each pair of judges and correspond to the average treatment
effect for individuals who would get incarcerated if assigned to the stricter judge of the two, but
would not get incarcerated if assigned to the more lenient judge. If the effect of incarceration
for more serious offenders (who get incarcerated unless assigned to the most lenient judges)
is different from the effect for individuals who committed less serious crimes (who only get
incarcerated if assigned to the strictest judges), then these LaTEs will differ.

In the absence of covariates (beyond the intercept), the propensity score for individual i

5A similar strategy is also used in Dobbie and Song (2012), who study the effect of being granted bankruptcy
protection on subsequent earnings, using judge indicators as instruments.
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is given by P; = E[T; | Q;]. Because the first stage is saturated, the linear approximation (4)
is exact, and PF = D, = P, — E[P)]. In the judges example, P measures how strict the judge
assigned to individual i is compared to other judges.

Let Ji denote the number observations in group k. The two-stage least squares estimator of

D 1s = (Hz, T); of P; can be written as

n
Pirsis = Tirsis — Z T ,TsLs — 11,TSLs —n! Z sz
j=1 j=1
where T,-,TSLS = ](511 Y. Q=Q; T; is the predictor of T; based on least-squares estimation of the

tirst-stage (4), and it is the simplest estimator of P;. The resulting TsLs estimator is given by

_1 21 l TSLS

—A. (22)
n- 1 Zi Pz',TSLs i

IBTSLS =
There are two basic ways of doing asymptotics in this setting. The first option is to let the
number of observations per group grow to infinity while keeping the number groups fixed.
This corresponds to the standard asymptotics. As Jo, increases, ".IA},TSLS L P;, and the numerator
and the denominator in (22) converge to E[P;Y;] and E[P;T;], respectively. By Lemma 1 and
Theorem 1, Brsm therefore converges to a weighted average of local average treatment effects.
However, with a large number of groups and a small number of observations per group, these
asymptotics do not capture the finite-sample properties of the estimator very well.

The other possibility is to keep J; fixed, and let the number of groups K — oco. This
corresponds to the many instrument asymptotics (Kunitomo, 1980; Morimune, 1983; Bekker,
1994) that let the dimension of Z; increase in proportion with the sample size. Under these
asymptotics, P; can no longer be consistently estimated, and so the exact way in which it is
estimated will matter. The problem with the TsLs estimator TLTSLS is that since it includes own
observation T;, its estimation error is correlated with Y; and T;. As a result, the numerator and
the denominator in (22) no longer converge to E[P;Y;] and E[B,T;]. To see this, let V1 ; = Y; — R;
and V,; = T; — P; denote errors in the reduced form (1)-(2), and let K/n — x > 0. Then we
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can write TLTSLS =P+ ]é} Z]-: Q=Qi V3. We have

1 N 1 A 1
E Zpi,TSLsYi = E Z Ti,TSLSYi - ﬁ ZZ TjYi
i i ij

K(ip p )« (o) - (tmn) (2on) @

k k. Qi=k it Qi=k

P kcov(Vay, Vi) + E[Y;P],

where the last line follows from the law of large numbers applied to all four expressions in
parentheses, and the fact that ]E[i Y. Qj=k Vi Vi 0=k Yi] = E[V»,;Yi] = E[V,;V3,]. Similarly,
for the denominator, 771 Y; P; 16, T L var(V;) + E[T;P;]. Therefore, TsLs is inconsistent for
its target, E[P,Y;]/E[PT}].

There are two basic ways of adjusting the TsLs estimator to make it work under many
instruments. First is to estimate the unconditional covariance matrix of V; = (V;;,V5;) and
subtract an estimate of the bias. This is exactly the idea behind the bias-corrected two-stage
least squares estimator of Nagar (1959) and Donald and Newey (2001). Unfortunately, the
estimator of the bias is only consistent under homoscedasticity (Bekker and van der Ploeg,
2005; Ackerberg and Devereux, 2009), and it is unclear how to estimate var(V;) consistently
when var(V; | Q;, X;) is heteroscedastic.

The second approach is to change the estimator of P; so that it does not include own
observation T;. This is the idea behind the (leave-one-out) jackknife instrumental variables
estimator (Jive, Phillips and Hale, 1977; Angrist et al., 1999). It replaces TLTSLS with TiJIVE =
(Jo, =D)L Q;=Qi,j#i Ij-The JIVE estimator of D; is given by

n

A A -1 A A -1

P, 1,JIVE — Ti,]IVE —n Z JIIVE — Ti,]IVE —n Z T] (24’)
j=1

The estimation error P; — TZ-JIVE =Y Q=Quj#i Vj is no longer correlated with T; or Y;, and the
JIVE estimator is consistent for a convex combination of LATEs under both types of asymptotics.

So far, the discussion has abstracted from the presence of covariates. In the judges example,
however, the judges are only randomly assigned at the county level. Therefore, with data from
several counties, we need to include county indicators (sometimes called “fixed effects”) as
covariates. With L counties, dim(W;) = L, and Wj; = 1x._y, where X; indexes counties. The
propensity score P; still corresponds to the incarceration propensity of judge Q;. However, we

now have Pt = P, = P, — E[P; | X;], so that P; measures how strict judge Q; is compared to
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other judges that individual i could have been assigned in the county.

