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A B S T R A C T

We evaluate Angrist and Krueger (1991) and Bound, Jaeger, and Baker
(1995) by constructing reliable confidence regions around the 2SLS and
LIML estimators for returns-to-schooling regardless of the quality of the
instruments. The results indicate that the returns-to-schooling were between
8 and 25 percent in 1970 and between 4 and 14 percent in 1980. Although
the estimates are less accurate than previously thought, most specifications
by Angrist and Krueger (1991) are informative for returns-to-schooling. In
particular, concern about the reliability of the model with 178 instruments is
unfounded despite the low first-stage F-statistic. Finally, we briefly discuss
bias-adjustment of estimators and pretesting procedures as solutions to the
weak-instrument problem.

I. Introduction

Applied researchers are often interested in making inferences about
the coefficients of endogenous variables in a linear structural equation. They can iden-
tify these coefficients by assuming the existence of instrumental variables uncorre-
lated with the structural error but correlated with the endogenous regressors. As long
as the instruments are strongly correlated with the explanatory variable, standard
asymptotic theory can be employed to develop reliable inference methods. However,
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these econometric methods may fail in practice since researchers often encounter
instruments that are weakly correlated with the endogenous variables.

One important example of the use of instrumental variable methods to make a
causal inference is the paper by Angrist and Krueger (1991), which uses quarters-
of-birth to estimate returns-to-schooling. Bound, Jaeger, and Baker (1995), however,
point out that Angrist and Krueger’s results may be unsatisfactory because the instru-
ments are weakly correlated with education in some specifications. Unfortunately,
only a few econometric methods robust to the weak-instrument case were available at
that time, and the question of whether Angrist and Krueger’s results are valid remains
unsolved.

In this paper, we briefly discuss bias-adjustment and pretesting as possible solu-
tions to the weak-instrument problem, and we apply the conditional method of
Moreira (2003) to construct valid confidence regions for returns-to-schooling; see
also Anderson and Rubin (1949), Kleibergen (2002), and Moreira (2001). We show
that for some specifications of Angrist and Krueger (1991), the confidence regions are
not informative, which confirms the criticism by Bound et al. However, we also show
that for the specification that includes almost 200 instruments, the confidence regions
are only about twice as large as the ones reported by Angrist and Krueger (1991).
Specifically, the returns-to-schooling are between 8 percent and 25 percent in 1970
and between 4 percent and 14 percent in 1980. This result is quite surprising given the
belief that the inclusion of so many instruments results in poor identification. Instead,
we find that this specification not only provides enough information for returns-
to-schooling, but it is also arguably the one in which the instruments are convincingly
exogenous (due to the inclusion of age and age-squared as covariates).

The paper is organized as follows: Section II briefly explains the reasoning of
Angrist and Krueger (1991) in using quarters-of-birth to estimate returns-to-school-
ing; Sections III and IV present setbacks and solutions for making inferences when
instruments are weak; Section V applies the conditional method to reevaluate the cur-
rent results on returns-to-schooling; Section VI presents the final remarks.

II. Inference on Returns-to-Schooling

One would expect two people with similar natural abilities but differ-
ent levels of education to be treated differently in the job market. Because education
provides many skills valued by employers, a more educated person is likely to earn a
higher wage. To estimate returns-to-schooling, economists sometimes postulate a lin-
ear stochastic equation relating log weekly earnings to years of education, with addi-
tional covariates controlling for other features that make one person different from
another. The error term represents the effects of person-to-person variation that have
not been controlled for. Specifically, they consider the equation

( ) y y X u1 1 2= + +b c

where y1 and y2 are n × 1 vectors of observations of log earnings and education, X is
the n × l matrix of covariates, and u is the unknown disturbance. Here, the parameter
β is the return-to-schooling to be estimated and γ is the unknown coefficient of the
covariates.
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Of course, data do not result from a controlled experiment with education randomly
assigned to people. Years of schooling are, to a large extent, the result of individual
choice; therefore, education must be treated as an endogenous variable. If some of
the factors that influence educational choice are also factors that constitute the error term,
education will be correlated with the disturbance, and a least squares regression of log
earnings on years of education will not yield an estimate of the true returns-to-schooling.
In practice, the explanatory variables included in the model do not capture much of the
variation of earnings. Thus, there is the potential for considerable “simultaneous equa-
tions” bias. However, if we have data on variables that explain the variation in years of
schooling but do not directly affect earnings potential, then these variables can be used
as instruments to estimate the returns to education. The “underlying” equation that relates
the endogenous explanatory variables to the instruments is typically given by

