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� Hall et al. (2007) propose a method for moment selection based on an information criterion
that is a function of the entropy of the limiting distribution of the Generalized Method of
Moments (GMM) estimator. They establish the consistency of the method subject to certain
conditions that include the identification of the parameter vector by at least one of the moment
conditions being considered. In this article, we examine the limiting behavior of this moment
selection method when the parameter vector is weakly identified by all the moment conditions
being considered. It is shown that the selected moment condition is random and hence not
consistent in any meaningful sense. As a result, we propose a two-step procedure for moment
selection in which identification is first tested using a statistic proposed by Stock and Yogo
(2003) and then only if this statistic indicates identification does the researcher proceed to the
second step in which the aforementioned information criterion is used to select moments. The
properties of this two-step procedure are contrasted with those of strategies based on either using
all available moments or using the information criterion without the identification pre-test. The
performances of these strategies are compared via an evaluation of the finite sample behavior
of various methods for inference about the parameter vector. The inference methods considered
are based on the Wald statistic, Anderson and Rubin’s (1949) statistic, Kleibergen (2002)
K statistic, and combinations thereof in which the choice is based on the outcome of the test for
weak identification.
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Entropy-Based Moment Selection 399

1. INTRODUCTION

Generalized Method of Moments (GMM) provides a method for
obtaining consistent and asymptotically normally distributed estimators of
the parameters of economic models based on a set of population moment
conditions.1 In most cases of interest, the researcher is actually faced with
a candidate set from which to choose the moment conditions to be used
in the estimation.

It was understood early on in the GMM literature that the asymptotic
efficiency of the estimator is sensitive to the choice of moment condition;
see Hansen (1982, 1985). Subsequently, it has been realized the quality
of the asymptotic approximation to finite sample behavior can also
be very sensitive to the choice of moment condition; for example,
see Kocherlakota (1990).2 These findings have stimulated interest in
understanding the circumstances in which the asymptotic approximation
may be poor. Following a seminal article by Nelson and Startz (1990)
and important sequels by Staiger and Stock (1997) and Stock and Wright
(2000), weak identification has emerged as an important explanation
for why standard GMM asymptotic distribution theory provides a poor
approximation in certain economic models of interest. This finding
has stimulated the development of inference techniques that are
valid irrespective of whether the parameters are identified or weakly
identified parameters. Leading contributions in this area were made
by Staiger and Stock (1997), Stock and Wright (2000), Kleibergen (2002),
and Moreira (2003).

In a recent article, Hall et al. (2007) (HIJS hereafter) argue that the
entropy of the limiting distribution of the GMM estimator provides a
metric for the information about the parameters contained in a moment
condition, and, as a consequence, they propose an information criterion
based on this entropy that can be used to guide moment selection. This
information criterion is denoted RMSC , which stands for relevant moment
selection criterion, a terminology that is explained below. HIJS establish
conditions for the consistency of the associated moment selection method
in two settings of interest.3 One key aspect of these conditions relates to
what is assumed about the identification of the parameter vector by the
combinations of moments from the candidate set over which the selection
is made. While it is standard in the moment selection literature to assume

1See Hansen (1982).
2There have been numerous simulation studies that have made this point; see Hall (2005,

Section 6.3) for a recent review.
3In this context, consistency is the property that a particular moment condition is selected

with probability one in the limit as the sample size goes to infinity. The two settings are: nonlinear
dynamic models estimated via GMM and linear static models estimated via instrumental variables.
The difference between the analyses lies in the regularity conditions imposed; see discussion below.
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400 A. R. Hall et al.

that the parameter vector is identified by all the combinations of moment
condition considered,4 it is desirable to allow for the possibility of weak
identification. HIJS take a step in this direction in their analysis of RMSC
in the static linear model estimated by Instrumental Variables (IV). They
allow for the possibility that the parameter vector is only identified by some
of the combinations of moments being considered and is weakly identified
by the rest. In this case, they establish that their method selects a moment
condition that identifies the parameter vector with probability one in the
limit, and that the method is consistent provided certain other conditions
hold.

In this article, we extend HIJS’s analysis by considering the behavior
of their moment selection method when the parameter vector is weakly
identified by all the moment conditions being considered. It is shown
that the selected moment condition is random and hence not consistent
in any meaningful sense. As a result, we propose a two-step procedure
for moment selection in which identification is first tested using a
statistic proposed by Stock and Yogo (2003) and then only if this statistic
indicates identification does the researcher proceed to the second step in
which RMSC is used to select moments. The properties of this two-step
procedure are contrasted with those of strategies based on either using
all available moments or using the information criterion without the pre-
test for weak identification. The inference methods considered are based
on the Wald statistic, Anderson and Rubin’s (1949) statistic, Kleibergen’s
(2002) K statistic, and combinations thereof in which the choice is based
on the outcome of the test for weak identification.

The outline of the article is as follows. Section 2 describes various
inference procedures based on the IV estimator, and discusses the impact
of weak identification on their limiting behavior. Section 3 describes Stock
and Stock and Yogo’s (2003) framework for testing weak identification in
this model. Section 4 describes RMSC and its relationship to the entropy
of the limiting distribution of the IV estimator, and presents new results
on the limiting behavior of RMSC when the parameter of interest is weakly
identified by all the moments being considered. Section 5 reports results
from a simulation study to investigate the properties of various strategies
for instrument selection. Section 6 concludes.

2. IV ESTIMATION AND WEAK IDENTIFICATION

In this section, we briefly describe IV estimation in the linear
regression model and discuss the impact of weak identification on standard
IV-based inference procedures. This impact motivates the use of methods

4For example, see Donald and Newey (2001), Hall and Peixe (2003), and HIJS’s analysis of
RMSC in nonlinear dynamic models.
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Entropy-Based Moment Selection 401

that are robust to weak identification, and so such methods are also
reviewed as part of this discussion.

Consider the case in which the structural equation of interest takes
the form

yt = x ′
t�0 + ut , (1)

where yt is a scalar, xt is p × 1 vector of (observable) variables, and �0 is
an unknown parameter vector. Suppose that the reduced form for xt is
given by

xt = �zt + et (2)

where zt is a q × 1 vector of (observable) variables. It is assumed that
vt = (x ′

t ,ut , z ′
t , e

′
t )

′ is independently and identically distributed. We further
assume that the combined error vector wt = (ut , e ′

t )
′ satisfies the following

moment conditions:

E [wt | zt ] = 0(q+1)×1 (3)

Var [wt | zt ] =
[
�2
u �u,e

�′
u,e �e

]
(4)

where 0a×b denotes the a × b null matrix, �2
u is a scalar and �e is q × q . For

convenience below, we define ut(�) = yt − x ′
t�; note that ut(�0) = ut .

Equation (3) implies that �0 satisfies the population moment condition

E [ztut(�0)] = 0� (5)

Under our assumptions, the GMM estimator based on (5) with the optimal
weighting matrix is just the Two Stage Least Squares (2SLS) estimator,

�̂T = �X ′Z (Z ′Z )−1Z ′X �−1X ′Z (Z ′Z )−1Z ′y, (6)

where X is a T × p matrix with t th row x ′
t , Z is a T × q matrix with t th

row z ′
t and y is T × 1 vector with t th element yt .5 Although we focus on

2SLS throughout the article, we note parenthetically that all the issues
addressed, methods proposed, and limiting theory in this article apply
equally to the Limited Information Maximum Likelihood estimator of �0.

Within this framework, �0 is identified by (5) if

E [xt z ′
t ] = Mxz , finite with rank�Mxz� = p� (7)

5Recall 2SLS is the GMM estimator based on E [zt ut ] = 0 with weighting matrix (T−1Z ′Z )−1.
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402 A. R. Hall et al.

If (7) and certain other regularity conditions hold,6 it can be shown

T 1/2(�̂T − �0)
d→ N

(
0, �2

u(MxzM
−1
zz M ′

xz)
−1

)
, (8)

where Mzz = E [zt z ′
t ].

A wide variety of inference procedures have been developed for 2SLS
estimators. For our purposes here, it suffices to describe just one. Suppose
it is desired to test the point null hypothesis, H0 : �0 = �̄. Based on (8), this
hypothesis can be tested using the Wald statistic

WT (�̄) = (�̂T − �̄)′X ′Z (Z ′Z )−1Z ′X (�̂T − �̄)

�̂2
u

, (9)

where �̂2
u = T −1

∑T
t=1[ut(�̂T )]2. Under H0, it can be shown that

WT (�̄)
d→ �2p (10)

and hence an asymptotically valid 5% significance level test of H0 has the
decision rule

reject H0 when WT (�̄) > cp(0�95), (11)

where cp(0�95) is the 95th percentile of the �2p distribution.
Now suppose that the parameter vector �0 is only weakly identified by

(5). Following Staiger and Stock (1997), this situation is captured by the
assumption that

E [xt z ′
t ] = T −1/2A, (12)

where A is a finite matrix of constants. It follows from (12) that
limT→∞ E [xt z ′

t ] = 0p×q , and so the identification condition in (7) fails in
the limit. This failure undermines the consistency of 2SLS and the use of
standard inference procedures. Staiger and Stock (1997) show that under
weak identification �̂T − �0 converges to a nondegenerate distribution and
WT (�̄) converges to a different distribution under H0 than the standard
result presented in (10). This would mean, of course, that the decision rule
in (11) does not yield a 5% test if the parameters are weakly identified,
and hence that the Wald test based on standard asymptotics is subject to a
size distortion.

