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Kleibergen and Mavroeidis make the inferences robust to
weak instruments by suggesting a procedure that is point-wise
asymptotically correct and in which asymptotics is uniform
along this one specific direction, closeness to a nonidentifica-
tion point. The authors do not attempt to make inferences uni-
formly asymptotically correct over the whole space of possible
values of §§. The main reason is that asymptotic uniformity of-
ten bears some costs in terms of power.

The main assumption (Assumption 1) states that the nuisance
parameter is such that the convergence below holds:

Z (fz(Q)) (Wf(9)>

9,(0) Vo))
It differs from the standard GMM assumptions by substituting
an identification assumption with an assumption that the sum of
the derivative g; is an asymptotically Gaussian process. The au-
thors claim that Assumption 1 is very general. Assumption 1 is
a point-wise asymptotic assumption, while the inferences about
0 using a realization of (Yr(0), ¥ (0)) are done uniformly with
respect to the rank of the covariance matrix.

Whenever we want to apply the suggested procedures we
have to ask ourselves whether Assumption 1 seems reasonable
in the setting discussed. In the Phillips curve application I can
see at least two complications: the persistence of variables and
the many instruments problem.

Assumption 1 suggests that the sums of moment condi-
tions and their first derivatives should be approximately nor-
mal. The inflation 7; (lags of which are used as instruments)
is a highly persistent time series; the unit root hypothesis for it
usually cannot be rejected. One can observe the normalized sum

ﬁ ST Fi60) = ﬁ ST Ze has ﬁ ST mi_1e; as one of
the components. The normality of this sum for a highly persis-

tent series could be problematic. For example, consider a case
when A =0, y, + ¥ = 1, then 7; is a unit root process and

vr(0) =

% Zszl T_1er =4 a)fol w(t) dw(t). Notice two things: a non-
standard normalization should be used to get a limiting distribu-
tion, and the limit is not normal. A similar problem arises when
the process does not have a unit root but is modeled as local to
unit root (see, e.g., Bobkovski 1983 and Phillips 1987). We can
also argue that the partial sums of g, may also be nonnormal
for nonstationary components. In general, a use of persistent
instruments may lead to Assumption 1’s failure to hold.
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One of the solutions suggested in the article is to use only sta-
tionary series as instruments; for example, lags of differenced
inflation Asm rather than lags of inflation itself. This is, how-
ever, only a partial solution. If all instruments are stationary,
then it seems plausible that the sum ﬁ Zthl f:(6o) is approxi-

mately normally distributed. This suggests that an S-statistic for
the whole parameter vector 6 will be approximately x-square
distributed and can produce a test with a good size property.
However, since y, and yy are coefficients on inflation, the first
derivative of the moment condition, g;, involves persistent sum-
mands such as a lag of inflation. We have returned to the prob-
lem discussed in the previous paragraph; namely, that the valid-
ity of Assumption 1 can be questioned. This makes the critical
value correction suggested by Kleibergen and Mavroeidis unap-
plicable to the Phillips curve. While Kleibergen and Mavroei-

dis’s procedure is robust to weak identification, the assumption
it is based on is nonuniform to the persistence of regressors and

instruments. This may lead to unreliable inferences.

The second concern I have is that requiring normality of sums
of g, in addition to the sums of f, increases the dimensionality
of the applied central limit theorem and makes the many instru-
ment problem more severe. In the Phillips curve case the au-
thors consider 6 instruments, which is a moderate number for a
sample size of slightly fewer than 200. While the dimensional-
ity offt is 6, the dimensionality of g, is 18, which makes the to-
tal dimensionality of Assumption 1 equal to 24. It is very hard to
believe that a 24-dimensional central limit theorem would pro-
vide a good approximation when one has only 200 time periods,
even though in a case of stationarity one can easily believe in
the 6-dimensional Central Limit Theorem for £, only.

