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ABSTRACT

We propose finite sample tests and confidence sets for models with unobserved and generated
regressors as well as various models estimated by instrumental variables method. We study two
distinct approaches for various models considered by Pagan (1984). The first one is an instrument
substitution method which generalizes an approach proposed by Anderson and Rubin (1949) and
Fuller (1987) for different (although related) problems, while the second one is based on splitting
the sample. The instrument substitution method uses the instruments directly, instead of generated
regressors, in order to test hypotheses about the “structural parameters” of interest and build confi-
dence sets. The second approach relies on “generated regressors”, which allows a gain in degrees
of freedom, and a sample split technique. A distributional theory is obtained under the assumptions
of Gaussian errors and strictly exogenous regressors. We show that the various tests and confidence
sets proposed are (locally) “asymptotically valid” under much weaker assumptions. The proper-
ties of the tests proposed are examined in simulation experiments. In general, they outperform the
usual asymptotic inference methods in terms of both reliability and power. Finally, the techniques
suggested are applied to a model of Tobipand to a model of academic performance.

Key words. generated regressor; simultaneous equations; structural model; pivotal function;
sample-split; Anderson-Rubin method; finite-sample inference; exact test; confidence region; in-
strumental variables; Tobinig academic performance.



RESUME

Nous proposons des tests egjions de confiance exactes pour des ehesl comportant des
variables inobseres ou desegresseurs esties’ de neine que pour divers metEs estims par
la méthode des variables instrumentales. D@faplus sgcifique, noustudions deux approches
differentes pour divers metEs considfés par Pagan (1984). La presmé est une ethode de
substitution d’'instruments quiegéralise des techniques propes’ par Anderson et Rubin (1949)
et Fuller (1984) pour des prabties difErents, tandis que la secondetimdde est forel sur une
subdivision de Echantillon. La rethode de substitution d’instruments utilise directement les in-
struments disponibles, phttgue des&gresseurs estis; afin de tester des hypetes et construire
des Egions de confiance sur les “paretmes structuraux” du mede. La seconde athode s'appuie
sur des egresseurs esties, ce qui permet un gain de degrde libert, ainsi que sur une technique
de subdivision de &chantillon. Nous fournissons uneetitie distributionnelle exacte sous une hy-
pothése de normalkitdes perturbations et degresseurs strictement exags. Nous montrons que
les tests etegions de confiance ainsi obtenus sont aussi (localement) “asymptotiguement valides
sous des hypottses distributionnelles beaucoup plus faibles. Neiudions les propeiés des tests
propo®s dans le cadre d’'une exjience de simulation. Eregéral, celles-ci sont plus fiables et ont
une meilleure puissance que les technigues traditionnelles. Finalement, les techniquesegropos’
sont appliggesa un moele dug de Tobin eta’un moele de performance scolaire.

Mots-clefs: régresseur estimyéquations simultaggs; moele structurel; fonction pivotale; subdivi-
sion d’échantillon; nethode d’Anderson-Rubin; variables instrumentalesrigiicea distance finie;
test exact; egion de confiance; variables instrumentaiede Tobin; performance scolaire.
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1 Introduction

A frequent problem in econometrics and statistics consists in making inferences on models which
contain unobserved explanatory variables, such as expectational or latent variables and variables
observed with error; see, for example, Barro (1977), Pagan (1984, 1986) and the survey of Oxley
and McAleer (1993). A common solution to such problems is based on using instrumental variables
to replace the unobserved variables by proxies obtained from auxiliary regresgeoasaied re-
gressors). It is also well known that using such regressors raises difficulties for making tests and
confidence sets, and it is usually proposed to replace ordinary least squares (OLS) standard errors
by instrumental variables (V) based standard errors; see Pagan (1984, 1986) and Murphy and Topel
(1985). In any case, all the methods proposed to deal with such problems only have an asymptotic
justification, which means that the resulting tests and confidence sets can be extremely unreliable
in finite samples. In particular, such difficulties occur in situations involving “weak instruments”,

a problem which has received considerable attention recently; see, for example, Nelson and Startz
(19904, b), Buse (1992), Maddala and Jeong (1992), Bound, Jaeger and Baker (1993, 1995), An-
grist and Krueger (1994), Hall, Rudebusch and Wilcox (1996), Dufour (1997), Staiger and Stock
(1997) and Wang and Zivot (1997) [for some early results relevant to the same issue, see also Nagar
(1959), Richardson (1968) and Sawa (1969)].