Given these findings, it is clearly desirable to base inference on
statistics whose properties are robust to the potential presence of
weak identification. Within the framework considered here, Staiger

6See inter alia Hall (2005, Section 2.3).
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Entropy-Based Moment Selection 403

and Stock (1997) show that such inference can be performed using
the statistic proposed by Anderson and Rubin (1949) (refered to as the
AR statistic hereafter), that is,7

ART (�̄) =
{

u(�̄)′Z (Z ′Z )−1Z ′u(�̄)

u(�̄)′(IT − Z (Z ′Z−1Z ′)u(�̄)

}{
T − q

q

}
� (13)

Staiger and Stock (1997) show that H0, ART (�̄)
d→ �2q/q irrespective of

whether the parameter is identified or weakly identified. However, an
unattractive feature of the AR statistic is that the degrees of freedom of
its limiting distribution equal the number of instruments. Therefore, when
there are many more instruments than parameters, then this approach to
inference leads to tests with low power or equivalently very wide confidence
intervals; see Kleibergen (2002). Therefore, while the advantage of
the AR statistic over the Wald is clear if the parameters are weakly
identified, it does not carry over to models in which the parameters are, in
fact, identified. Kleibergen (2002) and Moreira (2003) propose statistics
that have the advantages of the AR statistic but without this weakness. Here
we focus on Kleibergen’s (2002) K statistic which is given by

KT (�̄) = (T − q)
{

u(�̄)′M (�̄)−1u(�̄)

u(�̄)′(IT − Z (Z ′Z )−1Z ′)u(�̄)

}
, (14)

where

M (�) = N (�)[N (�)′N (�)]−1N (�)′

N (�) = Z �̃(�)

�̃(�) = (Z ′Z )−1Z ′
[
y − u(�)

sue(�)
suu(�)

]
suu(�) = (T − q)−1u(�)′(IT − Z (Z ′Z )−1Z ′)u(�)

sue(�) = (T − q)−1u(�)′(IT − Z (Z ′Z )−1Z ′)X �

Kleibergen (2002) shows that under H0 : �0 = �̄, KT (�̄)
d→ �2p irrespective

of whether the parameters are identified or weakly identified. Notice that
the degrees of freedom equal the number of parameters and hence the
K statistic does not suffer from the aforementioned weakness of the AR
statistic.

Kleibergen (2002) evaluates the performance of the Wald, AR, and
K statistics via a simulation study. He reports that the AR and K statistics
exhibit empirical size very close to the nominal size irrespective of

7This statistic is specialized here to the model in (1)–(2).
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404 A. R. Hall et al.

whether the parameters are identified or weakly identified and irrespective
of the number of instruments. In contrast, he finds that the Wald
statistic exhibits severe size distortions in two settings: the first is where
the parameters are weakly identified, the second is where the parameters
are identified and the degree of overidentification is large. He also
reports a power comparison of the AR and K tests that illustrate the K
test dominates the AR in models where there are more instruments than
parameters irrespective of the quality of the identification.

This simulation evidence would appear to recommend the adoption
of the K statistic as the basis for inference about the parameters
in linear models estimated via IV. However, there is one aspect of
Kleibergen’s (2002) simulation design that merits further scrutiny before
this recommendation is adopted. In the case where multiple instruments
are used, all instruments beyond the first are redundant.8 HIJS report
evidence that the inclusion of redundant instruments leads to a severe
distortions in the empirical size of the Wald test in finite samples; further
they find that these size distortions are ameliorated by the use of RMSC to
select instruments.9

Given practioners preference for inferences based on Wald tests,
for example, through the ubiquitous reporting of standard errors and
t -statistics, it is interesting to compare the properties of inference based
on the K test with strategies that use RMSC to select instruments and
then base inference on the Wald statistic. However, given the preceding
discussion, it is clear that inferences should not be based on the Wald
statistic if the parameters are weakly identified. Therefore, the Wald test
can only be used in combination with some method for determining
whether or not the parameters are identified.

Therefore in the next section, we outline Stock and Yogo’s (2003) test
for weak identification. This is followed by a discussion of RMSC and an
evaluation of its properties if the parameter vector is weakly identified
by all combinations of instruments considered. Collectively, Sections 2–4
highlight the key statistical results that motivate the various strategies for
inference considered in the simulation study reported in Section 5.

3. TESTING FOR WEAK IDENTIFICATION

Early examinations of the use of tests for identification drew rather
pessimistic conclusions about their efficacy; see Hall et al. (1996) and Zivot
et al. (1998). However, this pessimism seems to be in part attributable
to how the pre-test was performed and the assumed action if weak
identification is diagnosed. Recent work by Stock and Yogo (2003) suggests

8See Kleibergen (2002, p. 1791).
9Also see Hall and Peixe (2003).
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Entropy-Based Moment Selection 405

that this approach may be more fruitful than at first thought. So we now
elaborate on Stock and Yogo (2003) test for weak identification, and then
return to the issue of its use as a pre-test as part of an inference strategy
that is robust to weak identification.

Stock and Yogo (2003) propose drawing inference about the quality of
the identification using the following statistic originally proposed by Cragg
and Donald (1993),10

gmin = mineval�GT �, (15)

where mineval�·� denotes the minimum eigenvalue of the matrix within the
curly brackets,

GT = �̂−1/2
e X ′Z (Z ′Z )−1Z ′X �̂−1/2′

e /q (16)

and �̂e = (T − q)−1X ′(IT − Z (Z ′Z )−1Z )′X . Originally, this statistic was
designed to test under-identification, but Stock and Yogo (2003) propose
using it to test the null hypothesis of weak identification in the sense of
(12). Under the latter null, Stock and Yogo (2003) show that

GT
d→ 	1/q (17)

where 	1 ∼ Wp(q , Ip , 
′
), a noncentral Wishart distribution, with

 = M 1/2

zz A�e .11 A key contribution of Stock and Yogo’s (2003) work
is the recognition that the definition of weak identification varies by
estimator and also by the type of inference desired, and hence that the
critical value for a test of weak identification should also depend on these
factors. To illustrate, suppose inference is to be performed about �0 using
the decision rule in (11). Stock and Yogo (2003) show that under weak
instrument asymptotics, the rejection frequency of the Wald statistic is
determined by p, q , � = �−1/2

e �′
u,e�

−1
u , and mineval���, where � = 
′
/q .

They propose that, in this context, the null and alternative hypothesis of
weak identification should reflect the maximal size distortion in the size
of the Wald test. So, for instance, for the decision rule in (11), the null
and alternative are, respectively,12

Hwi
0 : not Hwi

A

H wi
A : the size distortion of the decision rule in (11) is not greater than %

for any choice of � or mineval(�),

10This statistic is specialized here to the model in (1)–(2).
11See Rao (1973, p. 534).
12Note that p and q are fixed.
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406 A. R. Hall et al.

where  is some level set by the researcher. For given values of p, q , and
, Stock and Yogo (2003) calculate numerically the value of the minimum
eigenvalue of � such that Hwi

A holds for all �; let this value of the minimum
eigenvalue of � be denoted mineval��(, p, q)�. Stock and Yogo (2003)
use mineval��(, p, q)� to tabulate critical points for gT based on the
distribution in (17) that can be used to test Hwi

0 against Hwi
A .

In Section 5, we explore the performance of various inference
strategies that use Stock and Yogo (2003) statistic to determine which
statistic inference is based upon. Another aspect of these inference
strategies is the use of RMSC to select the instruments used. However,
before presenting these inference strategies, it is necessary to consider the
limiting behavior of RMSC in the presence of weak identification; this is
the topic of the next section.

4. ENTROPY BASED MOMENT SELECTION

In most cases of interest, the researcher is actually faced with a
candidate set of instruments from which to choose in order to construct
the moment condition used in the estimation. The inference strategies
described in the previous section involve using all available instruments.
Assuming the parameter vector to be identified, there is no cost
asymptotically to the use of all available instruments but there is evidence
that there may be finite sample gains to using only a subest of the
instruments in certain settings. This evidence has stimulated interest in
developing methods for instrument selection. In this section, we focus
on one such method, the RMSC proposed by HIJS.13 We survey results
presented by HIJS on the behavior of RMSC if the parameter vector is
identified, and also present a new result that shows the limiting behavior
of RMSC if the parameter vector is weakly identified by all choices of
instruments considered. Together these results yield useful insights into
the behavior of RMSC that inform the design of the inference strategies
evaluated in Section 5.

RMSC can be used to select moments in the more general setting of
GMM estimation, but we specialize our discussion of the method here
to its application to the problem of instrument selection in the linear
model described in the previous section. To this end, we now assume that
the candidate set of moment conditions is given by (5). In this case, the
only difference between various choices of moments lies in the chosen
instrument vector and so without loss of generality, we frame the problem
in terms of instrument selection. Following Andrews (1999), we use a q × 1
selection vector c to denote which elements of the instrument vector zt are

13Other methods for instrument selection are proposed by Donald and Newey (2001) and
Hall and Peixe (2003).
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Entropy-Based Moment Selection 407

included in a particular moment condition: if cj = 1 then the j th element
of zt is included; if cj = 0 implies then j th element of zt is excluded. The
case in which all instruments are used is denoted by c = �q , where �q is
q × 1 vector of ones. The moments associated with c are written as

E [zt(c)ut(�0)] = 0, (18)

where

zt(c) = S(c)zt

and S(c) is a selection matrix that picks out the elements of zt indicated
by c . Note that |c | = c ′c equals the number of elements in zt(c). The set of
all possible selection vectors is denoted by �, that is,

� = �c ∈ �q ; cj = 0, 1, for j = 1, 2, � � � q , and c = (c1, � � � cq)′, |c | ≥ p��

For brevity, statistics of interest are now indexed by c and so, for example,
�̂T (c) denotes the 2SLS estimator based on (18).