( ) ,y Z X v2 2 2= + +r du

where Zu is the n × k matrix of instruments and v2 indicates the n × 1 vector of distur-
bances. We also assume that the n rows of (u, v2) are i.i.d. with mean zero and finite vari-
ance. The parameters π and δ are the unknown coefficients of the instruments and
covariates.

Following this model, Angrist and Krueger (1991) propose to estimate the effect of
education on earnings by using as instruments dummy variables that indicate in which
quarter the individual was born. They argue that quarters-of-birth are exogenous
sources of variation in educational attainment due to existing compulsory schooling
laws. Two findings support this association between quarter-of-birth and both age at
school entry and educational attainment. First, the effect of birth on school attainment
varies across states, depending on the legal drop-out age. The drop-out rate is consid-
erably higher in states with an age-16 requirement compared with states with a longer
requirement. Second, the relationship is weaker for more recent cohorts. Since the
average level of education has increased over time, the laws are less likely to influ-
ence more recent cohorts.

To estimate returns-to-schooling using quarters-of-birth as instruments, Angrist
and Krueger (1991) mainly use the 1970 and 1980 U.S. Census data. Their sample
consists of men born in the United States who reported age, sex, race, quarter-of-birth,
weeks worked, years of schooling, and salary. They estimate wage equations consid-
ering specifications that combine different sets of instruments (quarters-of-birth pos-
sibly interacting with years-of-birth and regions-of-birth) and different sets of
covariates (race, metropolitan area, marital status, age, and age squared). Their esti-
mates for returns-to-schooling are sensitive to the different specifications but with
remarkably small standard errors. For example, using the 1980 U.S. Census, the two-
stage least squares (2SLS) estimates ranges from 6.0 percent to 9.9 percent for the
1930–39 cohort and from −7.3 percent to 7.8 percent for the 1940–49 cohort with
standard errors around 2 percent.

III. Weak Instruments

Bound, Jaeger, and Baker (1995) replicate Angrist and Krueger’s
results for the 1930–39 cohort and question the reliability of quarters-of-birth as
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instruments for educational attainment. Their criticism is twofold. First, quarter-
of-birth can be correlated with unobserved characteristics of the individual.
Therefore, these instruments are not truly exogenous, being correlated with earn-
ings after controlling for education. This question about the exogeneity of the
instruments will not be considered here. The second (and for our purposes more rel-
evant) criticism is that quarter-of-birth is only weakly correlated to educational
attainment in some specifications (mostly those that include age and age squared as
covariates) and, therefore, that the methods based on standard asymptotics may fail.
In particular, the usual estimators have a large finite sample bias, and the usual
confidence intervals have coverage probability much smaller than the commonly
reported 95 percent nominal level. The next sections evaluate these two issues in
more detail.

A. Estimators and Finite-Sample Bias

In a seminal paper, Nagar (1959) expands k-class estimators1 into a series of decreas-
ing powers of the sample size and then computes the moments of the truncated series.
Based on these expansions, Nagar (1959) and Buse (1992) compute the bias of the
2SLS estimator to the n−1 order. To compute this approximated bias, they expand the
formula of the 2SLS estimator into a power series, 

( ) ( ),b X
n

P
n

Q
O n3 /

SLS n
n n

p2
3 2= + + + -

where Xn, Pn, and Qn are sequences of random variables with limiting distributions as
n tends to infinity.