In this paper, we treat these issues from a finite sample perspective and we propose finite sample
tests and confidence sets for models with unobserved and generated regressors. We also consider a
number of related problems in the more general context of linear simultaneous equations. To get re-
liable tests and confidence sets, we emphasize the derivation of truly pivotal (or boundedly pivotal)
statistics, as opposed to statistics which are only asymptotically pivotal; for a general discussion
of the importance of such statistics for inference, see Dufour (1997). We study two distinct ap-
proaches for various models considered by Pagan (1984). The first one is an instrument substitution
method which generalizes an approach proposed by Anderson and Rubin (1949) and Fuller (1987)
for different (although related) problems, while the second one is based on splitting the sample.
The instrument substitution method uses the instruments directly, instead of generated regressors,
in order to test hypotheses and build confidence sets about “structural parameters”. The second
approach relies on “generated regressors”, allowing a gain in degrees of freedom, and a sample
split technique. Depending on the problem considered, we derive either sex#lerr tests (and
confidence sets) or conservative procedures. The hypotheses for which we obtain similar tests (and
correspondingly similar confidence sets) include: a) hypotheses which set the value of the unob-
served (expected) variable coefficient vector [as in Anderson and Rubin (1949) and Fuller (1987)];
b) analogous restrictions taken jointly with general linear constraints on the coefficients of the (ob-
served) exogenous variables in the equation of interest; and c) hypothesis about the coefficients of
“surprise” variables when such variables are included in the equation. Tests for these hypotheses are
based on Fisher-type statistics, but the confidence sets typically involve nonlinear (although quite
tractable) inequalities. In particular, when only one unobserved variable (or endogenous explana-
tory variable) appears in the model, the confidence interval for the associated coefficient can be
computed easily on finding the roots of a quadratic polynomial. Note that Anderson-Rubin-type
methods have not previously been suggested in the context of the general Pagan (1984) setup; fur-
ther, problems such as those described in b) and c) above have not apparently been considered at all
from this perspective.

In the case of the instrument substitution method, the tests and confidence sets so obtained can be
interpreted as likelihood ratio (LR) procedures (based on appropriately chosen reduced form alter-
natives), or equivalently as profile likelihood techniques [for further discussion of such techniques,
see Bates and Watts (1988, Chapter 6), Meeker and Escobar (1995) and Chen and Jennrich (1996)].



The exact distributional theory is obtained under the assumptions of Gaussian errors and strictly
exogenous regressors, which ensures that we have well-defined testable models. Although we stress
here applications to models with unobserved regressors, the extensions of Anderson—Rubin (AR)
procedures that we discuss are also of interest for inference in various structural models which are
estimated by instrumental variable methods (e.g., simultaneous equations models). Furthermore, we
observe that the tests and confidence sets proposed are (locally) “asymptotically valid” under much
weaker distributional assumptions (which may involve non-Gaussian errors and weakly exogenous
instruments).

It is important to note that the confidence sets obtained by the methods described above, unlike
Wald-type confidence sets, are unbounded with non-zero probability. As emphasized from a general
perspective in Dufour (1997), this is a necessary property of any valid confidence set for a parameter
that may not be identifiable on some subset of the parameter space. As a result, confidence proce-
dures that do not have this property have true level zero, and the sizes of the corresponding tests
(like Wald-type tests) must deviate arbitrarily from their nominal levels. It is easy to see that such
difficulties occur in models with unobserved regressors, models with generated regressors, simulta-
neous equations models, and different types of the error-in-variables models. In the context of the
first type of model, we present below simulation evidence that strikingly illustrates these difficul-
ties. In particular, our simulation results indicate that tests based on instrument substitution methods
have good power properties with respect to Wald-type tests, a feature previously pointed out for the
AR tests by Maddala (1974) in a comparative study for simultaneous equations [on the power of
AR tests, see also Revankar and Mallela (1972)]. Furthermore, we find that generated regressors
sample-split tests perform better when the generated regressors are obtained from a relatively small
fraction of the sampleg(g., 10% of the sample) while the rest of the sample is used for the main
regression (in which generated regressors are used).