The design of RMSC is motivated by the entropy of the standard
limiting distribution of the IV estimator. Given (8), the entropy of the
limiting distribution of �̂T (c) is14

ent�(c) = 0�5p[1 + ln(2�)] − 0�5 ln[|Mxz(c)Mzz(c)−1Mxz(c)′|], (19)

where Mxz(c) = MxzS(c)′ and Mzz(c) = S(c)MzzS(c)′. HIJS argue that ent�(c)
provides a metric for the information about �0 in the moment condition
(18). Specifically, they show that ent�(c) is minimized by the asymptotically
efficient choice of instruments and is infinite in the presence of weak
identification. In view of these properties, HIJS argue that this entropy
provides a potentially useful basis for instrument (moment) selection.
Accordingly, they propose the following rule for instrument selection:
select zt(ĉT ), where

ĉT = argmin
c∈�

RMSC(c), (20)

where

RMSC(c) = ln[|V̂�,T (c)|] + �(|c |,T ), (21)

V̂�,T (c) = �̂2
u(c)

[
1
T

T∑
t=1

xt zt(c)′
(
1
T

T∑
t=1

zt(c)zt(c)′
)−1 1

T

T∑
t=1

zt(c)x ′
t

]−1

, (22)

14The entropy is defined to be the expectation of the log of the probability density function
of the distribution. Ahmed and Gokhale (1989) derive the entropy of the normal distribution.
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�̂2
u(c) = (1/T )

T∑
t=1

[ut(�̂T (c))]2, (23)

and �(|c |,T ) is a deterministic penalty term such as15

�(|c |,T ) = (|c | − p) ln(T 1/2)/T 1/2 (24)

As can be seen, the entropy of the normal distribution is a function of
the variance of the distribution and so instrument selection is driven by
its impact on the limiting variance of the IV estimator. The penalty term
plays an important role because it enables the criterion to distinguish
between choices of instrument that yield the same asymptotic variance.
The use of RMSC, therefore, is designed to select from the candidate
set the instrument vector of minimal length that achieves the minimum
variance possible (given this candidate set).16

In their analysis of RMSC , HIJS consider the case where the candidate
set consists of three types of moment conditions: (i) those that weakly
identify �0; (ii) those that identify a subset of �0 and weakly identify
the remaining elements; (iii) and those that identify �0. Below, we will
establish the limiting behavior of RMSC when �0 is weakly identified by
all the moment conditions in the candidate set. However, for purposes of
comparsion, it is useful to first reproduce HIJS’s consistency result. For
brevity, we specialize this consistency result here to the case when the
moments are only of the types given in (i) and (iii) above. To do so, we
must first introduce some additional notation. Let the reduced form for xt
in terms of zt(c) be

xt = �(c)zt(c) + et(c) (25)

It is assumed that (25) evaluated at c = �q yields (2), that is, �(�q) = �,
zt(�q) = zt and et(�q) = et . The appropriate subsets of � are defined as
follows: the subset associated with weak identification is

�wi = �c such that

�(c) = T −1/2A(c), for some matrices of constants A(c); c ∈ ��

(26)

15HIJS place certain generic restrictions on the form of the deterministic penalty term in
order to establish the consistency of RMSC ; see below.

16This approach can be viewed as minimizing a penalized version of the entropy of the limiting
distribution of the IV estimator as in HIJS or it can be viewed purely in terms of minimizing a
penalized measure of the variance. Either way, further theoretical work is needed to justify the use
of BIC type penalty term. To date, the choice of the BIC penalty has only been justified through
simulation evidence.
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Entropy-Based Moment Selection 409

and that associated with identification is

�id = �c such that �(c) is a matrix of constants with rank��(c)�= p; c ∈���
(27)

As mentioned above, it suffices here to consider the case in which moment
selection is over �wi ∪ �id , and so we define

c̃T = argmin
c∈�wi∪�id

RMSC(c)� (28)

To establish the consistency of the moment selection method, certain
regularity conditions need to be imposed. These conditions place
restrictions on both the limiting behavior of certain sample moments
and the deterministic penalty term, and also involve an identification
condition that serves to tie down the probability limit of c̃T . These first of
these two conditions are as follows.

Assumption 1. (i) rank�Mzz� = q ; (ii) T −1Z ′Z
p→ Mz,z ; (iii) T −1/2Z ′u

d→
N (0, �2

uMz,z); (iv) T −1/2
∑T

t=1 zt ⊗ et
d→ N (0,�1); (v) T −1u ′u

p→ �2
u ; (vi)

T −1/2
∑T

t=1(etut − �e ,u)
d→ N (0,�2).

Assumption 2. For any c̃ , c̄ ∈ C such that |c̄ |> |c̃ |, T 1/2[�(|c̄ |,T ) −
�(|c̃ |,T )] → +∞ as T → ∞, and �(|c |,T ) = o(1) for every c ∈ �.

To present the identification condition, we must introduce some
additional notation. We first define V�(c) = �2

u[Mxz(c)Mzz(c)−1Mxz(c)′]−1.
Noting that within the framework here, the minimum value for V�(c) is
V (�q), we define the set of selection vectors that attain this minimum to be
�eff , that is,

�eff = �c ; V�(�q) = V�(c), c ∈ ���

We need also to refer to the subset of �eff that contains the selection
vectors of minimum length, that is,

�min = �c ; c ∈ �eff , |c | ≤ |c̄ | for all c̄ ∈ �eff ��

Notice that �min contains the set of selection vectors that are both
asymptotically efficient relative to the candidate set and also include
no redundant moment conditions. This combination of efficiency and
nonredundancy is termed relevance by HIJS and is the source of the name
of their information criterion. The identification condition is as follows.

Assumption 3. There is a selection vector cr such that cr ∈ Cid and
�min = �cr �.
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410 A. R. Hall et al.

The following lemma gives the limiting behavior of c̃T when subsets of
the candidate set provide only weak identification.

Lemma 1 (HIJS, Theorem 6). Let the data be generated by (1) and (2) and
Assumptions 1–3 hold, then c̃T

p→ cr .

This consistency result depends crucially on the assumption that �0 is
identified by at least one combination of moment conditions considered.
We now turn to the case in where this assumption fails.

Now consider the case in which �0 is weakly identified by the candidate
set of moments and so � = �wi . For this part of the analysis, it is
convenient to refine the conditions imposed on the variables driving the
data generation process as follows.

Assumption 4.

(a)
1
T

T∑
t=1

(
ut

et(c)

) (
ut

et(c)

)′
p→

[
�2
u �u,e(c)

�e ,u(c) �e(c)

]
,

where �u,e(c) = �e ,u(c)′.

(b) 1
T 1/2

T∑
t=1

(
zt(c) ⊗ ut

zt(c) ⊗ et(c)

)
d→ N

(
0,

[
�2
uMz,z(c) �zu,ez(c)
�zu,ez(c)′ �ze ,ez(c)

])

≡
[
�u(c)
�e(c)

]
, (29)

where the asymptotic covariance matrix is positive definite for all c ∈ �.

The following theorem characterizes the limiting behavior of RMSC
when the parameter vector is weakly identified by the candidate set.

Theorem 1. Let � = �wi and Assumption 4 hold, then we have

ĉT ≡ argmin
c∈C

RMSC(c)

⇒ argmin
c∈C

�ln(�2
u − 2�e ,u�(c) + �(c)′�e�(c))

− ln|(Mz,z(c)A′(c) + �e(c))′Mz,z(c)−1(Mz,z(c)A′(c) + �e(c))|�, (30)

where

�(c) = [(Mz,z(c)A′(c) + �e(c))′Mz,z(c)−1(Mz,z(c)A′(c) + �e(c))]−1

× (Mz,z(c)A′(c) + �e(c))′Mzz(c)−1�u(c)�
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Entropy-Based Moment Selection 411

Proof. Under Assumption 4, we have

ln
∣∣∣∣

T∑
t=1

xt zt(c)′
( T∑

t=1

zt(c)zt(c)′
)−1 T∑

t=1

zt(c)x ′
t

∣∣∣∣ − p ln(T )

d→ (Mz,z(c)A′(c) + �e(c))′Mz,z(c)−1(�zz(c)A′(c) + �e(c)), (31)

where the convergence is uniform in c ∈ �. Since

�̂(c) − � = [(Mz,z(c)A′(c) + �e(c))′Mz,z(c)−1(Mz,z(c)A′(c) + �e(c))]−1

× (Mz,z(c)A′(c) + �e(c))′Mz,z(c)−1�u

≡ �(c),

it follows that

�̂2
u(c)

d→ �2
0 + 2�′

e ,u�(c) + �(c)′�e�(c) (32)

Thus, the desired result follows from (31) and (32). �

Theorem 31 indicates that the selected moment condition is random
when the parameter vector is weakly identified by the candidate set.
Clearly, this is in marked contrast to the case where identification is
achieved by at least one set of moment conditions considered for which ĉT
converges in probability to the constant cr . This difference has important
consequences for subsequent inferences about �0. If ĉT converges in
probability to the constant cr , then T 1/2[�̂T (ĉT ) − �0] has the same limiting
distribution as T 1/2[�̂T (cr ) − �0], that is (8) evaluated at zt = zt(cr ).17 In
other words, if �0 is identified by at least one set of moment conditions,18

then inference can proceed using standard methods. In such cases,
data based moment selection can be beneficial for the types of reason
discussed above. However, if ĉT converges to a random variable, then this
dependence on the data has the potential to contaminate subsequent
inference procedures. For example, if �0 is weakly identified by the
candidate set, then there is no guarantee that the AR statistic evaluated at
zt = zt(ĉT ) converges to a �2q/q distribution even if the null hypothesis is
correct. In such cases, data-based moment selection may not be beneficial
because its use may undermine subsequent inference procedures. These
considerations suggest that, unless the quality of the identification is not
in question, it may be advisable to employ a pre-test for weak identification
when selecting moments via RMSC. In the next section, we explore the
properties of this strategy along with various alternatives.

17See Pötscher (1991) or the discussion in Hall (2005, Section 7.1).
18The other regularity conditions in Lemma 1 must also be satisfied, of course.
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412 A. R. Hall et al.

5. EVALUATION OF VARIOUS INFERENCE STRATEGIES

In this section, we evaluate the impact of various instrument selection
strategies on the finite sample properties of inference procedures based
on 2SLS. These inference strategies involve the use of the Wald, AR, and
K statistics both with and without the use of RMSC and the Stock–Yogo
pre-test for weak identification. The design allows for different degrees of
identification and thus provides insights into the performance of these
methods in the variety of settings that are encountered in practice.