To simplify exposition, consider the simultaneous equations model given by
Equations 1 and 2 with no covariates. In this case, we can arrange the expression for
the 2SLS estimator in the following way:
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size, we can do a power series expansion in the denominator to get Equation 3. Taking
expectations based on the terms up to the order n−1 we get
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where σu,2 is the covariance between the disturbances u and v2. It is tempting to con-
jecture that Equation 4 approximates the finite-sample bias when the instruments are
weak. However, Nagar’s expansion of the moments breaks down when the instru-
ments are uncorrelated with the endogenous variable (π = 0), and it may be unreliable
when the instruments are weak. Under the weak-instrument asymptotics developed by
Staiger and Stock (1997) in which the coefficients on the instruments converge to zero

The Journal of Human Resources396

1. The approach is not valid for the LIML estimator because he assumes that k is nonrandom.



as the sample grows, the three terms in the denominator are “equally large,” and the
power series expansion breaks down; see Hahn and Hausmann (2001) for a discus-
sion on this matter. Thus, the second-order bias of the 2SLS estimator proposed
by Nagar (1959) and popularized by Bound, Jaeger, and Baker (1995) may not be as
relevant as previously thought.

To assess whether the bias given by Equation 4 accurately approximates the true
bias of the 2SLS estimator in the weak-instrument case, we run an experiment for a
simple simultaneous equations model with one endogenous explanatory variable and
no covariates. The approximated bias of the 2SLS estimator is computed using
Equation 4 and the finite-sample bias is computed using 50,000 Monte Carlo simula-
tions. The true value of β is zero. The 1,000 observations of (u, v2) are i.i.d. normal
random vectors with unit variances and correlation ρ. The 1,000 observations of k
instruments are drawn as independent standard normal and then held fixed over the
replications. Three different values of the π vector are used so that the “population”
first-stage F-statistic λ′λ/k = π′Z Zlu uπ/(k) is equal to 0.1 (poor instruments), 1 (weak
instruments), and 10 (good instruments). Table 1 summarizes the results for different
degrees of endogeneity (ρ) and different number of instruments (k). Except for the
case of k = 2, the bias given by Equation 4 provides an accurate approximation when
the instruments are good. Even when the instruments are not good, the approximated
bias given by Equation 4 is often in the same direction as the actual bias. For exam-
ple, for k = 10 and ρ = 0.50, the actual bias is positive and about 0.24, while the
approximated bias is equal to 0.40 when instruments are weak. However, as the qual-
ity of the instruments decreases, the bias based on the Nagar expansion provides
a worse approximation for the actual bias of the 2SLS estimator. For k = 10 and 
ρ = 0.50 when the instruments are poor, the actual bias is about 0.45, while the
approximated bias is about 4.00. In short, the Nagar expansion of the moments could
lead to a bias improvement in some circumstances, but it can be misleading in others.

Besides improving inference based on the 2SLS estimator, a few authors have also
proposed different estimators that could conceivably have better properties when
instruments are weak; see Nagar (1959), Angrist and Krueger (1995), Angrist,
Imbens, and Krueger (1999), Donald and Newey (2001), and Chao and Swanson
(2002). However, the strategy of focusing on point estimation theory to find more
robust methods in the weak-instrument case has some important limitations. The
structural parameter is unidentified when the errors are normal and the instruments are
uncorrelated with the explanatory variable. Thus, any estimator is inconsistent and has
poor properties when identification is weak.

B. Inference in the Weak-Instrument case

Bound, Jaeger, and Baker (1995) also notice that although identification seems weak,
the reported standard errors on the estimates are surprisingly small. To illustrate that
these standard errors are unreliable indicators of the accuracy of the estimators, they
conduct a simulation experiment in which they estimate returns-to-schooling using
randomly generated instruments that have no correlation with education. The results
are striking since the standard errors are similar to those reported by Angrist
and Krueger (1991). Bound, Jaeger, and Baker conclude that the Angrist-Krueger
confidence intervals are unreliable since results similar to theirs are obtained in
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situations where the true confidence interval would have to be the entire real line.
They argue that standard asymptotic approximations can give very misleading infor-
mation when the correlation between the instrument and endogenous variable is weak,
even for the large sample sizes available in the U.S. Census. This result is supported
by Dufour (1997), who shows that the true levels of the usual Wald-type tests can
deviate arbitrarily from their nominal levels if the coefficients on the instruments can-
not be bounded away from the origin.