To summarize, Assumption 1 may be somewhat restrictive
and questionable in the Phillips curve application. It is par-
tially due to the time series nature of the problem and small
sample sizes. An asymptotic efficiency-oriented Kleibergen and
Mavroeidis procedure seems to be more applicable to large
cross-section datasets.
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Forward-looking macroeconomic models, such as the new
Keynesian Phillips curve (NKPC) or forecast-based Taylor
rules, are routinely estimated by replacing expectations with
future realized values and then estimating by instrumental vari-
ables. Under rational expectations, any variable in the informa-
tion set at the time that the expectation is being formed must be
a valid instrument in the sense of being orthogonal to the error

term. But these instruments may still be weak, and this moti-
vates approaches to inference that are robust in the sense that
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tests will continue to be correctly sized even if the instruments
are weak. Most of the literature on the NKPC has ignored issues
of weak instruments. The few papers that have used identifica-
tion robust methods tend to find very wide confidence sets.

Perhaps this is a correct statement of our lack of ability to
identify the structural parameters of a NKPC, but a great deal
of progress has been made in the last decade in making identifi-
cation robust methods more efficient. The earliest identification
robust approach to inference, proposed by Anderson and Rubin
(1949), tests any hypothesized parameter value by computing
the implied structural errors and projecting these onto the space
of instruments. The more recent identification robust tests have
instead projected the putative structural errors onto a subspace
of dimension equal to the number of parameters. That is likely
to be more efficient if there are surplus instruments.

In this article, alternative identification robust approaches to
inference are compared and the MQLR method is found to be
best in the sense of controlling coverage while minimizing the
size of the confidence sets. That is a very useful result, but
the identification of the NKPC is still weak and this motivates
the quest for more identifying information. The article uses a
few lags of inflation and marginal cost as instruments. As the
authors observe, simply bringing in a much larger number of
instruments is unlikely to help. But, in a time series context, an
instrument is a forecast. The choice of instruments is a choice
about how we want to make forecasts. Fortunately, we know
quite a bit about forecasting inflation and measures of economic
slack.

First, we know from authors like Croushore (2006) that data
vintage can matter. Second, we know that pooling the informa-
tion in large datasets helps with forecasting inflation, whether
using factor methods, model averaging, or other techniques
suitable in a data-rich environment (see, for example, Stock
and Watson 1999). Third, judgmental forecasts such as the Sur-
vey of Professional Forecasters (SPF) or the Federal Reserve’s
Greenbook provide excellent forecasts of inflation that seem to
beat all time series methods (Ang, Bekaert, and Wei 2007 and
Faust and Wright 2009), perhaps because there is something
about the low frequency behavior of inflation that judgment
captures much better than time series models. Finally, for fore-
casting economic growth, the very simplest autoregressive time
series forecasts are hard to beat (Faust and Wright 2009).

To illustrate how these principles of forecasting might help
with the problem of the NKPC, I considered inference in the
NKPC imposing that the coefficients yr and y;, sum to one; that
is, using the moment condition

E[Zt(ﬂt — Axp — Y (1 — Nt—l))] =0

in the notation of the article. The authors kindly provided me
with their data and I compared the Anderson—-Rubin, or S-set,
for A and yr in this model, computing in three ways:

(1) Using the sample period 1969Q1-2007Q4 with two lags
of inflation changes and three lags of marginal cost as
instruments, as in the article.

(i) Repeating exactly the same data, but with real-time in-
flation data (defining inflation as the series observed
in the middle of the quarter after the quarter to which
they refer, obtained from the Philadelphia Fed real-time
dataset).
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(ii1) Using real-time inflation data and an alternative set of
instruments: one lag of the inflation change, the Green-
book forecast of the change in inflation (and the SPF
within the last five years), and one lag of marginal cost.

The three alternative confidence sets are shown in Figure 1.
Comparing (i) and (ii), it seems that using real-time inflation
data makes a difference, but they both give confidence sets of
about the same size. However, using the alternative instruments
in (iii) gives a dramatic reduction in the size of the confidence
set. The instruments in (iii) seem closer to what we would want
to use if our goal is to forecast inflation and marginal cost. This
exercise is simply intended as an illustration of the gains that
may be available from using a choice of instruments that is mo-
tivated by thinking of it as a forecasting problem. The idea of
using judgmental forecasts to provide instruments for future in-
flation is close to—but not exactly the same as—a method of
inference for the NKPC considered by several papers including
Roberts (1995), Dufour, Khalaf, and Kichian (2006), Nason and
Smith (2008), and Smith (2009), which is to measure expected
future inflation by these judgmental forecasts. I am, however,
not aware of existing papers that put realized future inflation
on the right-hand side of the NKPC and then use judgmental
forecasts as instrumental variables.