Data are generated from the following model:

yt = �0xt + ut , (33)

xt = �′zt + et , (34)

where yt and xt are scalars; zt is a qmax × 1 vector for qmax = 8; [ut , et , z ′
t ]′ ∼

NID(0(qmax+2)×1,�) with � equal to a matrix whose diagonal elements are all
one and whose only nonzero off diagonal elements are the (1, 2) and (2, 1)
entries which are both �ue for �ue = �ue ∈ �0�1, 0�5, 0�9�. The parameter
vector � is chosen to fix the population concentration parameter, 
′
/q , via


′

q

= �′E [Z ′Z ]�
qmax

= T
qmax

qmax∑
i=1

�2
i (35)

Since � is a vector, (35) does not yield a unique solution. We consider three
solutions:

1. ID� = I: In this specification, only the first instrument is relevant and so
only the first element of � is nonzero, that is,

� = (�1, 0′
(qmax−1)×1)

′� (36)

Note that in this case, cr = (1, 0′
(qmax−1)×1)

′;
2. ID� = II: In this specification, all the instruments are equally important

and so all the elements of � are equal, that is,

� = (�2, �2, � � � , �2)′� (37)

In this case, cr = �qmax×1.
3. ID� = III: In this specification, the instruments are of diminishing

marginal importance with �1 ≥ �2 ≥ · · · ≥ �qmax . Following Donald and
Newey (2001), the ith element of � is determined via

�i = �3

(
1 − i

qmax + 1

)4

for i = 1, � � � , qmax � (38)

In this case, cr = �qmax×1.
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Entropy-Based Moment Selection 413

The values of constants �1, �2, and �3 are chosen so that (35) holds for
the set 
′
/q ∈ �1, 10, 25, 50�.19 The simulation is based on 10,000 Monte
Carlo draws for sample size T = 100.

In strategies involving RMSC , this criterion is calculated using the
formula in (21)–(23) with the BIC type penalty in (24). As noted above,
RMSC can be employed by performing the minimization over all possible
instruments or some subset thereof. We consider two approaches. First,
we consider the sequential approach in which RMSC(c) is minimized
over choices of c : c = (1′

q×1, 0
′
(qmax−q)×1)

′, q = 1, 2, � � � , qmax , where 1n×1 is a
n × 1 vector of ones and 0n×1 is the n × 1 null vector. This represents
the case where the researcher may have some a priori information about
the relative importance of the instruments; notice that this information
is correct in models ID� = I and ID� = III. Second, we consider the case
in which the minimization is over all possible choices of instrument.20

For expositional brevity, we only explicitly report in the tables the results
for the RMSC -based strategies for the case in which the instruments are
selected sequentially. The results for the case in which the selection is over
all possible choices are summarized in the text and the tables upon which
the discussion is based can be obtained from the authors upon request.

Our evaluation of the inference procedures is based on a number
aspects of the finite sample behavior of the 2SLS estimator. We report:
(i) the median bias; (ii) the coverage probability of the 95% confidence
interval based on the Wald, AR, and K statistics; (iii) the median width
of the aforementioned intervals based on the Wald and AR statistics;21

(iv) the power of the Wald, AR, and K tests of H0 : �0 = 0. For (i)–(iii),
the parameter in the structural equation is set to zero, that is, �0 = 0; for
(iv) the true value of �0 is set to 0�05, 0�1, and 0.5.

Within our design, the AR statistic has an exact F distribution with (8,
92) degrees of freedom. Therefore, at the suggestion of a referee we use
percentiles from this distribution in our calculations so that any distortions
from the nominal coverage probabilities can be attributed purely to the
other causes of interest such as the use of the Stock–Yogo test for weak
identification or the use of RMSC to select instruments.

For expositional convenience, the various inference strategies are
discussed in four natural groupings. The results are discussed collectively
at the end of the section.

19The concentration parameter is widely accepted as a unit less measure of the “quality” of
the identification; the lower the value, the weaker the identification.

20Since we must have |c | ≥ p, the total number of choices is 255 because p = 1.
21Zivot et al. (1998) provide closed form expressions for the interval based on the AR statistic

for the case here in which p = 1. The median width of the interval based on the K statistic is
not reported because its calculation requires solving a fourth order polynomial inequality in � to
which there is no closed form solution. Furthermore, since the interval can be of infinite length,
it is infeasible to find the interval numerically in Monte Carlo experiments.
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414 A. R. Hall et al.

(a) All instruments are used:

• Strategy 1: 2SLS is calculated using all available instruments and inference
is based on the Wald statistic in (9) and the decision rule in (11).

• Strategy 2: Inference is based on the AR statistic in (13) with all
instruments.

• Strategy 3: Inference is based on the K statistic in (14) with all
instruments.

Table 1 reports the median bias of the 2SLS estimator along
with the coverage probabilities and median widths of 95% confidence
intervals for �0. It can be seen that (as expected) the AR and K tests
maintain the correct coverage probabilities irrespective of the quality of
the identification. In contrast, the Wald based interval can exhibit severe
coverage probability distortions if the parameter is weakly identified: for
low levels of endogeneity (i.e., �ue = 0�1), the coverage is accurate for
values of the concentration parameter above 10, but for high levels
of endogeneity (i.e., �ue = 0�9), the coverage is only accurate once the
concentration parameter is as high as 50. A comparison of the median
widths of the intervals shows that the Wald intervals are far narrower than
those based on the AR, and so it is clearly advantageous to base inference
on the Wald statistic rather than the AR statistic provided, of course, that
the coverage probability of the former is accurate.

From Table 2, it can be seen that the K test is more powerful
than the AR test (confirming Kleibergen’s 2002 findings). It can also be
seen that for models with the concentration parameter equal to 50—
the case in which the confidence interval based on the Wald statistic has
approximately the correct coverage probability—the Wald and K tests have
similar power.

(b) RMSC is used to select the instruments:

• Strategy 4: RMSC is used to select the instrument vector from the
candidate set and then inference is based on the Wald statistic in (9)
and the decision rule in (11).

• Strategy 5: RMSC is used to select the instrument vector from the
candidate set and then inference is based on the AR statistic in (13).

• Strategy 6: Inference is based on the K statistic in (14) with instruments
selected using RMSC .

Table 3 reports the median bias of the post-selection 2SLS estimator
along with the coverage probabilities and median widths for the 95%
confidence intervals based on these three strategies. Table 4 reports the
corresponding power calculations. Note that these intervals are based
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Entropy-Based Moment Selection 415

TABLE 1 All 8 instruments are used and no pretest is conducted (Strategies 1–3) – median bias,
coverage probabilities and median width of 95% confidence intervals


′

q �ue IDa

� Med bias Wald Width AR Width K

1 0.1 I 0.048 0.967 1.023 0.950 ∞ 0.941
1 0.1 II 0.054 0.966 1.022 0.953 ∞ 0.946
1 0.1 III 0.051 0.968 1.021 0.950 ∞ 0.945
1 0.5 I 0.245 0.789 0.926 0.949 ∞ 0.945
1 0.5 II 0.241 0.789 0.921 0.952 ∞ 0.946
1 0.5 III 0.245 0.786 0.926 0.949 ∞ 0.945
1 0.9 I 0.436 0.336 0.649 0.949 ∞ 0.942
1 0.9 II 0.435 0.342 0.648 0.952 ∞ 0.942
1 0.9 III 0.435 0.338 0.649 0.949 ∞ 0.945

10 0.1 I 0.007 0.950 0.419 0.951 0.742 0.949
10 0.1 II 0.009 0.951 0.419 0.955 0.744 0.949
10 0.1 III 0.009 0.951 0.420 0.950 0.744 0.946
10 0.5 I 0.041 0.919 0.411 0.952 0.748 0.947
10 0.5 II 0.042 0.921 0.411 0.951 0.747 0.946
10 0.5 III 0.041 0.920 0.411 0.951 0.746 0.950
10 0.9 I 0.074 0.836 0.391 0.948 0.769 0.947
10 0.9 II 0.074 0.851 0.389 0.950 0.762 0.949
10 0.9 III 0.073 0.848 0.392 0.953 0.767 0.948
25 0.1 I 0.003 0.949 0.271 0.949 0.450 0.947
25 0.1 II 0.004 0.946 0.271 0.948 0.449 0.945
25 0.1 III 0.003 0.944 0.271 0.949 0.451 0.944
25 0.5 I 0.017 0.934 0.270 0.953 0.455 0.943
25 0.5 II 0.017 0.936 0.269 0.950 0.453 0.946
25 0.5 III 0.016 0.932 0.270 0.949 0.454 0.942
25 0.9 I 0.032 0.906 0.263 0.953 0.455 0.949
25 0.9 II 0.031 0.904 0.264 0.944 0.453 0.948
25 0.9 III 0.031 0.905 0.263 0.951 0.454 0.950
50 0.1 I 0.001 0.944 0.194 0.951 0.316 0.945
50 0.1 II 0.001 0.947 0.194 0.949 0.315 0.948
50 0.1 III 0.002 0.948 0.193 0.948 0.314 0.948
50 0.5 I 0.008 0.940 0.192 0.948 0.316 0.947
50 0.5 II 0.009 0.940 0.192 0.944 0.315 0.944
50 0.5 III 0.009 0.938 0.193 0.947 0.314 0.945
50 0.9 I 0.016 0.922 0.191 0.948 0.318 0.941
50 0.9 II 0.017 0.924 0.190 0.948 0.314 0.950
50 0.9 III 0.014 0.925 0.190 0.951 0.318 0.946

aID� denotes the specification how the first stage parameter vector is constructed. ‘I’ means only
the first instrument is relevant, ‘II’ means all the instruments are equally important, and ‘III’ means
the instruments are in order of their importance.

on the distributional results that are only valid for a fixed choice of
instrument. Table 3 reveals that the use of the moment selection technique
only has a slight distorting effect on the coverage probabilities of the AR
and K statistic-based intervals. With the regard to the Wald statistic, an
interesting pattern emerges. The use of RMSC is efficacious for models
ID� = I and ID� = III: the coverage probabilities are now accurate at
concentration parameter values of 10 and 25, respectively, for the model
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TABLE 2 All 8 instruments are used and no pretest is conducted (Strategies 1–3) – power

Wald AR K


′

q �ue IDa

� 0.05 0.1 0.5 0.05 0.1 0.5 0.05 0.1 0.5

1 0.1 I 0.05 0.08 0.56 0.05 0.05 0.10 0.06 0.06 0.15
1 0.1 II 0.05 0.07 0.57 0.05 0.05 0.10 0.06 0.06 0.14
1 0.1 III 0.05 0.08 0.57 0.05 0.05 0.10 0.05 0.06 0.15
1 0.5 I 0.28 0.35 0.80 0.05 0.05 0.09 0.06 0.06 0.14
1 0.5 II 0.28 0.35 0.81 0.05 0.05 0.09 0.05 0.06 0.14
1 0.5 III 0.28 0.34 0.80 0.05 0.05 0.09 0.06 0.06 0.13
1 0.9 I 0.72 0.77 0.95 0.05 0.05 0.08 0.06 0.06 0.15
1 0.9 II 0.71 0.76 0.94 0.05 0.05 0.09 0.06 0.06 0.16
1 0.9 III 0.72 0.77 0.95 0.05 0.05 0.08 0.06 0.06 0.15