Because of these issues, Bound, Jaeger, and Baker (1995) and Staiger and Stock
(1997) advocate that applied researchers should report the values of the first-stage 
F-statistic. With a first-stage F-statistic larger than 10, we could rely on the usual pro-
cedures. However, this approach has a few limitations, two of them quite important.
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Table 1
Bias of the Two-Stage Least Squares (2SLS) estimator

Poor Instruments Weak Instruments Good Instruments

k ρ Bias Nagar Bias Nagar Bias Nagar

2 −0.50 −0.45 0.00 −0.18 0.00 0.00 0.00
2 0.20 0.17 0.00 0.07 0.00 0.00 0.00
2 0.50 0.45 0.00 0.18 0.00 0.00 0.00
2 0.80 0.72 0.00 0.29 0.00 0.00 0.00
2 0.99 0.89 0.00 0.37 0.00 0.00 0.00
5 −0.50 −0.45 −3.00 −0.22 −0.30 −0.03 −0.03
5 0.20 0.18 1.20 0.09 0.12 0.01 0.01
5 0.50 0.45 3.00 0.22 0.30 0.03 0.03
5 0.80 0.72 4.80 0.36 0.48 0.05 0.05
5 0.99 0.90 5.94 0.44 0.59 0.06 0.06
10 −0.50 −0.45 −4.00 −0.24 −0.40 −0.04 −0.04
10 0.20 0.18 1.60 0.10 0.16 0.02 0.02
10 0.50 0.45 4.00 0.24 0.40 0.04 0.04
10 0.80 0.73 6.40 0.38 0.64 0.06 0.06
10 0.99 0.90 7.92 0.47 0.79 0.07 0.08
25 −0.50 −0.46 −4.60 −0.24 −0.46 −0.04 −0.05
25 0.20 0.18 1.84 0.10 0.18 0.02 0.02
25 0.50 0.46 4.60 0.25 0.46 0.04 0.05
25 0.80 0.73 7.36 0.39 0.74 0.07 0.07
25 0.99 0.90 9.11 0.49 0.91 0.08 0.09
100 −0.50 −0.45 −4.90 −0.25 −0.49 −0.05 −0.05
100 0.20 0.18 1.96 0.10 0.20 0.02 0.02
100 0.50 0.46 4.90 0.25 0.49 0.04 0.05
100 0.80 0.73 7.84 0.40 0.78 0.07 0.08
100 0.99 0.90 9.70 0.49 0.97 0.09 0.10



First, the power and size properties of testing procedures are not only sensitive to the
explanatory power of instruments, but they are also sensitive to other parameters such
as the degree of endogeneity of the explanatory variable; see Hall, Rudebusch, and
Wilcox (1996). This can make pretesting based on the F-statistic quite misleading.
Indeed, we will see in the results by Angrist and Krueger (1991) that some designs
can be informative for returns-to-schooling whereas others are not, despite small dif-
ferences in the first-stage F-statistic. Second, this approach leaves unresolved the
question of what to do when the reported first-stage F-statistic has a small value.

An alternative approach to pretesting is to fix size distortions of the Wald test (also
known as the t-statistic). One possibility is to obtain improved critical values for the
Wald test based on second-order asymptotics. Rothenberg (1984) describes this gen-
eral method using Edgeworth expansions of the distribution function of test statistics.
However, these expansions break down when the instruments are uncorrelated with
the endogenous variable, and poor approximations using first-order asymptotics are
likely to carry over to higher-order asymptotics. The Dufour critique of the Wald
statistic remains valid if we use critical values based on higher-order expansions.

Inferences based on first-order and second-order asymptotics are misleading since
they treat the coefficients on the instruments in the first stage as nonzero and fixed, an
assumption which implies that the first stage F-statistic increases to infinity with the
sample size. Because applied researchers often report small values for the first-stage
F-statistic, there is a need to develop methods that are more reliable for the weak-
instrument case. Staiger and Stock (1997) fill this gap by proposing an alternative
asymptotic framework that assumes that the instruments’ coefficients are modeled
as being in the neighborhood of zero, such that the first-stage F-statistic has a non-
degenerate limiting distribution. Monte Carlo simulations show that these weak-
instrument asymptotics provide better approximations in finite samples than the
conventional asymptotics. In particular, under the weak-instrument asymptotics, the
structural parameter β is not consistently estimated, and the limiting distribution of
the Wald statistic is not nuisance-parameter-free. As a result of the latter problem, the
null rejection probability of the Wald test is quite sensitive to the quality of the instru-
ments. To fix this problem, it is natural to use tests with better size properties; see
Anderson and Rubin (1949), Kleibergen (2002) and Moreira (2001, 2003). Since
Moreira (2001) shows that, under some conditions, any test whose null rejection prob-
ability does not depend on the quality of the instruments must necessarily be a con-
ditional test, the next section discusses in detail the conditional approach used by
Moreira (2003) to fix size distortions of commonly used tests.