The JIvE estimator of P; now becomes

A

_ -1 6 _ & -1
Pi,]IVE = Ti,JIVE — My, Z Tj,]IVE = ljywve — My, Tjr
it Xi=X;

where m; is the number of cases in county ¢. With a large number of counties, a natural way of
thinking about the sampling is to let the number of counties L — oo, while keeping the number
of judges per county and the number of cases per judge fixed. This is similar to the many
instrument asymptotics in that the number of judges increases in proportion to the sample
size, K/n — x > 0, except that instead of keeping the number of counties fixed, we also let
them to grow in proportion with sample size, so that L/n — A. This modification of the many
instrument asymptotic sequence was proposed by Anatolyev (2011) and Kolesér et al. (2011),
and it is also used in Chetty, Friedman, Hilger, Saez, Schanzenbach and Yagan (2011).

Under these asymptotics, the JIVE estimator is biased. The problem is not its estimate of
the propensity score—we still have that n =1 Y; T; 1vi Y LN E[P,Y;],and n= ' Y; T; joe T LN E[P,T;].
Instead, the source of bias comes from its estimate of the average strictness of judges in
county Xj, m;(il Lj: x,=x; Tj- By the same logic as in the case of TsLs with many instruments,
the problem is that this estimate includes own observation T;, so that the estimation error
E[P; | Xi] — m)}i1 Y. x,=x; Tj is correlated with Y; and T;. By arguments similar to those used to

derive Equation (23), we have

A n Y P Y A E[BY;] — Acov(Vy,;Va)

i i]
— _ (25)
n-t Zi 1,JIVE L i E[PiTi] - Avar(VZ,i)

H

This probability limit may differ substantially from the target IE[5Y;]/E[P,T;], especially in
settings in which the concentration parameter E[P;T;]/ var(V5;) is small. As a result, JIVE can
be severely biased in finite samples.
The unbiased jackknife instrumental variables estimator (ujIve) that I propose solves the
bias problem of JIVE by also leaving out own observation when estimating E[P; | X;]:
n A 1

Pi,UJIVE I,JIVE — v —1 Z Tj-
Xi ji X=X j#i

Intuitively, P; is a sample measure of how strict judge Q; is relative to other judges in country
X; in a sample that excludes individual i. This estimator of P; was first used in Chetty et al.

(2011) in a setting with the same formal structure as the current example. In particular, Chetty
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et al. (2011) used classroom indicators as instruments for test score, conditioning on schools.
The next subsection gives a general formula for ujIve, and proves that it is consistent under

many instrument asymptotics that also allow for many covariates.

6.2 Consistency of UJIVE under many instruments

Consider now the general case. Let ¢ denote the coefficient on W; in the linear projection
E*[T; | W;]. To define ujive, decompose PF, the linear approximation to the propensity score
with the effect of covariates partialled out, as

P =E*[T; | Z;, W;] — E*[T; | W]

1

= Zz{ﬂ2 + Wz'/lljz - Wi/gb'

Let 715\; and 1/32\1' be the least-squares estimates of 71, and ¢, based on a sample with observation
i removed. Similarly, let 43\1‘ be the least-squares estimate of ¢ based on a sample with
observation i removed. The UJIVE estimator is a two-step 1v estimator with the first-step
estimator of P} given by

A

Pi,U]IVE = Z;ﬁ—Z\i + Wi/lI}Z\i - Wi/(ri)\i-

In matrix notation

IA’U]IVE - TU]IVE - (In - DW)il(HW - DW)T;

where Ty = (I, — D(Z,W))*l (H(Z,W) — D(Z,W))T. Using Pyve as a single instrument in an

v estimator then yields
. id

UJIVE
f)/

UJIVE

Y
T

ﬁU]IVE =

In contrast, while the JIvE estimator of IE*[Y; | Z;, W;] is identical to Tyjws, its estimator of
E*[Y; | W] is given by a sample projection of Ty onto W, so that Py = Tupve — Hw Topve
(see the j1vE formula on page 12).

To formally define the many instrument asymptotic framework, I need to allow the distribu-
tion of random variables to change with the sample size. To reflect this, let the random variables
be indexed by n, so that, for instance, Y, = (Yj,1,..., Ynn)" denotes the vector of observed
outcomes when the sample size is 7. In addition, let P); = E[T,; | X,,;] and RY; = E[Y,; | X,, ]

denote the expectations of T,,; and Y;,; conditional on X,,; only, so that PX. = E[P,; | X,,;] and
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Rff/i = E[R,,; | X;,]. The many instrument asymptotic framework I consider is summarized by

the following assumptions:

Assumption R (Regularity conditions).
@ {(Yini Tni, Xni, Qui):i=1,...,n},>1 is a triangular array of i.i.d. random variables, the

nth row having distribution F,}f TXQ F,f TXQ

converges in distribution to F Y. T.XQ.
(i) There is a positive constant Cj, such that sup, sup,_, var(Yy,; | Quni, Xni) < Ci1, and
sup, sup;., var(Y,; | X,i) < Cy as. Also, as n — oo,

E[(R?,,P2.,|R,.:P,i|)] — E[(R? P? |RP|] < oo,

Jirtn,is

E[((Ry0)% (Pa), IR Pai )] — E[((R¥)?, (P¥)% [REP]] < oo,

where (R, P, RX, pX ) is distributed according to the limiting distribution FRP.R*,PX ; and
(iii) rank(Z,,W,) = K+ L and (H(Z,f,,Wn))ii < C; for some C; < 1 as., where Z,; =
z2(Qni, Xni) and Wy, ; = w(X,,;), with dim(Z,, ;) = K and dim(W,, ;) = L. The functions z

and w may depend on n.