10 0.1 I 0.09 0.18 0.99 0.06 0.08 0.74 0.07 0.14 0.95
10 0.1 II 0.09 0.19 0.99 0.05 0.08 0.75 0.08 0.14 0.95
10 0.1 III 0.09 0.18 0.99 0.06 0.08 0.75 0.07 0.14 0.94
10 0.5 I 0.17 0.30 0.98 0.05 0.07 0.61 0.07 0.13 0.89
10 0.5 II 0.17 0.30 0.99 0.05 0.07 0.61 0.07 0.13 0.89
10 0.5 III 0.17 0.30 0.99 0.05 0.07 0.61 0.07 0.13 0.89
10 0.9 I 0.29 0.44 0.98 0.06 0.07 0.51 0.08 0.14 0.84
10 0.9 II 0.28 0.44 0.99 0.05 0.07 0.51 0.07 0.13 0.85
10 0.9 III 0.28 0.43 0.98 0.05 0.07 0.50 0.07 0.13 0.85
25 0.1 I 0.13 0.33 1.00 0.07 0.12 0.99 0.11 0.28 1.00
25 0.1 II 0.13 0.33 1.00 0.07 0.12 0.99 0.11 0.29 1.00
25 0.1 III 0.13 0.33 1.00 0.07 0.12 0.99 0.11 0.28 1.00
25 0.5 I 0.18 0.41 1.00 0.06 0.11 0.97 0.11 0.26 1.00
25 0.5 II 0.18 0.41 1.00 0.07 0.12 0.97 0.10 0.26 1.00
25 0.5 III 0.18 0.41 1.00 0.06 0.11 0.96 0.11 0.26 1.00
25 0.9 I 0.26 0.50 1.00 0.06 0.11 0.93 0.10 0.25 1.00
25 0.9 II 0.27 0.50 1.00 0.07 0.12 0.93 0.11 0.26 1.00
25 0.9 III 0.26 0.50 1.00 0.06 0.11 0.93 0.11 0.26 1.00
50 0.1 I 0.19 0.54 1.00 0.08 0.21 1.00 0.17 0.49 1.00
50 0.1 II 0.19 0.54 1.00 0.09 0.21 1.00 0.18 0.49 1.00
50 0.1 III 0.19 0.54 1.00 0.09 0.22 1.00 0.17 0.50 1.00
50 0.5 I 0.24 0.58 1.00 0.08 0.20 1.00 0.17 0.47 1.00
50 0.5 II 0.24 0.59 1.00 0.09 0.20 1.00 0.17 0.48 1.00
50 0.5 III 0.25 0.59 1.00 0.09 0.20 1.00 0.17 0.47 1.00
50 0.9 I 0.30 0.63 1.00 0.09 0.19 1.00 0.17 0.45 1.00
50 0.9 II 0.31 0.64 1.00 0.09 0.20 1.00 0.16 0.46 1.00
50 0.9 III 0.29 0.63 1.00 0.08 0.18 1.00 0.16 0.44 1.00

aIn each case, the power is of a 5% significance level test of H0 : �0 = 0 when the true value of
this parameter is given at the head of each column.

bFor other definitions, see the notes to Table 1.

with high endogeneity (�ue = 0�9) whereas this is only the case for a
concentration parameter value of 50 in the case where all instruments are
used; however, its use increases the median interval width compared to the
case where all instruments are used. In contrast, the use of RMSC has a
slightly adverse effect on the coverage probabilities for model ID� = II. If
selection is over all possible choices of instrument, then a similar pattern
of results holds for models ID� = I and ID� = III. However, the adverse
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TABLE 3 Instruments are selected by RMSC and no pre-test is conducted (Strategies 4–6) –
median bias, coverage probabilities and median width of 95% confidence intervals


′

q �ue IDa

� Med bias Wald Width AR Width K

Sequential approach

1 0.1 I 0�028 0.984 1.293 0.956 2�093 0.961
1 0.1 II 0�059 0.981 1.242 0.956 10�993 0.967
1 0.1 III 0�036 0.984 1.263 0.955 2�528 0.962
1 0.5 I 0�148 0.914 1.169 0.937 2�049 0.957
1 0.5 II 0�283 0.827 1.119 0.939 11�714 0.947
1 0.5 III 0�184 0.901 1.150 0.941 2�517 0.953
1 0.9 I 0�325 0.592 0.815 0.888 2�218 0.943
1 0.9 II 0�504 0.331 0.761 0.900 24�263 0.918
1 0.9 III 0�347 0.563 0.807 0.895 2�595 0.934

10 0.1 I −0�000 0.953 0.438 0.952 0�457 0.949
10 0.1 II 0�016 0.966 0.539 0.958 0�847 0.961
10 0.1 III 0�007 0.956 0.466 0.952 0�548 0.951
10 0.5 I 0�000 0.950 0.437 0.952 0�459 0.949
10 0.5 II 0�076 0.907 0.525 0.947 0�834 0.946
10 0.5 III 0�024 0.945 0.459 0.951 0�544 0.950
10 0.9 I 0�001 0.943 0.434 0.940 0�461 0.944
10 0.9 II 0�129 0.785 0.487 0.931 0�811 0.930
10 0.9 III 0�038 0.917 0.447 0.944 0�538 0.948
25 0.1 I −0�000 0.949 0.276 0.951 0�284 0.948
25 0.1 II 0�010 0.959 0.354 0.953 0�526 0.956
25 0.1 III 0�002 0.949 0.295 0.949 0�342 0.948
25 0.5 I −0�000 0.945 0.277 0.945 0�285 0.943
25 0.5 II 0�038 0.932 0.350 0.948 0�523 0.952
25 0.5 III 0�010 0.943 0.295 0.950 0�343 0.944
25 0.9 I 0�002 0.948 0.275 0.950 0�285 0.948
25 0.9 II 0�066 0.864 0.338 0.938 0�511 0.935
25 0.9 III 0�018 0.933 0.291 0.946 0�338 0.947
50 0.1 I −0�000 0.946 0.195 0.949 0�200 0.947
50 0.1 II 0�003 0.956 0.256 0.950 0�373 0.954
50 0.1 III 0�001 0.949 0.208 0.947 0�241 0.948
50 0.5 I −0�001 0.946 0.195 0.948 0�199 0.946
50 0.5 II 0�021 0.940 0.254 0.949 0�370 0.949
50 0.5 III 0�006 0.942 0.209 0.951 0�242 0.944
50 0.9 I 0�000 0.941 0.195 0.945 0�200 0.941
50 0.9 II 0�037 0.898 0.247 0.940 0�364 0.939
50 0.9 III 0�009 0.937 0.208 0.950 0�241 0.944

aFor definitions see the notes to Table 1.

effect for ID� = II is much stronger and the coverage probabilities of the
post-selection confidence interval are not accurate for models with high
endogeneity even with a concentration parameter of 50.

Combining the results from Tables 1 and 3, we obtain some interesting
insights into the problems with Wald based inference. It was found that
if all available instruments are used, then the coverage probability is
distorted for concentration parameter values of 1, 10, and 25. However,
this appears to be due to a combination of effects in models ID� = I and
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TABLE 4 Instruments are selected by RMSC and no pre-test is conducted (Strategies 4–6) – power

Wald AR K


′

q �ue IDa

� 0.05 0.1 0.5 0.05 0.1 0.5 0.05 0.1 0.5

Sequential approach

1 0.1 I 0.02 0.04 0.37 0.05 0.05 0.23 0.04 0.05 0.24
1 0.1 II 0.03 0.04 0.44 0.05 0.05 0.12 0.04 0.04 0.14
1 0.1 III 0.03 0.04 0.40 0.05 0.06 0.20 0.04 0.05 0.22
1 0.5 I 0.12 0.16 0.57 0.07 0.08 0.23 0.05 0.07 0.22
1 0.5 II 0.23 0.29 0.74 0.07 0.07 0.15 0.06 0.07 0.18
1 0.5 III 0.14 0.19 0.62 0.07 0.08 0.21 0.05 0.07 0.22
1 0.9 I 0.47 0.52 0.84 0.12 0.13 0.24 0.06 0.07 0.18
1 0.9 II 0.72 0.76 0.94 0.11 0.11 0.17 0.09 0.10 0.21
1 0.9 III 0.50 0.56 0.86 0.11 0.12 0.22 0.07 0.08 0.20

10 0.1 I 0.08 0.15 0.98 0.07 0.14 0.96 0.08 0.14 0.97
10 0.1 II 0.06 0.13 0.94 0.05 0.07 0.65 0.06 0.10 0.83
10 0.1 III 0.07 0.15 0.97 0.07 0.11 0.91 0.07 0.14 0.94
10 0.5 I 0.10 0.18 0.95 0.07 0.14 0.91 0.08 0.14 0.92
10 0.5 II 0.17 0.28 0.96 0.07 0.10 0.61 0.09 0.14 0.81
10 0.5 III 0.12 0.21 0.96 0.08 0.13 0.86 0.08 0.15 0.91
10 0.9 I 0.12 0.21 0.92 0.08 0.14 0.85 0.08 0.14 0.85
10 0.9 II 0.34 0.47 0.98 0.09 0.12 0.57 0.11 0.18 0.79
10 0.9 III 0.16 0.27 0.95 0.08 0.14 0.79 0.09 0.15 0.85
25 0.1 I 0.12 0.30 1.00 0.10 0.28 1.00 0.11 0.29 1.00
25 0.1 II 0.09 0.22 1.00 0.07 0.12 0.96 0.08 0.19 0.99
25 0.1 III 0.11 0.29 1.00 0.09 0.21 1.00 0.11 0.27 1.00
25 0.5 I 0.13 0.32 1.00 0.11 0.26 1.00 0.11 0.27 1.00
25 0.5 II 0.17 0.36 1.00 0.08 0.14 0.93 0.11 0.23 0.99
25 0.5 III 0.15 0.33 1.00 0.10 0.22 1.00 0.11 0.27 1.00
25 0.9 I 0.14 0.33 1.00 0.10 0.25 1.00 0.10 0.26 1.00
25 0.9 II 0.29 0.49 1.00 0.10 0.17 0.91 0.14 0.27 0.98
25 0.9 III 0.18 0.38 1.00 0.10 0.23 0.99 0.12 0.27 1.00
50 0.1 I 0.18 0.52 1.00 0.17 0.49 1.00 0.17 0.50 1.00
50 0.1 II 0.13 0.36 1.00 0.08 0.19 1.00 0.12 0.32 1.00
50 0.1 III 0.16 0.48 1.00 0.13 0.37 1.00 0.15 0.46 1.00
50 0.5 I 0.19 0.51 1.00 0.16 0.46 1.00 0.17 0.47 1.00
50 0.5 II 0.20 0.47 1.00 0.09 0.20 1.00 0.14 0.35 1.00
50 0.5 III 0.20 0.51 1.00 0.14 0.38 1.00 0.18 0.46 1.00
50 0.9 I 0.21 0.52 1.00 0.16 0.44 1.00 0.17 0.45 1.00
50 0.9 II 0.30 0.57 1.00 0.11 0.24 1.00 0.18 0.39 1.00
50 0.9 III 0.23 0.53 1.00 0.14 0.37 1.00 0.18 0.45 1.00

aSee Tables 1 and 2 for definitions.