If the researcher prefers not to rely on judgmental forecasts,
then another option is to predict inflation using methods ap-
propriate to a large dataset (factor methods, model averaging,
etc.) and to use the resulting forecasts as instruments for future
inflation in the NKPC. In either case, the idea is to use some
preliminary dimensionality reduction step—which is implicit
in judgmental forecasts and explicit in factor methods or model
averaging—to expand the information set without running into
the “many instruments” problem.

On a different topic, several authors have found considerable
empirical support for a model in which inflation has trend and
transitory components, including Kozicki and Tinsley (2001),
Giirkaynak, Sack, and Swanson (2005), Cogley, Primiceri, and
Sargent (2007), and Stock and Watson (2007). Intuitively, per-
manent and transitory shocks to inflation expectations should
have very different effects on the behavior of households and
firms. A firm may be willing to absorb a temporary increase in
expected inflation in reduced profit margins, but cannot absorb
a permanent increase in inflation expectations. Accordingly, the
relevant forward-looking inflation measure is not just next pe-
riod’s inflation.

Indeed, the microfoundations of the NKPC considered in this
article are based on an approximation around a steady state
with constant inflation (actually zero inflation). But Cogley and
Sbordone (2008) derive an NKPC with drifting trend inflation.
As one might expect, it is not just next period’s inflation that
appears on the right-hand side—longer-term inflation expec-
tations matter, too. In future work, it would be interesting to
apply weak identification methods to Cogley and Sbordone’s
forward-looking Phillips curve. It may be hard because it has
far more parameters than the standard NKPC. Identification ro-
bust methods are all based on inverting the acceptance regions
of suitable test statistics and, as such confidence sets, are hard
to represent in a high-dimensional parameter space. Moreover,
as Kleibergen and Mavroeidis explain clearly, while there are
methods for doing identification robust inference on subsets of
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Figure 1. Three alternative confidence sets for the parameters of the
NKPC model: Case (i): Kleibergen—Mavroeidis instruments; revised
data. Case (ii): Kleibergen—Mavroeidis instruments; real-time inflation
data. Case (iii): alternative instruments; real-time inflation data. Notes:
Cases (i) and (ii) use two lags of inflation changes and three lags of
marginal cost as instruments. In Case (ii), the inflation data are as ob-
served in the first quarter after the quarter to which the data refer from
the real-time dataset of the Philadelphia Fed. In Case (iii), the instru-
ments are instead one lag of inflation changes, one lag of marginal
cost, and the Greenbook forecast of the change of inflation (SPF used
for the last five years).
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parameters, these procedures are all asymptotically conserva-
tive. A cheap and cheerful alternative would be to fit the usual
NKPC but replace inflation everywhere by the gap between in-
flation and trend inflation that might, for example, be proxied
by the long-term SPF inflation forecast.

The possibility of a nonstationary component in inflation
has a more technical—but nonetheless potentially important—
econometric implication. In Assumption 1, the authors as-
sume that the sample moment conditions evaluated at the true
parameter value are asymptotically normal. That is a cen-
tral assumption to all the work on weak identification in the
generalized method of moments (GMM). But, if inflation is
nonstationary—and is used in levels—then Assumption 1 can-
not hold. Instead some sample moment conditions will con-
verge to a functional of a Brownian motion.

One final comment is that the approach to inference used in
this article is to abandon conventional inference and go straight
to methods that are robust to weak identification without first
checking that there is a failure of identification in the first place.
Indeed, the estimation of the NKPC shows all the symptoms of
weak identification and I am convinced that identification ro-
bust methods are the only ones that are appropriate in this con-
text. There is a logic to using only identification robust methods.
But there are costs to using methods that are identification ro-
bust. First, inference on a subset of parameters can only be done
by asymptotically conservative methods. Second, identification
robust confidence sets are hard to represent, especially when
the dimension of the parameter space is big. Third, the robust
approach to inference gives up on point estimation in the stan-
dard sense of the term (although Hodges—Lehman estimators—
which are not consistent under weak identification—are still
available). As a result, I believe that it is helpful to also re-
port tests for whether there is a weak identification problem,
along the lines of the test proposed by Stock and Yogo (2005).
In the (perhaps rare) cases where these tests indicate that para-
meters are well identified, researchers can report conventional
point estimates and standard errors.