Assumption MI (Many instruments). As n — oco:

(i) K/n —-xand L/n — A for some x,A > 0;

(i) Y (B[Ty; | Xpni] — B*[T,; | W,i])?/n — 0 as.; and
(i) 3 (B[Twi | Quis Xui] = B*[Tui | Zui, Wai])?/n — 0 as.

Assumption R (i) allows the distribution of the data to change with the sample size, converging
to some limiting distribution FY"T-XQ. Part (ii) requires that the second moments of conditional
expectations of Y,,; and T, ; exist and are well-behaved in the limit. It is necessary for sam-
ple averages such as n= 1y ", Rfl/i to have a well-specified probability limit. The restriction
rank(Z, W) = K+ L in Part (iii) is a normalization. The assumption that (Hzw))i < C2
requires that no single observation has too much leverage. If the instruments are group indica-
tors, then we need at least two observations per group. It implies that (K+ L)/n < C; since
n Y (Hzw))i = (K+L)/n.

Assumption MI (i) generalizes the many instrument asymptotic sequence by also allowing
the number of covariates to increase with the sample size. In terms of the incarceration example,
the original Bekker (1994) many instruments sequence keeps the number of counties as well
as the number of cases per judge fixed, and lets the number of judges per county increase to

infinity. Under Assumption MI, we can think of generating the data by sampling L counties
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form some large population of counties. In Angrist and Krueger (1991), where Z; is generated by
interacting quarter of birth with L state of birth and year of birth indicators, Assumption MI (i)
lets the number of states and years L — oo, while keeping the number of individuals observed
in each state and year fixed. Finally, Assumption MI also accommodates models in which z and
w are some approximating functions, such as splines or polynomials in the basic instruments
and covariates Q; and X;. This corresponds to fixing the distribution of the data, so that
Fg/ TXQ — F YT.XQ and letting the number of terms in the approximating functions w and z
increase with the sample size. Parts (ii)—(iii) then require that these approximating functions
get to their population targets in the limit, and allow me to relax the requirement imposed by
Assumption L that expectation of Z; conditional on X; is exactly linear in W; in the sample.
These conditions are similar to the assumptions in Bekker (1994) and Hansen, Hausman and
Newey (2008).

Note that I do not make any assumptions about the coefficients on Z,; and W, ; in the
projections E*[T,,; | Wy i, Z,;] and E*[T,; | W, ;]. Under additional assumptions, such as
sparsity (only few coefficients in these linear projections matter), approximations to 15,? ; other

than pn,i,UHVE will work (see, for example, Belloni, Chen, Chernozhukov and Hansen, 2012).

Theorem 2. Suppose that Assumptions R and MI hold, and that the limiting distribution F¥'T%Q of
the data satisfies Assumptions IV and M. Then:

, E[Y(P —E[P | X])]
Bumve = E[T(P - E[P | X])

N oc(pj,x;x) dFX(x),

where (Y, T, P, X) are distributed according to the limiting distribution F YTPX and

0;(x) = (pj+1,x = Pj)P(P > pjx | X =) (E[P | X =x,P > pjx] —E[P | X = ]).
Thus, UTIVE estimates a convex combination of local average treatment effects. This conclusion
is robust to many instruments, many covariates, and heteroscedasticity.
7 A small simulation study

To illustrate the main implications of the theoretical results, I conducted a small Monte Carlo

experiment.
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I consider the case in which the covariates are group indicators, Wy, = 1x,—, and the basic
instrument Q; is binary. The constructed instrument Z; is given by Q;W;. For example, Q;
could be quarter of birth indicators and W; state of birth indicators, as in Angrist and Krueger
(1991). Alternatively, Q; could be an indicator for being assigned the first judge in the judges
example when there are only two judges per country X;. In the simulations, half of individuals
within each group are assigned Q; = 1; the other half are assigned Q; = 0.

The data generating process is given by

Yi(t) = tﬁX,- + Wi’é + €5,
Ti(q) = qWiT + Wit + V2,

with (€5, Vai) ~ N2(0, (5 %)), 6 = ¥» = 0, and 71 = 1. The design is constructed so that it
corresponds to a classic linear 1v model with the only exception that B, the marginal treatment
effect, may now vary between covariate groups.

I consider two designs for the instruments. In the first design (few instruments), there are
only L = 2 and K = 2 instruments. To create an unbalanced design, I let half of the groups have
size my = 500, and the other half m, = 100, so that the sample size is given by n = 600. The
first-stage F statistic equals approximately 76 on average. In this case, the standard asymptotics
should perform well. In the second design (many instruments), I let L = 20, m; = 50, and
my = 10, so that the sample size is still n = 600, with F now only equal to about 8.5 on average.