ID� = III: for lower values of the concentration parameter, the distortions
are clearly due to weak identification, but for more moderate values of
the concentration parameter the distortions are due to the inclusion of
redundant or nearly redundant instruments.

Comparing the results in Tables 2 and 4, it can be seen the use of
RMSC does not affect the power comparisons observed in the case where
all instruments are used. Similar findings are also obtained if the selection
is over all possible choices.
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(c) All instruments are used but the choice of statistic is based on the Stock–
Yogo test:

• Strategy 7: The Stock–Yogo statistic in (15)–(16) is used to test the
null hypothesis of weak identification against the alternative that
the maximal relative bias of the 2SLS estimator is 5%. If the null is not
rejected, then all available instruments are used and inference is based
on the AR statistic in (13). If the null is rejected, then inference is based
on the Wald statistic. In either case, all instruments are used.

• Strategy 8: The Stock–Yogo statistic in (15)–(16) is used to test the null
hypothesis of weak identification against the alternative that the maximal
relative bias of the 2SLS estimator is 5%. If the null is not rejected,
then all available instruments are used and inference is based on the K
statistic in (14). If the null is rejected, then inference is based on the
Wald statistic. In either case, all instruments are used.

• Strategy 9: The Stock–Yogo statistic in (15)–(16) is used to test the null
hypothesis of weak identification against the alternative that the maximal
size distortion of 10% for the Wald test. If the null is not rejected,
then all available instruments are used and inference is based on the
Anderson Rubin statistic in (13). If the null is rejected, then inference
is based on the Wald statistic. In either case, all instruments are used.

• Strategy 10: The Stock–Yogo statistic in (15)–(16) is used to test the null
hypothesis of weak identification against the alternative that the maximal
size distortion of 10% for the Wald statistic. If the null is not rejected,
then all available instruments are used and inference is based on the
K statistic in (14). If the null is rejected, then inference is based on the
Wald statistic. In either case, all instruments are used.

Table 5 reports the coverage probabilities and median widths for
the 95% confidence intervals based on these four strategies along with
the nonrejection frequencies of the Stock–Yogo test. Table 6 reports the
corresponding power calculations. First consider the performance of the
Stock–Yogo test. It can be seen that the version based on the size of 2SLS
t -statistic is more conservative than the version based on the bias of 2SLS.
This difference has minimal impact for concentration parameter values
less than or equal to 10 as both versions fail to reject weak identification
all or nearly all of the time. However, the two versions yield differing
conclusions when the concentration parameter is 25: in this case, the
version based on the bias rejects weak identification approximately 85%
of the time but the version based on the size rejects weak identification
only 15%. Not surprisingly, it is the version of the test based on the size of
the 2SLS t -statistic that yields the strategies that are closest to the nominal
level. Furthermore, with these latter strategies, the coverage probabilities
are very close to the nominal level at all values of the concentration
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TABLE 5 All 8 instruments are used and statistics are selected by pre-tests (Strategies 6–9) –
median bias, coverage probabilities and median width of 95% confidence intervals

Pretest based on 2SLS bias (b = 0�05) Pretest based on 2SLS size (r = 0�10)


′

q �ue IDa

� Weakb AR/Wald Width K/Wald Weakc AR/Wald Width K/Wald

1 0.1 I 1.000 0.950 ∞ 0.941 1.000 0.950 ∞ 0.941
1 0.1 II 1.000 0.953 ∞ 0.946 1.000 0.953 ∞ 0.946
1 0.1 III 1.000 0.950 ∞ 0.945 1.000 0.950 ∞ 0.945
1 0.5 I 1.000 0.949 ∞ 0.945 1.000 0.949 ∞ 0.945
1 0.5 II 1.000 0.952 ∞ 0.946 1.000 0.952 ∞ 0.946
1 0.5 III 1.000 0.949 ∞ 0.945 1.000 0.949 ∞ 0.945
1 0.9 I 1.000 0.949 ∞ 0.942 1.000 0.949 ∞ 0.942
1 0.9 II 1.000 0.952 ∞ 0.942 1.000 0.952 ∞ 0.942
1 0.9 III 1.000 0.949 ∞ 0.945 1.000 0.949 ∞ 0.945

10 0.1 I 0.988 0.950 0.742 0.949 1.000 0.951 0.742 0.949
10 0.1 II 0.988 0.955 0.744 0.949 1.000 0.955 0.744 0.949
10 0.1 III 0.990 0.950 0.744 0.946 1.000 0.950 0.744 0.946
10 0.5 I 0.990 0.951 0.748 0.946 1.000 0.952 0.748 0.947
10 0.5 II 0.990 0.951 0.747 0.946 1.000 0.951 0.747 0.946
10 0.5 III 0.987 0.949 0.746 0.949 1.000 0.951 0.746 0.950
10 0.9 I 0.989 0.942 0.769 0.942 1.000 0.948 0.769 0.947
10 0.9 II 0.987 0.945 0.762 0.944 1.000 0.950 0.762 0.949
10 0.9 III 0.989 0.947 0.767 0.944 1.000 0.953 0.767 0.948
25 0.1 I 0.165 0.948 0.272 0.949 0.867 0.949 0.439 0.947
25 0.1 II 0.160 0.947 0.272 0.946 0.860 0.947 0.437 0.944
25 0.1 III 0.163 0.946 0.272 0.943 0.871 0.948 0.441 0.944
25 0.5 I 0.173 0.934 0.270 0.930 0.866 0.943 0.446 0.937
25 0.5 II 0.165 0.935 0.269 0.931 0.866 0.943 0.443 0.940
25 0.5 III 0.171 0.930 0.270 0.926 0.863 0.940 0.445 0.936
25 0.9 I 0.162 0.904 0.263 0.896 0.864 0.929 0.452 0.925
25 0.9 II 0.165 0.900 0.263 0.894 0.868 0.922 0.450 0.927
25 0.9 III 0.166 0.902 0.263 0.895 0.869 0.929 0.452 0.927
50 0.1 I 0.000 0.944 0.194 0.944 0.036 0.945 0.194 0.944
50 0.1 II 0.000 0.947 0.194 0.947 0.039 0.947 0.193 0.946
50 0.1 III 0.000 0.948 0.193 0.948 0.043 0.948 0.193 0.948
50 0.5 I 0.000 0.940 0.192 0.940 0.038 0.940 0.192 0.938
50 0.5 II 0.000 0.940 0.192 0.940 0.039 0.940 0.192 0.938
50 0.5 III 0.000 0.938 0.193 0.938 0.041 0.939 0.193 0.937
50 0.9 I 0.000 0.922 0.191 0.922 0.040 0.921 0.191 0.919
50 0.9 II 0.000 0.924 0.190 0.924 0.036 0.924 0.190 0.922
50 0.9 III 0.000 0.925 0.190 0.925 0.038 0.925 0.190 0.922

aEmpirical frequencies that the Stock and Yogo test based on 2SLS bias (b = 0�05) cannot reject
H0 that instruments are weak, c = ı8.

bEmpirical frequencies that the Stock and Yogo test based on 2SLS size distortion (r = 0�10)
cannot reject H0 that instruments are weak, c = ı8.

cFor other definitions, see the notes to Table 1.

parameter. In models with low or moderate endogeneity, the combined
AR/Wald (strategy 9) dominates both the strategies based on just one
statistic (strategies 1 and 2) as it yields accurate coverage probabilities at
all concentration parameter values combined with the narrower median
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TABLE 6 All 8 instruments are used and statistics are selected by pre-tests (Strategies 6-9) – power

Pretest based on 2SLS bias (b = 0�05) Pretest based on 2SLS size (r = 0�10)

AR/Wald K/Wald AR/Wald K/Wald


′

q �ue IDa

� 0.05 0.1 0.5 0.05 0.1 0.5 0.05 0.1 0.5 0.05 0.1 0.5

1 0.1 I 0.05 0.05 0.10 0.06 0.06 0.15 0.05 0.05 0.10 0.06 0.06 0.15
1 0.1 II 0.05 0.05 0.10 0.06 0.06 0.14 0.05 0.05 0.10 0.06 0.06 0.14
1 0.1 III 0.05 0.05 0.10 0.05 0.06 0.15 0.05 0.05 0.10 0.05 0.06 0.15
1 0.5 I 0.05 0.05 0.09 0.06 0.06 0.14 0.05 0.05 0.09 0.06 0.06 0.14
1 0.5 II 0.05 0.05 0.09 0.05 0.06 0.14 0.05 0.05 0.09 0.05 0.06 0.14
1 0.5 III 0.05 0.05 0.09 0.06 0.06 0.13 0.05 0.05 0.09 0.06 0.06 0.13
1 0.9 I 0.05 0.05 0.08 0.06 0.06 0.15 0.05 0.05 0.08 0.06 0.06 0.15
1 0.9 II 0.05 0.05 0.09 0.06 0.06 0.16 0.05 0.05 0.09 0.06 0.06 0.16
1 0.9 III 0.05 0.05 0.08 0.06 0.06 0.15 0.05 0.05 0.08 0.06 0.06 0.15