An apparent shortcoming of the similar procedures proposed above, and probably one of the
reasons why AR tests have not become widely used, is the fact that they are restricted to testing
hypotheses which specify the values of the coefficients of all the endogenous (or unobserved) ex-
planatory variables, excluding the possibility of considering a subset of coefficients (e.g., individual
coefficients). We show that inference on individual parameters or subvectors of coefficients is how-
ever feasible by applying a projection technique analogous to the ones used in Dufour (1989, 1990),
Dufour and Kiviet (1996, 1998) and Kiviet and Dufour (1997). We also show that such techniques
may be used for inference on general possibly nonlinear transformations of the parameter vector of
interest.

The plan of the paper is as follows. In Section 2, we describe the main model which may con-
tain several unobserved variables (analogous to the “anticipated” parts of those variables), and we
introduce the instrument substitution method for this basic model with various tests and confidence
sets for the coefficients of the unobserved variables. In Section 3, we propose the sample split
method for the same model with again the corresponding tests and confidence sets. In Section 4,
we study the problem of testing joint hypotheses about the coefficients of the unobserved variables
and various linear restrictions on the coefficients of other (observed) regressors in the model. Sec-
tion 5 extends these results to a model which also contains error terms of the unobserved variables
(the “unanticipated” parts of these variables). In Section 6, we consider the problem of making
inference about general nonlinear transformations of model coefficients. Then, in Section 7, we
discuss the “asymptotic validity” of the proposed procedures proposed under weaker distributional
assumptions. Section 8 presents the results of simulation experiments in which the performance of
our methods is compared with some widely used asymptotic procedures. Section 9 presents appli-
cations of the proposed methods to a model of Tohjrésd to an economic model of educational
performance. The latter explains the relationship between students’ academic performance, their
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personal characteristics and some socio-economic factors. The first example illustrates inference
in presence of good instruments, while in the second example only poor instruments are available.
As expected, confidence intervals for Tobig'®ased on the Wald-type procedures largely coin-
cide with those resulting from our methods. On the contrary, large discrepancies arise between
the confidence intervals obtained from the asymptotic and the exact inference methods when poor
instruments are used. We conclude in Section 10.

2 Exact inference by instrument substitution

In this section, we develop finite sample inference methods based on instrument substitution meth-
ods for models with unobserved and generated regressors. We first derive general formulae for the
test statistics and then discuss the corresponding confidence sets. We consider the following basic
setup which includes as special cases Models 1 and 2 studied by Pagan (1984):

(2.2) y=2,0+Xvy+e,

(2.2) Z.,=WB+U,, Z=2,+V.

wherey is aT x 1 vector of observations on a dependent varialflés a7" x G matrix of unobserved
variables, X is aT x K matrix of exogenous explanatory variables in the structural mdgidg,
aT x G matrix of observed variabledy is aT x ¢ matrix of variables related td,, while
e=(er,...,er), Uy = [uy,...,up)] andV, = [v},,...,v.p]  areT x 1 andT x G matrices
of disturbances. The matrices of unknown coefficienty, and B have dimensions respectively
G x 1, K x 1 andg x G. In order to handle common variables in both equations (2.1) and (2.2),
like for example the constant term, we allow for the presence of common columns in the matrices
W and X. In the setup of Pagan (1984), is assumed to be identically zeft, = 0), e; andv,;
are uncorrelatefF (e,v,;) = 0], and the exogenous regressaisare excluded from the “structural”
equation (2.1). In some cases below, we will need to reinstate some of the latter assumptions.