IV. Valid Inference in the Weak-Instrument Case

For testing the null hypothesis H0 : β = β0, one often uses tests based
on statistics ψ whose limiting distribution does not depend on unknown parameters
under the null hypothesis:

3
( > ) .lim cprob =} a

"
a

n

These tests may be satisfactory if the limiting argument holds even when the
coefficients on the instruments equal zero. However, many test statistics do not
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present this property, and consequently have poor size for the weak-instrument case.
For the case in which the parameter β is a scalar, Moreira (2003) shows that these size
distortions can be fixed by replacing the chi-square-one critical value with a critical
value function based on the conditional distribution of test statistics. The conditional
test then rejects the null hypothesis H0 : β = β0 when the test statistic ψ is larger than
its respective critical value function cψ.

The proposed conditional tests can be easily generalized to the multivariate case
when the whole vector β is being tested. Inference on the coefficient of only one
endogenous variable when the structural equation contains additional endogenous
explanatory variables is also allowed when there are additional restrictions in the model.

A. The Conditional Approach

To simplify exposition, suppose for now that, besides the assumption of normality, the
covariance matrix Ω of the reduced-form disturbances is known. If the error distribu-
tion is unknown, the conditional approach can be modified by replacing Ω by the con-
sistent Ordinary Least Squares (OLS) estimator. Weak-instrument asymptotics and
Monte Carlo evidence show that this modification does not significantly affect the
performance of the resulting test. The unknown parameters associated with the
covariates can be eliminated by orthogonal projections MX = I − X(X ′X)−1X′. In prac-
tice, this can be done by finding Z = MXZu , the residuals from OLS regressions of the
instruments Zu , on the covariates X. Following this argument, consider now the statis-
tics S = Z ′Yb and T = Z ′YΩ−1a, where Y = [y1, y2], b = (1,− β0)′ and a = (β0,1)′. By
construction, the pair of k × 1 random vectors S and T are independent, normally dis-
tributed vectors, with T having a null distribution depending on π, and S having a null
distribution not depending on π .

The goal here is to find a test based on the statistic ψ(S,T,Ω,β0) whose null rejec-
tion probability, α, remains the same for any value of the unknown parameter π.
Although the marginal distribution of ψ may depend on π, the conditional null distri-
bution of ψ given that T takes on the value t does not depend on π at all. As long as
the conditional distribution is continuous, its (1 − α)-quantile c(t,Ω,β0,α) can be com-
puted and used to construct the similar test that rejects H0 : β = β0 if

( , , , ) > ( , , , ).S T c T0 0} b b aX X}

To implement the conditional procedure based on a statistic ψ, we compute the con-
ditional quantile cψ(t,Ω,β0,α) using Monte Carlo simulations from the known null dis-
tribution of S:

( , ),S N Z Z0 0
2

$+ vl

where σ0
2 = b′Ωb. It is not necessary to derive the whole critical value function 

cψ (t,Ω,β0,α) but simply to perform a simulation for the actual value t observed in the
sample and for the particular β0 being tested. Furthermore, T = a′Ω−1a . Z′Zrt , where
rt is the maximum likelihood estimator of π when β is constrained to take the null
value β0 and Ω is known. Therefore, this method of finding tests with correct size α
can be interpreted as adjusting the critical value based on a preliminary estimate of π.
Note that this conditional approach differs from most pretesting procedures (for
instance, Hahn and Hausmann 2002; Stock and Yogo 2001), since it does not involve
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any hypothesis testing on the instruments’ coefficients. Although the conditional pro-
cedure can be applied to many test statistics, we work out here the details for four
tests: Anderson-Rubin, score, likelihood ratio, and Wald.