I consider six estimators: LIML, the reverse TSLs estimator (RTSLS), and four two-step
estimators: TSLS, JIVE, UTIVE, and the bias-corrected TsLs estimator, BTSLS (See Section 3 for
definitions of these estimators).

As a baseline, Table 1 reports the results for the case when B is constant across groups
and equal to 0, so that there is no heterogeneity in the treatment effects. Panel I reports the
results for the first instrument design. In this case, all estimators perform well (except RTSLS,
which does not converge since &1 = Ejp = 0). Panel II reports the result for the second
instrument design. The median for the estimators considered is very close to their probability
limit under the many-instrument asymptotics. In particular, TsLs is (median) biased to due to
the presence of many instruments, and JIvE is biased due to the presence of many covariates.
In addition, JIvE is very dispersed. LML, BTSLS, and UJIVE all perform well with LML being the
least dispersed.

I then set B, = 2 in the small groups, and B, = 0 in the large groups. In this case, the
two-step 1v estimand equals 1/3, the weighted average of B, weighted by group size. The
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Table 1: Simulation: No heterogeneity in treatment effects, By = 0

Panel I: few instruments

Estimator Median Estimand  plim 9DR IQR

LIML —0.00 0 0 027 011
TSLS 0.01 0 0 027 011
BTSLS 0.01 0 0 027 011
JIVE —0.02 0 0 029 012
UJIVE —0.01 0 0 028 0.11
RTSLS 0.04 - - 134 030
Panel II: many instruments
LIML 0.00 0 0 028 0.11
TSLS 0.10 0 0.09 022 0.09
BTSLS 0.01 0 0.01 030 0.2
JIVE —0.15 0 -012 047 018
UJIVE —0.01 0 0 032 013
RTSLS 0.97 - 125 925 097

Median, nine-decile range (9DR), and inter-quantile range (IQR) for different estimators.
Estimand refers to the estimand as given by Lemma 1, and plim to refers to the probability
limit under standard (Panel I), or many-instrument asymptotics (Panel II).

50,000 simulation draws.

reverse two-step 1v estimand puts more weight on the larger treatment effects (see discussion
following Corollary 1); in this case put puts all the weight on the non-zero effects, so that the
estimand equals 2. Even though all the treatment effects are non-negative, the LIML estimand
is negative and equal —0.02 since it uses a non-diagonal weight matrix to equate the forward
and reverse two-step 1v estimands. Table 2, Panel I reports the results for the design with few
instruments: all estimators are median-unbiased relative to their estimands. Panel II reports the
results for the design with many instruments. Again, the many-instrument asymptotic limit of
the estimators is very close to their finite-sample median. The four two-step 1v estimands all
behave differently. TsLs and J1vE are median-biased due to the presence of many instruments
and many covariates. The Donald and Newey (2001) bias-corrected TsLs estimator is biased
due to the presence of heteroscedasticity. Even though the structural errors are homoscedastic,
the reduced-form errors aren’t since they depend on B, which varies between groups. This

heteroscedasticity in the reduced-form errors biases the estimator upward. As predicted by
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Table 2: Simulation: Heterogeneous treatment effects, B, = 0 for large groups, By = 2 for small
groups.

Estimator Median Estimand  plim 9DR IQR

Panel I: few instruments

LIML —0.06 -0.02 -0.02 053 0.19
TSLS 0.34 0.33 033 049 0.20
BTSLS 0.34 0.33 033 049 0.20
JIVE 0.30 0.33 033 051 021
UJIVE 0.32 0.33 033 050 0.20
RTSLS 2.04 2.00 200 212 0.68

Panel II: many instruments

LIML —-0.25 —-0.01 -020 1.01 0.34
TSLS 0.51 0.33 051 044 0.18
BTSLS 0.43 0.33 044 052 021
JIVE 0.08 0.33 0.11 0.80 0.32
UJIVE 0.34 0.33 033 0.60 0.24
RTSLS 224 2.00 223 1.18 045

Median, nine-decile range (9DR), and inter-quantile range (IQR) for different estimators.
Estimand refers to the estimand as given by Lemma 1, and plim to refers to the probability
limit under standard (Panel I), or many-instrument asymptotics (Panel II).

50,000 simulation draws.
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Theorem 2, UJIVE remains unbiased. It is also considerably less dispersed than jive. In addition
to estimating a quantity that is hard to interpret, LIML is now more, rather than dispersed than

any of the two-step estimators.

8 Conclusion

In this paper, I derived estimands of estimators based on a classic linear 1v model under treat-
ment effect heterogeneity. I assumed that the instruments satisfy the monotonicity condition of
Angrist and Imbens (1995), so that for each pair of instrument values, we can identify a local
average treatment effect (LATE). If the LATEs for all possible instrument pairs are all equal to
each other, then all classic estimators estimate this common local average treatment effect. If
the LATEs vary, then, under mild assumptions, estimators in the class of two-step 1v estimators
estimate the same convex combination of them. This class includes the two-stage least squares
estimator (TsLs). The estimand of LiML, however, is different, depends on the reduced-form
covariance matrix, and may be outside of the convex hull of the local average treatment effects.
This possibility makes LIML unattractive in settings with treatment effect heterogeneity.
Unfortunately, the TsLs estimator is inconsistent under many instrument asymptotics,
making it a poor choice of estimator in settings with a large number of instruments. I showed
that a different two-step 1v estimator, the unbiased jackknife 1v estimator (UJIVE), on the
other hand, remains consistent for a convex combination of LATEs under a many instrument
asymptotic sequence that allows for heteroscedasticity, and lets the number of instruments and
covariates increase in proportion with the sample size. I therefore recommend that in settings

with many instruments, empirical researchers use UJIVE instead of LIML or TsLs.
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Appendix A Multi-valued Treatments