The finite sample approach we adopt in this paper requires additional assumptions, especially on
the distributional properties of the error term. Since (2.2) enfais W B+V whereV = U, +V,,
we will suppose the following conditions are satisfied:

(2.3) X andW are independent af andV ;

(2.4) rank (X) =K, 1< rank(W)=¢q<T, G>1, 1<K+G<T,;
(2.5) (er, vl,) "' N[0, Q], t=1,...,T;

(2.6) det(Q2) > 0.

If K =0, X is simply dropped from equation (2.1). Note that no assumption on the distribution of
U, is required. Assumptions (2.3) — (2.6) can be relaxed if they are replaced by assumptions on the
asymptotic behavior of the variables’Bs— oo. Results on the asymptotic “validity” of the various
procedures proposed in this paper are presented in Section 7.

Let us now consider the null hypothesis:

(2.7) Hy:6=14.

The instrument substitution method is based on replacing the unobserved variable by a set of instru-
ments. First, we substitute (2.2) into (2.1):

(2.8) y=(Z-V.)d+Xvy+e=2Z5+ Xv+ (e — Vid).
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Then subtractingZ§, on both sides of (2.8), we get:
(2.9) y—Zog=WB(0 —0dg)+Xy+u

whereu = e — V,dp + U,(d — dp). Now suppose thatV” and X have K, columns in common
(0 < K5 < q) while the other columns ok are linearly independent &7 :

(2.10) W=[Wy, Xo], X =[X1, Xo], rank[W, Xy, Xo]=q+K <T

whereW;, X; and X, areT x ¢, T x Ky andT x K, matrices, respectivelyq{ = K; + Ko,
g = q1 + K3). We can then rewrite (2.9) as

(2.11) y—Zdg=Wid1 + Xv, +u

whered . = B1(d — 0p), Yox = Yo + B2(0 — o), 7. = (¥}, 74.)', Biis aK; x G matrix (7 = 1,
2) andB = [Bj, B}]'.

It is easy to see that model (2.11) undéy satisfies all the assumptions of the classical linear
model. Furthermore, sinck, = 0 whend = dy, we can test, by a standard’-test of the null
hypothesis
(212) I{[)*< . 51* =0.

This F'-statistic has the form

(y — Zdo)' P(M(X)W1) (y — Zdo) /1
(y — Zdo)M([W1, X]) (y — Zd0)/(T —q1 — K)

(2.13) F(d0; W) =

whereP(A) = A(A’A)~'A" and M (A) = I — P(A) for any full column rank matrixd. When

§ = 69, we haveF (§g; W1) ~ F(q1, T — q1 — K), so thatF (6g; W) > F(o; q1, T —q1 — K) is

a critical region with levek: for testingd = &, whereP[F'(dp; W1) < F(a; 1, T —q1 — K)] =

1 — «. The essential ingredient of the test is the fact that 1, i.e. some instruments must be
excluded fromX in (2.1). On the other hand, the usual order condition for “identificatign> G)

is not necessary for applying this procedure. In other words, it is possible to test certain hypotheses
aboutd even if the latter vector is not completely identifiable. It is then straightforward to see that
the set

(2.14) Cs(a) = {do : F(d0; W1) < F(a; q1, T —q1 — K)}

is a confidence set with levél— « for the coefficient). The tests based on the statiski¢y; W)
and the above confidence set generalizes the procedure proposed by Fuller (1987, pp. 16-17) for a
model with one unobserved varialfl§ = 1) and X limited to a constant variablgX’ = 1).