Example 1: The Anderson-Rubin statistic for known Ω is

( ) / .AR S Z Z S1
0
2= v-l l

The distribution of AR is chi-square-k under the null hypothesis and its critical value
function collapses to a constant

( , , , ) ( ),c t q kAR 0 =b aX a

where qα(df ) is the 1 – α quantile of a chi-square distribution with df degrees of 
freedom.

Example 2: A Lagrange Multiplier (or score) statistic used by Kleibergen (2002) and
Moreira (2001) is given by:

.LM
Z Z

S

0
2

2

=
v r r

r

l l

l

t t

t^ h

The null distribution of LM is chi-square-one and its critical value function collapses
to a constant

( , , , ) ( ).c t q 1LM 0 =b aX a

Example 3: The Wald statistic centered around the 2SLS estimator is given by

( )/N y b - b v2( )W b ySLS Z SLS2 0 2 2 0
2= - b l l t

where b2SLS = ( y2′NZy2)−1y2′NZ y1 and 2vt = [1 – b2SLS]Ω[1 − b2SLS]′. Here, the nonstan-
dard structural error variance estimate exploits the fact that Ω is known. The critical
value function for W can be written as

( , , , ) ( , , , )c T cW W0 0=b a x b aX Xr

where τ / t′(Z′Z)−1t/(a′Ω−1a).

Example 4: The likelihood ratio statistic is given by

.[ ] [ ( ) ]LR S S T T S S T T S S T T S T
2
1 42 2= - + + - -l l l l l lr r r r r r r r r r r r r r8 B

where Sr = (b′Ωb . Z′Z)−1/2 S and Tr = (a′Ω −1a . Z′Z)−1/2T. The critical value function
for the likelihood ratio test has the form

);a) ( ,c=a x,b( , ,c TLR LR0X r

that is, it does not depend directly on Ω and β0.

The Anderson-Rubin and score tests have valid asymptotic distribution even when
the instruments’ coefficients are zero; thus, the critical value function for both tests is
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just a constant. However, the Wald and likelihood ratio tests do present size distor-
tions, and in general, the critical value functions are curves. Furthermore, these curves
are close to the chi-square-one critical value when the instruments are strongly corre-
lated with the endogenous explanatory variable (in our case, education). Hence, the
curvature of these critical value functions also can be used to assess the quality of the
instruments.

Unlike Wald-type confidence intervals, the confidence regions based on the condi-
tional tests have correct coverage probability even when the instruments are weak,
and they are also informative when instruments are good. The conditional Wald test
generates confidence regions around the two-stage least squares (2SLS) estimator,
while the conditional likelihood ratio and score tests generate ones that are centered
around the limited information maximum likelihood (LIML) estimator. Therefore, the
conditional approach is particularly relevant to assess the accuracy of the 2SLS and
LIML estimators for returns-to-schooling.2

In practice, however, confidence regions based on the conditional likelihood ratio
test are more informative than those based on the Anderson-Rubin, score, and condi-
tional Wald tests. This is due to the fact that the conditional likelihood ratio test has
certain optimality properties; for more details, see Moreira (2001), and Andrews,
Moreira and Stock (2004). In particular, the conditional likelihood ratio test domi-
nates the Anderson-Rubin and score tests, while the conditional Wald test has the
caveat of being biased.

V. A Reexamination of Angrist and Krueger’s 
and Bound, Jaeger and Baker’s Results

Here, we replicate Angrist and Krueger’s results for the 1920–29
cohort using the 1970 U.S. Census3 and for the 1930–39 and 1940–49 cohort using
the 1980 U.S. Census. The results are reported for all four specifications considered
by Staiger and Stock (1997), which combine different sets of instruments and sets of
covariates. In Specifications 1 and 2, we use quarter-of-birth and quarter-of-birth ×
year-of-birth as instruments, and include a constant, race, metropolitan area, 
marital status, nine year-of-birth, and eight regional dummies as controls. For
Specification 3, we add age and age-squared as covariates and allow interaction
between quarter-of-birth and year-of-birth. Finally, in Specification 4, we replace
year-of-birth dummies used in Specification 3 by state-of-birth dummies for a total of
178 instruments.