10 0.1 I 0.06 0.08 0.74 0.07 0.14 0.95 0.06 0.08 0.74 0.07 0.14 0.95
10 0.1 II 0.06 0.08 0.75 0.08 0.14 0.95 0.05 0.08 0.75 0.08 0.14 0.95
10 0.1 III 0.06 0.08 0.75 0.08 0.14 0.94 0.06 0.08 0.75 0.07 0.14 0.94
10 0.5 I 0.06 0.08 0.61 0.08 0.13 0.89 0.05 0.07 0.61 0.07 0.13 0.89
10 0.5 II 0.06 0.08 0.61 0.07 0.13 0.89 0.05 0.07 0.61 0.07 0.13 0.89
10 0.5 III 0.06 0.08 0.61 0.08 0.13 0.89 0.05 0.07 0.61 0.07 0.13 0.89
10 0.9 I 0.06 0.08 0.51 0.08 0.14 0.84 0.06 0.07 0.51 0.08 0.14 0.84
10 0.9 II 0.06 0.07 0.51 0.07 0.13 0.85 0.05 0.07 0.51 0.07 0.13 0.85
10 0.9 III 0.06 0.07 0.50 0.07 0.13 0.85 0.05 0.07 0.50 0.07 0.13 0.85
25 0.1 I 0.12 0.31 0.99 0.12 0.32 1.00 0.08 0.16 0.99 0.11 0.29 1.00
25 0.1 II 0.12 0.31 1.00 0.13 0.33 1.00 0.08 0.16 0.99 0.11 0.29 1.00
25 0.1 III 0.12 0.31 1.00 0.13 0.32 1.00 0.08 0.16 0.99 0.11 0.29 1.00
25 0.5 I 0.18 0.38 0.98 0.18 0.39 1.00 0.10 0.17 0.97 0.12 0.28 1.00
25 0.5 II 0.18 0.39 0.98 0.18 0.39 1.00 0.10 0.17 0.97 0.12 0.28 1.00
25 0.5 III 0.18 0.38 0.97 0.18 0.39 1.00 0.09 0.17 0.97 0.12 0.28 1.00
25 0.9 I 0.26 0.48 0.94 0.26 0.48 1.00 0.12 0.18 0.93 0.14 0.28 1.00
25 0.9 II 0.26 0.48 0.94 0.26 0.48 1.00 0.13 0.18 0.93 0.14 0.28 1.00
25 0.9 III 0.26 0.48 0.94 0.26 0.48 1.00 0.12 0.18 0.93 0.14 0.29 1.00
50 0.1 I 0.19 0.54 1.00 0.19 0.54 1.00 0.19 0.53 1.00 0.19 0.54 1.00
50 0.1 II 0.19 0.54 1.00 0.19 0.54 1.00 0.19 0.53 1.00 0.19 0.54 1.00
50 0.1 III 0.19 0.54 1.00 0.19 0.54 1.00 0.18 0.53 1.00 0.19 0.54 1.00
50 0.5 I 0.24 0.58 1.00 0.24 0.58 1.00 0.24 0.57 1.00 0.24 0.58 1.00
50 0.5 II 0.24 0.59 1.00 0.24 0.59 1.00 0.24 0.59 1.00 0.24 0.59 1.00
50 0.5 III 0.25 0.59 1.00 0.25 0.59 1.00 0.24 0.58 1.00 0.24 0.58 1.00
50 0.9 I 0.30 0.63 1.00 0.30 0.63 1.00 0.30 0.63 1.00 0.30 0.63 1.00
50 0.9 II 0.31 0.64 1.00 0.31 0.64 1.00 0.31 0.64 1.00 0.31 0.64 1.00
50 0.9 III 0.29 0.63 1.00 0.29 0.63 1.00 0.29 0.62 1.00 0.29 0.62 1.00

aSee Tables 1, 2 and 5 for definitions.

widths of the Wald based interval for high concentration parameter values.
However, in the case of high endogeneity, the Wald coverage probability is
slightly too low even with a concentration parameter equal to 50 and this
is inherited by the AR/Wald and K/Wald strategies.

In terms of power, it can be seen from Table 6 that the combined
strategies are slightly more powerful than using K statistic on its own but
this finding must be treated with some caution in view of the comments at
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the end of the previous paragraph because as the statistics are compared
to their nominal 5% critical values.

(d) Statistics are selected via the Stock–Yogo test and instruments are selected
by RMSC if weak identification is rejected:

• Strategy 11: The Stock–Yogo statistic in (15)–(16) is used to test the
null hypothesis of weak identification against the alternative that the
maximal relative bias of the 2SLS estimator is 5%. If the null is not
rejected, then all available instruments are used and inference is based
on the Anderson Rubin statistic in (13). If the null is rejected, then the
instrument is chosen using RMSC and inference is based on the Wald
statistic.

• Strategy 12: The Stock–Yogo statistic in (15)–(16) is used to test the null
hypothesis of weak identification against the alternative that the maximal
relative bias of the 2SLS estimator is 5%. If the null is not rejected, then
all available instruments are used and inference is based on the K statistic
in (14). If the null is rejected, then the instrument is chosen using RMSC
and inference is based on the Wald statistic.

• Strategy 13: The Stock–Yogo statistic in (15)–(16) is used to test the
null hypothesis of weak identification against the alternative that the
maximal size distortion of 10% for the Wald statistic. If the null is not
rejected, then all available instruments are used and inference is based
on the Anderson Rubin statistic in (13). If the null is rejected, then the
instrument is chosen using RMSC and inference is based on the Wald
statistic.

• Strategy 14: The Stock–Yogo statistic in (15)–(16) is used to test
the null hypothesis of weak identification against the alternative that
the maximal size distortion of 10% for the Wald statistic. If the null is
not rejected, then all available instruments are used and inference is
based on the K statistic in (14). If the null is rejected, then the
instrument is chosen using RMSC and inference is based on the Wald
statistic.

Table 7 reports the coverage probabilities and median widths for the
95% confidence intervals based on these four strategies. Table 8 contains
the corresponding power calculations. Due to the properties of the Stock–
Yogo test reported in (c), the use of RMSC only impacts the performance
of the intervals in models with concentration parameters of 25 or 50. For
these settings, the use of RMSC yields more accurate coverage probabilities
for models ID� = I and ID� = III but less accurate probabilities for model
ID� = II. This echoes the finding reported in (b) above. A similar pattern
also emerges if the selection is over all possible instrument choices.



D
ow

nl
oa

de
d 

B
y:

 [T
he

 U
ni

ve
rs

ity
 o

f M
an

ch
es

te
r] 

A
t: 

10
:5

6 
27

 M
ay

 2
00

8 

Entropy-Based Moment Selection 423

TABLE 7 Statistics are selected by pre-tests and instruments are selected by RMSC only when a
pretest rejects the null of weak instruments (Strategies 11–14) – median bias, coverage
probabilities and median width of 95% confidence intervals

Pretest based on 2SLS bias Pretest based on 2SLS size


′

q �ue IDa

� Med bias AR/Wald Width K/Wald Med bias AR/Wald Width K/Wald

Sequential approach
1 0.1 I 0�048 0.950 ∞ 0.941 0�045 0.950 ∞ 0.941
1 0.1 II 0�054 0.953 ∞ 0.946 0�052 0.953 ∞ 0.946
1 0.1 III 0�051 0.950 ∞ 0.945 0�048 0.950 ∞ 0.945
1 0.5 I 0�245 0.949 ∞ 0.945 0�233 0.949 ∞ 0.945
1 0.5 II 0�241 0.952 ∞ 0.946 0�234 0.952 ∞ 0.946
1 0.5 III 0�245 0.949 ∞ 0.945 0�239 0.949 ∞ 0.945
1 0.9 I 0�436 0.949 ∞ 0.942 0�425 0.949 ∞ 0.942
1 0.9 II 0�435 0.952 ∞ 0.942 0�421 0.952 ∞ 0.942
1 0.9 III 0�435 0.949 ∞ 0.945 0�423 0.949 ∞ 0.945

10 0.1 I 0�007 0.950 0.742 0.949 0�008 0.951 0.742 0.949
10 0.1 II 0�009 0.955 0.744 0.949 0�008 0.955 0.744 0.949
10 0.1 III 0�009 0.950 0.744 0.946 0�007 0.950 0.744 0.946
10 0.5 I 0�041 0.952 0.748 0.947 0�037 0.952 0.748 0.947
10 0.5 II 0�042 0.951 0.747 0.945 0�036 0.951 0.747 0.946
10 0.5 III 0�041 0.949 0.746 0.949 0�037 0.951 0.746 0.950
10 0.9 I 0�074 0.944 0.769 0.945 0�065 0.948 0.769 0.947
10 0.9 II 0�074 0.946 0.762 0.945 0�066 0.950 0.762 0.949
10 0.9 III 0�073 0.949 0.767 0.946 0�064 0.953 0.767 0.948
25 0.1 I 0�000 0.948 0.277 0.949 0�002 0.949 0.439 0.947
25 0.1 II 0�008 0.956 0.357 0.955 0�005 0.949 0.438 0.946
25 0.1 III 0�002 0.950 0.296 0.948 0�003 0.949 0.441 0.945
25 0.5 I 0�004 0.946 0.277 0.942 0�013 0.948 0.446 0.941
25 0.5 II 0�032 0.930 0.352 0.926 0�017 0.944 0.444 0.941
25 0.5 III 0�010 0.941 0.295 0.937 0�013 0.943 0.445 0.939
25 0.9 I 0�006 0.950 0.275 0.941 0�024 0.947 0.452 0.943
25 0.9 II 0�057 0.863 0.340 0.857 0�031 0.918 0.450 0.923
25 0.9 III 0�019 0.931 0.291 0.923 0�026 0.940 0.452 0.938
50 0.1 I −0�000 0.946 0.195 0.946 −0�000 0.947 0.195 0.946
50 0.1 II 0�003 0.956 0.256 0.956 0�004 0.955 0.256 0.954
50 0.1 III 0�001 0.949 0.208 0.949 0�000 0.949 0.208 0.949
50 0.5 I −0�001 0.946 0.195 0.946 −0�001 0.947 0.195 0.945
50 0.5 II 0�021 0.940 0.254 0.940 0�020 0.940 0.254 0.938
50 0.5 III 0�006 0.942 0.209 0.942 0�005 0.943 0.209 0.942
50 0.9 I 0�000 0.941 0.195 0.941 −0�001 0.942 0.195 0.940
50 0.9 II 0�037 0.898 0.247 0.898 0�035 0.897 0.247 0.895
50 0.9 III 0�009 0.937 0.208 0.937 0�007 0.937 0.208 0.934

aSee Tables 1 and 5 for definitions.