Consider now the case whefeis aT x 1 vector andX is aT x K matrix. In this case, the
confidence set (2.14) for testid, : § = 6, has the following general form:

(y — Z50),A1 (y — Zts[)) V9 }
x — < F,
(y — Zdo)' A2(y — Zdo)  q1 —

where F, = F(a;q, T — ¢ — K) andvs = T — ¢¢ — K and the matricesd; =
P(M(X)Wy), Ay = M([W1, X]). Since(v2/q1) only takes positive values, the inequality in
(2.15) is equivalent to the quadratic inequality:

(2.15) Cs(a) = {50 :

(2.16) ad% 4+ bdy+¢ <0

wherea = Z'CZ, b= —2y/'CZ, c = y'Cy, C = A} — GoAy andGy = (q1/v2) Fy.

4



TABLE 1
CONFIDENCE SETS BASED ON THE QUADRATIC INEQUALITYaé% +bdg+c<0

A>0 A<O0
(real roots) (complex roots)
a>0 [014, 52*] Empty
a<0 (—00, 014 U [024, 00) (—o0, +00)
a=0 b>0 (—o0, —%]
b<0 [—+%, o)
b=0, ¢>0 Empty
b=0, ¢<0 (—o0, +00)

In empirical work, some problems may arise due to the high dimensions of the matfic€$
and M ([W7, X]). A simple way to avoid this difficulty consists in using vectors of residuals from
appropriate OLS regressions. Consider the coefficient ZCZ. We may replace it by the
expressionZ' A1 Z — G, Z' A, Z and then rewrite both terms as follows:

ZAZ = (ZM(X))(MX)W) [(M(X)W1) (MWL (M)W (M(X)Z),
ZAZ = Z'M(Wi, X))Z = [M(IWy, X)) ZV[M (W, X))2).

In the above expressionsgd (X)Z is the vector of residuals obtained by regressiigon X,
M (X)W, is the vector of residuals from the regressioniidf on X, and finally M ([W;, X])Z
is a vector of residuals from the regressionzobn X andW;. We can proceed in the same way
to compute the two other coefficients of the quadratic inequality (2.16). This will require only two
additional regressiong; on X, andy on bothX andW¥;.

It is easy to see that the confidence set (2.16) is determined by the roots of the second order
polynomial in (2.16). The shape of this confidence set depends on the siga®i0i\ = & — 4ac.
All possible options are summarized in Table 1 wh&redenotes the smaller root and by, the
larger root of the polynomial (when both roots are real).

Note that the confidence sé}(«) may be empty or unbounded with a non-zero probability.
Since the reduced form fgr can be written

(2.17) y = Wim +X17T12+X27T22+Uy

wherer; = B1d, ma1 = 7y, M2 = 79 + Boy andv, = e + U.é, we see that the condition

w1 = B0 may be interpreted as an overidentifying restriction. Jointly With §, this condition
entails the hypothesi#l, : B1(d — dp) = 0 which is tested by the statisti€(dy; W7). Thus an
empty confidence set means the conditi®rio — §y) = 0 is rejected for any value aofy and so
indicates that the overidentifying restrictions entailed by the structural model (2.1) - (2.2) are not
supported by the datag. the specification is rejected. However, if the model is correctly specified,
the probability of obtaining an empty confidence set is not greaterdh&@n the other hand, the
possibility of an unbounded confidence set igegessary characteristic of any valid confidence
set in the present context, because the structural parametay not be identifiable [see Dufour
(1997)]. Unbounded confidence sets are most likely to occur whisnnot identified or close

to being unidentified, for then all values éfare almost observationally equivalent. Indeed an
unbounded confidence set obtains wher 0 or (equivalently) wher¥' (I, = 0) < F,, where
F(II; = 0) is the F-statistic for testindl; = 0 in the regression

(218) Z =Will; + XII + vy .
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In other words, the confidence interval (2.15) is unbounded if and only if the coefficients of the
exogenous regressors i, [which is excluded from the structural equation (2.1)] are not signifi-
cantly related ta7 at level« : i.e., W} can be interpreted as a matrix of “weak instruments”Zor

In contrast, Wald-type confidence sets dare typically bounded with probability one, so their true
level must be zero. Note finally that an unbounded confidence set can be inforneajivéhe set
(=00, 014] U [024, 00) may exclude economically important valuesidfd = 0 for example).