Because commonly used techniques are not robust to the weak-instrument case, we
make inference on returns-to-schooling by applying the conditional approach. To
illustrate the conditional method, we present in Figure 1 the (conditional) score and
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(1991), the results are not significantly different.



Wald confidence regions at 5 percent level for the 1930–39 cohorts in the 1980
Census using Specification 4. Each confidence region contains all values that cannot
be rejected for each conditional test; that is, all values whose test statistic is smaller
than its respective critical value function. Although the score critical value function is
flat and coincides with the usual asymptotic chi-square-one critical value, the Wald
critical value function is a curve. This difference is due to the needed size correction
for the Wald test. Correcting the size leads to the conditional Wald test, which rejects
the null when the Wald test statistic is larger than its critical value function. Figure 1
shows that its confidence region contains all values between 6.0 percent and 14.2 per-
cent: all the points in which the Wald test statistic is smaller than its critical value
function. Analogously, the score-type confidence interval consists of all points in
which the score statistic is smaller than the chi-square-one critical value. In Figure 1,
this confidence region ranges from 5.7 percent to 14.2 percent. Of course, we could
have also used this asymptotic chi-square one critical value to construct the usual
Wald-type confidence regions (in our example, it is the region between 6.0 percent
and 10.2 percent); however, these confidence regions do not have correct coverage
probability and are not reliable in practice.

Tables 2–4 summarize the results for all specifications and cohorts. The first
rows in each table report the OLS, 2SLS, and LIML estimators with their respective
standard errors. We also report the first-stage F-statistic, Basmann’s F-test for 
over-identification, and the partial R2 of the excluded instruments from the first-stage
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regression. Subsequent rows report the usual Wald-type confidence region with incor-
rect 95 percent nominal level and confidence regions which have correct 95 percent
coverage probability.

For Specifications 1 and 2, the first-stage F-statistics are quite large and, as argued
by Bound, Jaeger, and Baker (1995), it is expected that the usual methods are correct.
Indeed, the confidence regions based on the conditional Wald, likelihood ratio and
score tests are similar to the confidence regions previously reported by Angrist and
Krueger (1991). This suggests that the previous results remain valid for both specifi-
cations as long as the instruments are truly exogenous. Although the low value of the
Basmann over-identification test does not provide clear evidence of endogeneity of
the instruments, many authors have suggested that the exogeneity argument may not
be valid due to the possible correlation between educational attainment and age.

By including age and age-squared as covariates, we arguably fix this problem in
Specifications 3 and 4. However, as emphasized by Bound, Jaeger, and Baker (1995),
the low values of the first-stage F-statistic suggest that the instruments are weak for
both specifications and that Wald-type confidence regions are artificially small. This
problem occurs with Specification 3 for the 1920–29 and 1930–39 cohorts. For both
cohorts the confidence regions reported by Angrist and Krueger (1991) are remark-
ably small, ranging between 2.9 percent and 14.6 percent for the 1920–29 cohort
and between 1.2 percent and 11.2 percent for the 1930–39 cohort. The confidence
regions with correct coverage probability are much larger and cannot even rule out the
possibility that the estimates are statistically different from zero. The same conclusion
does not hold for the 1940–49 cohort where the sample size is considerably larger
than the two other cohorts. The Anderson-Rubin and score tests are uninformative for
returns-to-schooling; see Kleibergen (2002). However, the conditional Wald and like-
lihood ratio tests do provide informative inference for returns-to-schooling. The con-
fidence regions are between 3.1 percent and 15.8 percent for the conditional Wald test
and between 2.9 percent and 26.2 percent for the conditional likelihood ratio test.
Furthermore, since confidence regions based on the conditional Wald and likelihood
ratio tests respectively contain the 2SLS and LIML estimates (7.8 percent and 12.4
percent), we can conclude that both estimates for returns-to-schooling are signifi-
cantly different from zero.