Suppose that instead of being binary, the set of possible treatments is given by an ordered set
T ={0,1,..., tmax }. Angrist and Imbens (1995) show that under Assumptions IV and M, the

Wald estimand (18) identifies a weighted average of per-unit treatment effects

T(q,4'3%) = Z W (EY(£) ~ Yi(t — 1) | T(q) > t > T(¢'), X, = x],

where the weights w;(x) are given by

_ P 2t>T(q) [ Xi=x)
L P(Tig) > ¢ > Ti(q') | Xi = x)

wi(x)

Angrist and Imbens (1995) refer to the parameter 7(g,4q’; x) as an average causal response (ACR).
If tmax = 1, then the expression reduces to (17). Define a marginal ACR by a(p,; x) = T(q1,92; X),
where p(q1,X) = Pm+1,x, and p(g2, X) = pm,x (if there is another pair (g7, ¢5) that satisfies this
condition, then under Assumptions IV and M, it must be that T(g1, 42; x) = T(g},q5; x), so that
a(pm; x) is well-defined). We can write all ACRs in terms of these marginal Acrs as in (20).

By Theorem 1, forward and reverse two-step 1v estimators estimate a weighted average of
these marginal Acrs, with weights given by 6;(x) and {;(x). Compared to the binary treatment
case, the only difference is that now the marginal ACr a(py; x) is itself a weighted average of
per-unit treatment effects.

Consequently, the Ts1v and reverse Ts1v estimands may differ even if there is no heterogene-
ity in the treatment effects if the causal response function is non-linear. To see this, suppose
that E[Y;(#1) | T; = t,Q; = q, X; = x] = g(t1), for some non-linear function g(-), as in Newey
and Powell (2003) or Darolles, Fan, Florens and Renault (2011). In this case Assumption CTE
fails unless g(-) is linear. Consequently, different instruments will in general estimate different

averages of the per-unit treatment effects g(f) — g(t —1).

Appendix B Auxiliary Lemmata

First I define some notation and collect some basic results that I use throughout Appendices B

and C. Let Z, = {Q;, X;}!_; denote the collection of covariates and instruments. Also, let

Gy = (I, —Dz,w,)  (Hz,w, —Dzw,) — (I, —Dw,) ' (Hw, — Dw,). (26)
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Then f)U]IVE — GnTn.

Lemma 2. Let P = E*[T; | Z;, W;] — E*[T; | W], and let RF = E*[Y; | Z;, W] — E*[Y; | Wyl
Then: (i) 12 = E[Y;PF] (i) 1, = E[T;R}] (iii) 11 = E[Y;R}] (iv) E = E[T;P]

Proof. Consider Part (i). Observe that

E[Y;P}]

E[(Z/7r; + W!yy)' P
[(Zimry + W) Zimo)

[m1ZiZimo) = Blm Z;Z;7m]

E
E

Il
[

12/

where the first line follows from Equation (3) and the fact that PiL is linear in Z; and W;, the second line follows
from PiL = Zl' 711, the third line follows from [E[W;Z;] = 0, and the last line follows by definition of Z1,. Parts (ii)~(iv)

follow by similar arguments, using the substitutions RiL = Z!m and 151.L =Zlm. O

Lemma 3. Let A; = a(Q;, X;) be some function of the instruments and covariates such that E[A; |

X;] = 0. Then, under Assumptions IV and M

Jx—1
E[Y,A;] = / Y w(piai¥) (pjx — pjo1)E[A; | Xi = %, B > pia]P(P > pjy | Xi = x) dFX(x),
j=1

Jx—1
E[T;A;] = / Y (pix — Pi-10)E[Ai | Xi = x, P > pix|P(Pi > pjx | Xi = x) dF¥(x).
=)

)
Proof. First consider E[Y;A;]. By the Law of iterated expectations,

E[Y;Aj] = /ZD E[Y; | Xi = x,Aj = a,P; = pjx]P(P; = pjr, Aj = a | X; = x) dF¥(x)
j a

@)
~ [ L aEN: [ X =B = piaP(B = pia A = | Xi = ) dF¥(x)
j a

where the second line follows from the fact that under Assumptions IV and M, the conditional expectation of Y;

depends only on P; and X;. Using the substitution
j—1

E[Y; | X; = x, P = pjx] = B[Y; | X; = x, P = p1] + Y a(pj o X)(pjsix — Pjx)
=1
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we can expand the expression (27) as

/zza 4Py %) (P, = Py P (B = pias Ai = 0| X; = x) dF¥ (x)+

+/E&I&:ﬂEM\&:nB:mﬂdﬂ&)

-1
= /Zzﬂ Y a(py ) (pysre — Py )PP = pix, Aj = a| X; = x) dF¥(x)

=1

]r 1
/ p]xr p]+1x p]x ZZ”]PP_p]x/A—”|X_x)dFX()