3 Inference with generated regressors

Test statistics similar to those of the previous section may alternatively be obtained from linear re-
gressions with generated regressors. To obtain finite sample inferences in such contexts, we propose
to compute adjusted values from an independent sample. In particular, this can be done by applying
a sample split technique.

Consider again the model described by (2.1) to (2.6). In (2. 9) a natural thing to do would
consist in replacing¥ B by WB, whereB is an estimator of3. TakeB = (W'W)~'W'Z, the
least squares estimate Bfbased on (2.2). Then we have:

(31) y—Zog=WB(6—06) +Xy+[u+W(B—B)(—0d)] = Zbo« + Xv+ us.

wheredy, = § — &y andu, = e — V.o + [U. + W (B — B)](6 — dy). Again, the null hypothesis
0 = §o may be tested by testing[)* : 9o« = 0 in model (3.1). Here the standafdstatistic forHy.,
is obtained by replacingl; by Z in (2.13),i.e.

(y — Z80) P(M(X)Z) (y — Z60)/G
(y — Z60)'M([Z, X)) (y — Z60)/(T =G~ K) '
if K = 0[no X matrix in (2.1)], we conventionally s/ (X) = Ir and[Z, X] = Z. However, to

get a null distribution fotZ'(dy; ) we will need further assumptions. For example, in addition to
the assumptions (2.1) to (2.6), suppose, as in the original Pagan (1984) setup, that

(3.2) F(b0; 2) =

(3.3) eandV = U, + V, are independent.

In this case, whefi = &, = 0, Z andu, are independent and, conditionaldrmodel (3.1) satisfies
all the assumptions of the classical linear model (with probability 1). Thus the null distribution of
the statisticF (0; Z) for testingdy = 0 is F(G, T — G — K). Unfortunately, this property does not
extend to the more general statisti¢dy; Z) wheredy # 0 becauseZ andu, are not independent
in this case. A similar observation (in an asymptotic context) was made by Pagan (1984).

To deal with more general hypotheses, suppose now that an esiimét® such that

(3.4) Bis independent of andV,
is available, and replacé = W B by Z = W B in (3.1). We then get
(3.5) y_Z50:Z50*+X7+U**

whereuw,, = e — Vidg + [Us + W (B — B)] (6 — ). Under the assumptions (2.1) — (2.6) with
0 = 0o and conditional or¥ (or B), model (3.5) satisfies all the assumptions of the classical linear
model and the usudl'-statistic for testingy, = 0,

(y — Z80)' P(M(X)Z)(y — Z60)/G

(3.6) F(6o; Z) = b
(y — Zdo)M([Z, X])(y — Zbo)/(T — G — K)
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where the usual notation has been adopted, follows (@, 7T'—G — K) distribution. Consequently,

the critical regionF'(6o; Z) > F(«; G, T — G — K) has sizex. Note that condition (3.3) is not
needed for this result to hold. Furthermore

(3.7) Cs(a) = {00+ F(d0; Z) < Fla; G, T — G — K)}

is a confidence set faf with sizel — «a. For scalard (G = 1), this confidence set takes a form
similar to the one in (2.15), except that = P(M(X)Z) and A, = M([Z, X]).

A practical problem here consists in finding the independent estishateder the assumptions
(2.1) — (2.6), this can be done easily by splitting the sample. TLet T, + T, whereT; >
G + K andT, > ¢, and write:y = (yzl) , yEQ))', X = (XEI) , XEQ))', Z = (Zél) , ZEQ))I’ W =
Wiy Wig))'se = (efyy s €(9))s Vi = (Vg Vi) and(Uy ), Uj(5))'; where the matrices;),

*

X@ys Zay > Wy » eqy » Vi) @andU, ;) haveT; rows (: = 1, 2). Consider now the equation
(3.8) Yy — Zydo = Zaydox + X(1)Y + (1)

where Z;y = WyB, B = (Wi W] "Wy Z ) is obtained from the second sample, and
Uy = €(1) — Viydo + [Usr) + W)(B — B) ](6 — &y). Clearly B is independent of;y and
Vi(1), SO the statistid? (do; Z(l)) based on equation (3.8) follows/’y G, T} — K — G) distribution
whené = §.