A more surprising result holds for the specification that uses 178 instruments. Using
this specification, we conclude that returns-to-schooling were between 8 percent and
25 percent in 1970 and between 4 percent and 14 percent in 1980. Angrist and Krueger
(1991) report similar lower bounds, but considerably smaller upper bounds for returns-
to-schooling (between 8 percent and 12 percent in 1970, and between 5 percent and 10
percent in 1980). Thus, the actual returns-to-schooling are likely to be larger than
Angrist and Krueger’s original results.4 The results for the specification with 178
instruments are quite surprising since Bound, Jaeger, and Baker (1995) and Staiger and
Stock (1997) suggest that the additional interaction between quarter-of-birth and state-
of-birth would not improve inference due to the low value of the first-stage F-statistic.

4. We also applied the conditional methods to Angrist and Krueger (1992). Here, they propose to use the
Vietnam draft lottery to estimate returns-to-schooling. Unfortunately, the confidence regions based on the
conditional tests are not very informative, which indicate that there is no reliable inference method that can
overcome the uninformative “Vietnam draft” instruments.
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However, Specification 4 not only provides enough information for returns-to-schooling
but is likely to be a reliable specification in terms of exogeneity of the instruments (due
to the inclusion of age and age squared). Also, the values of the first-stage F-statistic
for both Specifications 3 and 4 are less than three, but inference is informative only
using the specification with 178 instruments. The particular returns-to-schooling exam-
ple indicates that the use of the first-stage F-statistic to assess the quality of the instru-
ments has important limitations, as pointed out in Section IIIB.

Finally, we assess whether the conditional methods correctly lead to uninformative
confidence regions when the instruments are uncorrelated with education. We follow
Bound, Jaeger, and Baker (1995) in constructing confidence regions with 95 percent
nominal confidence level for Specification 4 and the 1980 Census, using randomly
generated quarters-of-birth in place of the actual quarter-of-birth data. Table 5 shows
the number of times, out of 1,000 replications, that the confidence regions based on
the conditional tests cover the whole real line. As shown in the table, the conditional
method performs well, with the conditional tests covering the whole real line about
81.6 percent–88.8 percent of the time. Although the lower rate suggests that the true
model may be a departure from the simple, stylized linear simultaneous equations
model considered here, the conditional tests do not generate falsely informative con-
fidence regions, thus avoiding the pitfall of the Wald test.

VI. Conclusions

The paper by Bound, Jaeger, and Baker (1995) is an important refer-
ence point for applied researchers who use potentially weak instruments. Their strik-
ing result that confidence regions for returns-to-schooling using randomly generated
instruments are similar to those found by Angrist and Krueger (1991) has prompted
applied researchers to report the F-statistic as a standard procedure. In light of this
criticism, we reevaluate the results from Angrist and Krueger (1991) by constructing
reliable confidence regions around the 2SLS and LIML estimates for returns-to-
schooling. The results indicate that the returns-to-schooling were between 8 percent
and 25 percent in 1970 and between 4 percent and 14 percent in 1980. Although the
estimates are less accurate than previously thought, most specifications by Angrist
and Krueger (1991) are informative for returns-to-schooling. In particular, the con-
cern about the reliability of the model specifying 178 instruments is unfounded de-
spite the low first-stage F-statistic.
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Table 5
Percent of Informative Confidence Regions for Returns to Schooling 
Men Born 1930–39, 1980 Census (sample = 329,509 observations)

Anderson-Rubin 81.6
Conditional Wald 87.6
Score 88.8
Conditional likelihood ratio 88.8

Notes: Specification IV with randomly generated instruments (1,000 replications).



Furthermore, our findings cast doubt on the common practice of ignoring specifi-
cations with low values of the first-stage F-statistic. The first-stage F-statistic does not
seem to be a reliable measure of the quality of instrumental-variable estimates. Both
models specifying 28 and 178 instruments show similarly low values of the first-stage
F-statistic, but inference is informative only using the latter model. Our results sug-
gest that instead of focusing on the F-statistic, applied researchers should rely on the
conditional approach to construct informative confidence intervals even when instru-
ments are weak. The critical value functions for the Wald and likelihood ratio tests
automatically fix the size distortions, and their curvature can be used to assess the
quality of the instruments.
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