>ie

where the second line follows since E[4; | X;] = 0 by assumption, and the last line follows from changing the order

of summation. Therefore, by definition of conditional expectation:

1(71
/ ij’ P]x pjfl,x) Z E[A; | P = pj,eri:x}P(Pi = Pjx | Xi = x) dFX(x)
>7

o 8)
*/ Z p]w )(P]r pj- 1x) [Ai | X; = x, P; >P]r] (P; >P]x|X 7x)dFX( ).
The expression for E[T; A;] can be derived using the same arguments, except that we substitute
j—1
E[T; [ Xi =%, Pi = pja] = et Y (Prraae = Pi). .
/=1

I use the following results from Chao, Swanson, Hausman, Newey and Woutersen (2012) and

Politis, Romano and Wolf (1999) to prove Lemma 6 and Lemma 7 below:

Lemma 4 (Chao et al., 2012, Lemma A.1). Suppose that, conditional on some set of random vari-
ables F, {(Ai, Bi)}!_, is independent a.s., where A; and B; are some scalars random variables. Let
H be a symmetric idempotent matrix with rank K. Let B[A; | F] = a;, E[B; | F| = b;, and
0% = max;<, var(A; | F), 03 = max;<, var(B; | F). Then there exists a positive constant C such
that

2
E [ (Z Y (AiH;B; — uin-]»b]-)>

i j#i

]-"] < C(Ko%of + 04b'b + o3d'a).

Lemma 5 (Lemma 1.3.2., Politis et al., 1999). Suppose that (A, 1,..., Ann) is a triangular array
of i.i.d. random variables, the nth row having distribution F2. Assume F{' converges in distribution
to FA, and E[|A,1]] — E[|A|] < oo, as n — oo, where A is distributed according to F*. Then

n1Y" A, — E[Alasn — co.

Lemma 6. Suppose that Assumptions R and MI hold. Then
(i) T,G,T,/n=P,G,P,/n+o0,(1); and
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where Gy, is defined in Equation (26).

Proof. 1 will prove Part (i), Part (ii) follows by similar arguments. Let A};Vl. = (1— (Hw,);})"'T,;, and let
zZW _ - _ —(ZW _
A = (1= (Hiz, w,))i) T and denote by alY; = (1= (Hw, )i) Py and a7 = (1= (Hiz, w,))i) P

n,i

their expectations conditional on Z,. Note that since 0 < P, ; < 1, it follows that var(P,; | Z;) < 1. Then we can

write:

Z,, Wn —(Z, W,
T,GuTy —P,GuPr =) ) ( Hiz, w,))iT; — a. )(H(Z,Z,Wy,))iipj)

i j#i
+).) ( ) (H )i Ty — ﬁf,?")(H(w,,))iiP» -
i j#i

Therefore, obtain that

E[(T,G,T, — P,G,P,)?*/n? | 2,] <E

zn]
i j#i
i j#i

C [/ K+L 2 , C L 2 ,
< = PP — PP
—nZ(u—cnf*u—cgz””)+n2(u—cgf*a—cg2"”)'

2
(Z Z ( Zn Wn Zn,w,,))iiTj _ ﬁEl,Zin/wn) (H(Z,,,W,,))iipj> /n)
2
(ZZ <A,<1?")(H(w,,))iiTj - ﬁ,(:,\-’")(H(w”))iiPO /”)

where the first line follows from triangle inequality, and the second line follows from applying Lemma 4 with

F = Z,, and the implication of Assumption R that

1 1
sup Sl<1p var ( \ Zn> < [Tk SI;P Sgp var ( | Zn) =)
noi<n i<n
1 & < zw 1 ¢
W AW 2 2
ZA Ay Sl*CZ.ZPnl, ; 17C2.ZP"1

Next, by Assumption R, we can apply the law of large numbers given in Lemma 5 to n~ !y, Pﬁi to get
n=1Y " P2, =E[P?] +0,(1) = Op(1). Also, (K+ L)/n* = o(1) by Assumption MI, so that

i=1"n,i
E[(T,,Gn Ty — P,GuPn)?/n* | Z4] < 0p(1).
Therefore, by Markov inequality and the dominated convergence theorem,

T,GuTu/n = P,GuPu/n+0p(1),

which proves assertion (i). O

Lemma 7. Suppose Assumption R and Assumption MI hold. Let (Y, T, P, R) be distributed according
to the limiting distribution FY"TRP. Then

(i) P,G,P,/n =E[T(P—E[P | X])] + 0,(1); and

(ii) R;,G,P,/n =E[Y(P—-E[P | X])] 4+ 0,(1),
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where G, is defined in Equation (26).
Proof. Again, I will only prove Part (i), Part (ii) follows by similar arguments. To this end, write P},G,P, /n as

P,G,Py/n="P,(I, — (I, — D(z, w,)) "Mz, w,))Pu/n—P,(I, — Dw,) ' (Hw, — Dw,)Pu/n.

I will prove the assertion in two steps. First, I will prove that

P, (I — (I, =Dz, w,)) "Mz, w,))Pu/n = E[TP] +0,(1). (29)
Second, I will prove that

P, (I, — Dw,) '(Hw, — Dw,)P,/n = E[TE[P | X]] + 0,(1). (30)

Combining (29) with (30) then yields the result.
To prove (29), note that

Mz, w,) P,,/fHZ_HM Z,W,) (Pn — PL)/v/n|?