But in the case at hand, the enormous difference between
confidence sets using Wald and identification robust methods
and the sensitivity of the conventional NKPC parameter esti-
mates to normalization proves the case for weak identification
beyond reasonable doubt. Methods that are robust to weak iden-
tification, yet are as efficient as possible, as proposed by the
authors, should become the standard approach to inference on
the NKPC and in estimation of other related forward-looking
macroeconomic models.
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1. PROBLEM OF WEAK IDENTIFICATION

Under the restriction that the time discount factor is one, the
new Keynesian Phillips curve is given by

7T = Asy + YeEd e 1+ (1 — vy, 1

where 7, is inflation and s, is the output gap at time 7. The un-
derlying structural parameters are 6 € [0, 1], the frequency of
price adjustment, and w € [0, 1], the fraction of backward-
looking price setters. They are related to the parameters in the
Phillips curve through

s (1—w)(1—6)*
0+ w ’
0
yf:@—l——a)

Gali and Gertler (1999, p. 212) recognized a “small sam-
ple normalization problem in GMM.” Because of this problem,
they estimate the Phillips curve based on two alternative mo-
ment restrictions,

Et[(9 + @) (7w — Ase — Yy — (1 — Vf’)”t—l)zt] =0, @

E[(mi — Asi — ypmipr — (L — ypm—D)z ]| = 3)

Table 1 reports their estimates.

Based on moment restriction (2), the 95% asymptotic confi-
dence intervals are A € [0.02, 0.04] and yr € [0.74, 0.80]. Based
on moment restriction (3), the 95% asymptotic confidence in-
tervals are A € [0.00,0.01] and y¢ € [0.58,0.65]. Quite dis-
turbingly, the confidence intervals produced by the two alter-
native normalizations are disjoint.

The fact that the asymptotic confidence interval can be dis-
joint, depending on the normalization of the moment restric-
tion, has been emphasized by Hahn and Hausman (2002) and
Hamilton, Waggoner, and Zha (2007). Another economic ap-
plication for which this same problem arises is the estima-
tion of the elasticity of intertemporal substitution (Neely, Roy,
and Whiteman 2001). In that application, however, precise es-
timates can be obtained using methods that are robust to weak
identification (Stock and Wright 2000; Yogo 2004).

2. ESTIMATES ROBUST TO WEAK IDENTIFICATION

Kleibergen and Mavroeidis (2009) estimate the Phillips
curve using the methodology developed by Kleibergen (2005),
which leads to valid confidence sets even in the presence of
weak identification. Table 2 reports their estimates.

The 95% confidence intervals are A € [0.00,0.17] and yf €
[0.56, 1.00]. These confidence intervals are much wider than
those reported by Gali and Gertler (1999), which indicates
that weak identification is a serious issue in estimation of the
Phillips curve. To get a sense of the imprecision of these esti-
mates, the implied 95% confidence intervals for the underlying
structural parameters are w € [0.00, 0.80] and 6 < [0.50, 1.00].
The confidence interval for the frequency of price adjustment
implies that the duration is between six months and forever!
Because of weak identification, structural parameters cannot be
identified based on macrodata alone.

3. COMPARISON TO MICROESTIMATES

In order to understand the Phillips curve, it is important to
examine its microfoundations through firms’ pricing behavior.
In a recent study, Nakamura and Steinsson (2008) estimate the
frequency of price adjustment for various goods and services
using microdata from the Bureau of Labor Statistics. Table 3
reports some relevant numbers from their study.

The median duration between price adjustment is 11 months
for all sectors, which is remarkably close to the point estimate
of 13 months obtained by Kleibergen and Mavroeidis (2009)
for the 1960-2007 sample. There is substantial cross-sectional
variation in the duration between price adjustment across sec-
tors, ranging from 0.5 months for vehicle fuel to 27.3 months
for apparel.
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