In terms of power, consider first the cases of models ID� = I and ID� =
III for which the coverage probabilities are approximately accurate for
these strategies. In these models, K /Wald strategy (strategy 14) appears
the best. A comparison with Tables 2, 4, and 6 indicates that this strategy
dominates those that use either the Wald or K tests all the time no matter
whether all instruments are used or the instruments are selected via RMSC .
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TABLE 8 Statistics are selected by pre-tests and instruments are selected by RMSC only when a
pretest rejects the null of weak instruments (Strategies 11–14) – power

Pretest based on 2SLS bias (b = 0�05) Pretest based on 2SLS size (r = 0�10)

AR/Wald K/Wald AR/Wald K/Wald


′

q �ue IDa

� 0.05 0.1 0.5 0.05 0.1 0.5 0.05 0.1 0.5 0.05 0.1 0.5

Sequential approach

1 0.1 I 0.05 0.05 0.10 0.06 0.06 0.15 0.05 0.05 0.10 0.06 0.06 0.15
1 0.1 II 0.05 0.05 0.10 0.06 0.06 0.14 0.05 0.05 0.10 0.06 0.06 0.14
1 0.1 III 0.05 0.05 0.10 0.05 0.06 0.15 0.05 0.05 0.10 0.05 0.06 0.15
1 0.5 I 0.05 0.05 0.09 0.06 0.06 0.14 0.05 0.05 0.09 0.06 0.06 0.14
1 0.5 II 0.05 0.05 0.09 0.05 0.06 0.14 0.05 0.05 0.09 0.05 0.06 0.14
1 0.5 III 0.05 0.05 0.09 0.06 0.06 0.13 0.05 0.05 0.09 0.06 0.06 0.13
1 0.9 I 0.05 0.05 0.08 0.06 0.06 0.15 0.05 0.05 0.08 0.06 0.06 0.15
1 0.9 II 0.05 0.05 0.09 0.06 0.06 0.16 0.05 0.05 0.09 0.06 0.06 0.16
1 0.9 III 0.05 0.05 0.08 0.06 0.06 0.15 0.05 0.05 0.08 0.06 0.06 0.15

10 0.1 I 0.06 0.08 0.74 0.07 0.14 0.95 0.06 0.08 0.74 0.07 0.14 0.95
10 0.1 II 0.05 0.08 0.75 0.08 0.14 0.95 0.05 0.08 0.75 0.08 0.14 0.95
10 0.1 III 0.06 0.08 0.75 0.07 0.14 0.94 0.06 0.08 0.75 0.07 0.14 0.94
10 0.5 I 0.05 0.07 0.61 0.08 0.13 0.89 0.05 0.07 0.61 0.07 0.13 0.89
10 0.5 II 0.06 0.08 0.61 0.07 0.13 0.89 0.05 0.07 0.61 0.07 0.13 0.89
10 0.5 III 0.06 0.08 0.61 0.07 0.13 0.89 0.05 0.07 0.61 0.07 0.13 0.89
10 0.9 I 0.06 0.08 0.51 0.08 0.14 0.84 0.06 0.07 0.51 0.08 0.14 0.84
10 0.9 II 0.06 0.07 0.51 0.07 0.13 0.85 0.05 0.07 0.51 0.07 0.13 0.85
10 0.9 III 0.06 0.07 0.50 0.07 0.13 0.85 0.05 0.07 0.50 0.07 0.13 0.85
25 0.1 I 0.11 0.28 0.99 0.11 0.30 1.00 0.08 0.15 0.99 0.11 0.28 1.00
25 0.1 II 0.09 0.21 0.99 0.09 0.22 1.00 0.07 0.14 0.99 0.11 0.27 1.00
25 0.1 III 0.11 0.27 1.00 0.11 0.28 1.00 0.07 0.15 0.99 0.11 0.28 1.00
25 0.5 I 0.13 0.30 0.98 0.13 0.31 1.00 0.09 0.16 0.97 0.11 0.27 1.00
25 0.5 II 0.16 0.33 0.98 0.16 0.33 1.00 0.09 0.15 0.97 0.11 0.27 1.00
25 0.5 III 0.14 0.31 0.97 0.14 0.32 1.00 0.08 0.15 0.97 0.11 0.27 1.00
25 0.9 I 0.14 0.33 0.94 0.15 0.33 1.00 0.09 0.16 0.93 0.11 0.26 1.00
25 0.9 II 0.28 0.46 0.94 0.28 0.46 1.00 0.12 0.17 0.93 0.13 0.27 1.00
25 0.9 III 0.18 0.37 0.94 0.18 0.37 1.00 0.10 0.16 0.93 0.12 0.27 1.00
50 0.1 I 0.18 0.52 1.00 0.18 0.52 1.00 0.18 0.51 1.00 0.18 0.51 1.00
50 0.1 II 0.13 0.36 1.00 0.13 0.36 1.00 0.13 0.36 1.00 0.13 0.36 1.00
50 0.1 III 0.16 0.48 1.00 0.16 0.48 1.00 0.16 0.47 1.00 0.16 0.48 1.00
50 0.5 I 0.19 0.51 1.00 0.19 0.51 1.00 0.19 0.50 1.00 0.19 0.51 1.00
50 0.5 II 0.20 0.47 1.00 0.20 0.47 1.00 0.20 0.46 1.00 0.20 0.46 1.00
50 0.5 III 0.20 0.51 1.00 0.20 0.51 1.00 0.20 0.51 1.00 0.20 0.51 1.00
50 0.9 I 0.21 0.52 1.00 0.21 0.52 1.00 0.21 0.51 1.00 0.21 0.52 1.00
50 0.9 II 0.30 0.57 1.00 0.30 0.57 1.00 0.30 0.57 1.00 0.30 0.57 1.00
50 0.9 III 0.23 0.53 1.00 0.23 0.53 1.00 0.23 0.53 1.00 0.23 0.53 1.00

aSee Tables 1, 2, and 5 for definitions.

Now consider model ID� = II. In this case, as noted above, none of this
group of strategies yields accurate coverage probabilities and so power
comparisons are of little interest.

As a final comment, we note that there is a way in which the use of
the Stock–Yogo test undermines some of the gains from RMSC that are
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noted in (b) above. Recall that for models ID� = I and ID� = III with
the concentration parameter equal to 10 or 25, the use of RMSC yielded
considerable improvement in the coverage probabilities of the Wald based
inferences relative to the case in which all instruments are used. However,
due to the conservative nature of the Stock–Yogo test, these settings are
diagnosed (misdiagnosed?) as weak identification and so RMSC is not used
in those models when inference is based on strategies 11–14.

Collective Evaluation of the Strategies in (a)–(d)

Pulling all these results together, it would appear that strategy 14
dominates for models ID� = I and ID� = III. Therefore, in these models,
it is beneficial to proceed as follows: use the Stock–Yogo test based on
the size of t -statistic to determine the quality of the identification; if
weak identification is not rejected inference is based on the K statistic
using all the instruments; if weak identification is rejected then inference
is based on the Wald statistic using the instruments selected via RMSC .
However, while this strategy yields accurate coverage probabilities in these
two models, it does not do so in model ID� = II. In the latter case, the
dominant strategy is to base inference on the K statistic calculated using all
the instruments (strategy 3) irrespective of the quality of the identification.

6. CONCLUDING REMARKS

Hall et al. (2007) propose a method for moment selection based on
an information criterion that is a function of the entropy of the limiting
distribution of the GMM estimator. They establish the consistency of the
method subject to certain conditions that include the identification of
the parameter vector by at least one of the moment conditions being
considered. In this article, we examine the limiting behavior of this
moment selection method when the parameter vector is weakly identified
by all the moment conditions being considered. It is shown that the
selected moment condition is random and hence not consistent in any
meaningful sense. As a result, we propose a two-step procedure for
moment selection in which identification is first tested using a statistic
proposed by Stock and Yogo (2003) and then only if this statistic indicates
identification does the researcher proceed to the second step in which
the aforementioned information criterion is used to select moments. The
properties of this two-step procedure are contrasted with those of strategies
based on either using all available moments or using the information
criterion without the identification pre-test. The inference methods
considered are based on the Wald statistic, Anderson and Rubin’s (1949)
statistic, Kleibergen’s (2002) K statistic, and combinations thereof in which
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the choice is based on the outcome of the test for weak identification. Our
simulation results reveal some interesting findings. First and foremost, the
performance of the various inference strategies depends on not only the
collective explanatory power of the instruments but also on the pattern of
coefficients in the first-step regression. Of the three models considered,
two involve patterns in which the first-step regression coefficients decline
and hence the instruments are of differing degrees of importance in the
explanation of the endogenous regressor. In these cases, there appears an
advantage to the use of the pre-test for weak identification and to the use
of RMSC to select instruments if weak identification is rejected. However,
in the other model, the first-step regression coefficients are all equal, and
in this case the dominant strategy involves using the K statistic calculated
with all the instruments irrespective of the quality of the identification.
Therefore, on the basis of this evidence, it appears that if a single strategy
is to be selected then it should be to base inference on the K statistic
calculated using all instruments.

Our findings also raise some interesting questions: Is the use of K
statistic with all instruments the dominant strategy in other simulation
designs? Is there a way to diagnose the dominant inference strategy for
the data/model in hand? These questions are beyond the scope of this
article and so are left to future research.
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