= tr((P, — P;) (P, — P}) /) — tr(H (Z,W,) ( —PL)(P, —P}) /n) (1)

n

<tr((P, — PL)(P, — PL) /n) = Z —P,;)?/n—=0 as,

where the first equality follows from Mz w,)P;; = 0, the second equality follows from the definition of Euclidean
norm, and the last line follows from the fact that Hz w,) is positive semi-definite so that tr(Hz, w,)(Pn —
PL) (P, — PL) /n) > 0 and Assumption MI. Therefore, we obtain

. 1/2
[P} (1s =Dz, w,) " Mz, w,)Pu/n| < (”12 = (H(me ))ﬁ)z> IM(z,,w,)Pn/ /]
1/2
_ (32)
S1_C2< 12 nz) Op(l)
=op(1),

where the first line follows by the Cauchy-Schwarz inequality, the second line follows from the result (31) and

Assumption R, and the last line follows from applying the law of large numbers given in Lemma 5 to n 1 Y1, n i

Therefore, we obtain

P, (L — (I, = D(z, w,)) "Mz, w,))Pu/n=P,Py/n+0,(1).

Since by Assumption R and Lemma 5, n~' Y | P>. — [E[P?] = [E[TP], assertion (29) follows.

i=1"n,i

Now I prove assertion (30). Let A,; = (1 — (Hw,);) 'P,; and denote by a'V. = (1 — (Hw,);) 'PX, its

n,i

Xy,,i]. Note that since 0 < P,; < 1, it follows that

expectation conditional on {X;,;}",, where PX. = E[P,,;
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var(P,; | X, ;) < 1. Therefore, applying Lemma 4 with F = {X,,;}! ;, we obtain

BT I (Ans(H, )38~ B, BI7, | W) | 7] <o ( (T B0 xn,iJZ)
C L 2n
= ((1—C2)2 " <1—c2>2)
= OP(l)r

where the first line follows from the implication of Assumption R, (1 — (Hw, );;) "' < 1/(1 — Cy), the second line
follows from |Pn,,-| <1, and the last line follows from L < n. It therefore follows by Markov inequality and the

dominated convergence theorem that
P, (I, — Dw,) "' (Hw, — Dw,)Pu/n = (P})' (I, — Dw,) " (Hw, — Dw, )P} /n +0,(1)

where PX is an n-vector with ith element given by Pé(i. Let Pf lfL = E*[P,; | W,,]. Now, by arguments as in

Equations (31) and (32) with P, replaced by PX and P% replaced by P, we have that:

|(PY)' (T — Dw,)~'Mw, P /n| = 0, (1).
Since (I, — Dy, )" !(Hw, — Dw,) = I, — (I, — Dw, )~ 'My,, it foll
n W, ina w,) = In n W, w,, it follows that

P, (I, — Dw,) "' (Hw, — Dw,)Pu/n = n"' Y E[Py; | X JE[Pyi | Xy,i] +0p(1).

1

By Assumption R, we can apply Lemma 5 to obtain

P}, (I, — Dw,) ! (Hw, — Dw,)Pu/n = E [E[P | X)?| +0,(1)
—E[TE[P | X]] +0,(1),

which prove assertion (30). ([l

Appendix C Proofs

Proof of Lemma 1. First consider part (i). Since IE[PI»LTi] # 0, it follows by the continuous mapping theorem
that B LA E([PLY;]/E[PLT;]. Part (i) then follows by Lemma 2. Part (ii) follows by similar arguments.

Finally, to prove Part (iii), it suffices to show that
min eig($ &) % mineig(S'3), (33)

since then j éa LA Bs by the continuous mapping theorem. To show (33), note that min eig($~12) is the minimum

of the function

Ds(w) = , we St

where S! denotes the unit circle in R?, a compact space. Therefore, if Dg(w) converges uniformly to the limiting
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T

function Dg(w) = w'Ew/(w'Sw), then min,, Dg(w) L ming, Ds(w) by standard arguments (see, for example
Newey and McFadden, 1994). To prove uniform convergence, I will use the arguments in Chao and Swanson (2005).

Fix some w € 8!, and note that:

w'Bw w'Sw 1

Ds(w) — Dg(w)| = | —= — Dg(w = |W'Bw - Dg(w)w'Sw
|Ds(w) — Ds(w)| S s( )w’Sw ‘w,5w|| s(w) |
= (- B)w - Ds(w)w(§ - S)w]
|w’Sw|
1 N
< = W'(E—Bw| +Dg(w) | (S = S)w|),
< ey &/ & = 2] + Ps(@) /(8 - )

where the first line follows from the definition of D ¢, the second line follows from the definition of D ¢, and the
third line follows by triangle inequality. I now bound all three terms in the last the expression uniformly in w. Since

the trace operator is an inner product under Frobenius norm ||A||r = y/tr(AA’), by Cauchy-Schwarz inequality:

(B - B)w| = |tr (wew' (B - 8))| < y/tr(ww'ww!) |2 - E|

where the second line follows from w'w = 1 since w € S and & 5 Z so that |Z — E||F = 0p(1). By an identical
argument, we also have |w'(5 — S)w| = 0,(1). Finally, to bound 1/|w’Sw/|, note that since $ 5550 w8w>0

with probability approaching 1, so that 1/|w’Sw| < C for some C < oo with probability approaching 1. Hence:
Ds(w) = Ds(w)] < 0p(1) +0p(1)Ds(w),
since Dg(w) is bounded by maxeig(S~1E), it follows that sup,,|Ds(w) — Ds(w)| = 0,(1) as required. O

Proof of Theorem 1. By Lemma 1, Z1, = E[Y;P'] and Ey, = E[T;P}]. Since by Assumption L, E[PF | X;] = 0,
we can apply Lemma 3 with A; = [31,L to get

=1 »)
o fﬂjlzl a(pjxi ) (pjx — Pj—1,x)E[PE | Xj = x, D > pix|P(P; > pj, | X; = x) dF¥(x)

22 JES (i = Pjo ) BIPE | Xi = %, P > piaJP(P > pje | Xi = x) dFX(x)

[1]

[1]

which yields the result for Hip /Hpy.
Second, by Lemma 1, E1, = E[T;R}] and 21y = E[Y;R}]. Since by Assumption L, E[RF | X;] = 0, applying
Lemma 3 with A; = R} yields the result for 11 /E1,. O

Proof of Corollary 1. Let P(P; = pj, | X; = x) = sj,. If the linear approximations (3)-(4) are exact, then
P = PiL and R; = RiL. We can therefore write:

-1
E[Rf | P; = pj, X; = x] = E[RF | P = p1x, Xi = x|+ Y a(pjxi %) (Ppi1x — i)
=1
so that
L L 1171 ]x
E[R} | X; = x] = B[R] | Pi = p1o, Xi = x|+ Y a(pj o) (Pysre — Pix) Y, Smu
=1 m=j 41
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and

j—1
E[R] | P; > pjo, Xj = x] =E[RF | P = p1, Xi = x|+ Y a(pj i %) (pji1x — Pyx)+
=1
1 Jx—1 Jx
Z “(pj’,x;x)(Pj’-&-l,x - Pj’,x) Z Sim,x-
Zm —j+15mx j'=j m=j'+1
Therefore,
- j-1 i
]E[Ri | Pi > Pj,eri = x]]P(Pl > pj,x | X,‘ = x) = Z a(pj//x; x)(p]-/+1,x — p] ,x Z Sl x Z Sm,x
j'=1 m'=j+1
]x_l ]x
+ Z P] X P] +1,x — Py x) Z Sm’,x Z Sm,x-
j'=j m'= m=j'+1
By Theorem 1, we therefore have:
]’71 ]x
g](x) = (pj+1,x - pj,x) Z “(pj’,x;x)(]i’j’+1,x - Py, x Z Sm! x Z Sm,x
i'=1 m'=j+1
Ix71 ]x
+ (Pj+1,x *P/‘,x) Z “(pj’,x;x)(pj’+1x Pj x Z Sm!,x Z Sm,x-
m'=1 m=j'+1

If a(pj;x) > 0 for all j and x, then all the terms in this expression are non-negative, so that {;(x) is non-negative
i i— -

. . x > 7 ,
To obtain the expressions for {1 (x) and 61 (x) in the special case that J, = 2, note that since E[P; | X; = ]

81,xP1,x + 52,xP2,x, we have

I'=i

- pl,x) -

01(x) = (p2.x — P1.) P2y —E[P | Xi = x]]sox
= (pZ,x - Pl,x) [Pz,x(l - S2,x) - pl,xsl,x]SZ,x = (Pz,x - pl,x)zsl,x52,x~
On the other hand,
var(P; | X; = x) = (pox — E[P; | X; = x])%s0x + (p1x — B[P | Xi = x])%s1x = (P2 — P1x) 51,4520
Secondly, since RiL =R;,
E[Y; | Xi = x,P; = p1x] = E[Y; | X; = x, P; = p1,4]
E[Y; | X; = x,P; = pox] = E[Y; | Xi = x, P, = p1x] + a(p1,x; %) (P2,x — P1,x),
so that
E[RF | X; = x,P; > p1,] = E[RF | X; = x, P = pax]
E[Y; | X; = «]

[Yi | Xi = x, P; = pox| + a(prxx) (po,x

= a(p1 %) (Pox — P1x) (1 —52,%)

O‘(Pl,x} x)(pZ,x - pl,x)sl,x-

41



Therefore, it follows that:

G1(x) = (p2x — pl,x)zsl,XSZ,x“(Pl,x;x)/
which completes the proof. 0

Proof of Theorem 2. Using the matrix notation from Equation (26),

Y, G/, T,/n

Poms = 1, Tu/n
By Lemma 6 and Lemma 7,
Y, G, T,/n=E[Y(P—-E[P| X])]+ op(l), T,G,T,/n=E[T(P-E[P|X])] + op(l).

Next, since the limiting distribution of the data satisfies Assumption IV (iii), E[T(P — E[P | X])] > 0, so that by the

continuous mapping theorem,

)]

T,GuY, E[Y(P—-E[P|X] +op(1)
T,G,T, E[T(P-E[P|X])] "
The assertion of the Theorem then follows by applying Lemma 3 with A; = P — E[P | X]. g
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