A sample split technique has also been suggested by Angrist and Krueger (1994) to build a
new IV estimator, called Split Sample Instrumental Variables (SSIV) estimator. Its advantage over
the traditional IV method is that SSIV yields an estimate biased toward zero, rather than toward
the probability limit of the OLS estimator in finite sample if the instruments are weak. Angrist
and Krueger show that an unbiased estimate of the attenuation bias can be calculated and, conse-
guently, an asymptotically unbiased estimator (USSIV) can be derived. In their approach, Angrist
and Krueger rely on splitting the sample in halé., settingZly = T, = % whenT is even. How-
ever, in our setup, different choices féy andT; are clearly possible. Alternatively, one could
select at random the observations assigned to the vegtpendy o). As we will show later (see
Section 8) the number of observations retained for the first and the second subsample have a direct
impact on the power of the test. In particular, it appears that one can get a more powerful test once
we use a relatively small number of observations for computing the adjusted values and keep more
observations for the estimation of the structural model. This point is illustrated below by simula-
tion experiments. Finally, it is of interest to observe that sample splitting techniques can be used
in conjunction with the Boole-Bonferroni inequality to obtain finite-sample inference procedures in
other contexts, such as seemingly unrelated regressions and models with moving average errors; for
further discussion, the reader may consult Dufour andeEoft998).

4 Joint testson ¢ and ~

The instrument substitution and sample split methods described above can easily be adapted to test
hypotheses on the coefficients of both the latent variables and the exogenous regressors. In this
section, we deriveF'-type tests for general linear restrictions on the coefficient vector. Consider
again model (2.1) — (2.6), which after substituting the té¢ém— 1;) for the latent variable yields

the following equation:

(4.1) y=(Z-V)o+Xy+e=2Z5+Xvy+ (e —Vio).



We first consider a hypothesis which fixes simultaneodsiyd an arbitrary set of linear transfor-
mations ofy:
Hy: 0 =400, Riy=v1o

whereR; is ar; x K fixed matrix such that <rank(R;) = r; < K. The matrixR; can be viewed
as a submatrix of & x K matrix R = [R}, R5]' where detR) # 0, so that we can write

Ry Rl’)’ 141
4.2 Ry = = = .
LetXr = XR™! = [Xg,, Xg,|WhereXg, andXp, areT xr, andT xr, matrices(r, = K —r}).
Then we can rewrite (4.1) as

(4.3) y=2Z0+ Xg,v1+ Xg,v2+ (e — V).
SubtractingZéy and X, 19 on both sides, we get

(4.4) y—Zoyg— Xp,vio = [WiB1 + X2Bs] (6 — ) + Xg, (v1 — v10)
+ Xp,vo + [6 — Vido + U*(5 — 50)] .

Suppose now that and X have K, columns in common (witl) < K, < ¢), while the other
columns of X are linearly independent df as in (2.10). SinceX = [Xj, Xs] = XrR =
Xp,R1 + Xg, Ry, we can writeX = [Xl, XQ] = [XRlRll + Xp,Ro1, Xg, Ri2 + XR2R22],
whereR; = [Ri1, Ri2], R2 = [Ra1, Rp] andR;; is ar; x K; matrix (7, j = 1, 2). Then replace
X9 by Xg, Ri2 + Xg,Ro2 in (4.4):

(45) y—ZdO—XRlulo :Wl(ST—l-XRl’YT—i-XRQ’}’;—FU

whered: = 31(5 — 50), ’)’)’{ = R12Bg(5 — 50) + (1/1 — 1/10), ’75 = R22B2(5 — 50) + vo, and
u = e — Vidy + U.(d — dp). Consequently, we can tesky by testingH, : 67 =0, v} = 0,in
(4.5), which leads to the statistic:

_ {y (b0, v10)' P(M(Xpy)Wkr,) y (90, ¥10)/ (1 +71)}
{y (4o, v10)' M ([W1, X])y (60, v10)/(T —q1 — K)}

Wherey ((50, V10) =y — Zdy _XRll/lO andWRl = [Wl, XRl]; if ro = 0, we SetM(XRz) =Ir. .
Under Hy, F(do, v1i0; Wi, Xr,) ~ F(q1 +m, T — ¢ — K) and we rejectH, at level «
when F(6g, vip; Wi, Xg,) > F(a; 1 + 71, T —q — K). Correspondingly{(dy, /)" :
F(do, v10; W1, Xg,) < F(as ¢1 + 711, T —q1 — K)} is a confidence set with levél— « for §
andv; = Ryv;.

Suppose now we employ the procedure with generated regressors using an estimeior
pendent of andV. We can then proceed in the following way. Settihgs W B andV = Z — Z,
we have:

4.7) y—Z(S()—XRIVw:Z(ST—i-XRll/T—i-XRQI/Q—i-U**

where 6F = § — 8o, v} = v1 —v1g andu,, = e— V8o + [Us + W (B — B)](6 — d). Inthis case
we will simply test the hypothesiH, : 07 = 0, v = 0. The F' statistic forH, takes the form:

(4.6)  F(bo, vio; Wi, Xr,)

48)  F(b9, v10; 7, Xp,) = Y100 110) PIM(Xrs) Zr,) y (00, ¥10)/(G + 1)}

{y (60, v10)'M([Z, X])y (60, v10)/(T' — G — K)}
Wherey(5o, 1/10) =y — Z50 — XRll/l[)a andZRl = [Z, XRl]- UnderHo, F((So, v10; Z, XRl) ~
F(G+ry, T-G—K). The corresponding critical region with leweis given byF' (&, v10; Z, Xpr,) >
Fla; G+ r,, T — G —r), and the confidence set at level— « is thus {(&, v}o) :
F(6g, vio; Z, Xg,) < F(o; G471, T—G —K}.
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5 Inferencewith asurprisevariable

In many economic models we encounter so-called “surprise” terms among the explanatory variables.
These reflect the differences between the expected values of latent variables and their realizations.
In this section we study a model which contains the unanticipated paft[Bhgan (1984, model

4)] as an additional regressor beside the latent variable, namely:

(5.1) =204+ (Z—Z)y+XB+e=Z0+Viy+ XB+e—Vis,

(5.2) Z=2,+V,=WB+ U, +V.)=WB+V,

where the general assumptions (2.3) — (2.6) still hold. The {&fm Z.) represents the unantici-
pated part ofZ. This setup raises more difficult problems especially for inference dtevertheless
we point out here that the procedures described in the preceding sections for inferénaedan
remain applicable essentially without modification, and we show that similar procedures can be
obtained as well for inference onprovided we make the additional assumption (3.3).

Consider first the problem of testing the hypothdgjs ¢ = 6. Applying the same procedure
as before, we get the equation:

(53) y—Z50:WB(5—50)+Xﬂ+‘/*’Y+(€—V;5[))
hence, assuming th& and X haveK, columns in common,
(5.4) y—Zég=W1B1(6 — do) + X18) + X205 + e + Vi(y — bo) = Wid1. + XB, +u

wheredy, = B1(§ — dp), 85 = By + Ba2(d — &), B, = (B4, 65) andu = e + Vi(y — dp). Then
we can test = §y by using theF'-statistic foré;y = 0:

(y — Z0o)' P(M(X)W1) (y — Zdo) /a1
(y — Z6o) M[X(W1)] (y — Zd0)/(T —q1 — K)
Whend = dy, F((S(); WI) ~ F(ql, T—q — K) It follows thatF((S[); Wl) > F(a; q— Ko, T —
q1 — K) is a critical region with levet for testingd = & while {6y : F(do; W1) < F(o; qu, T —
¢1 — K)} is a confidence set with levél— « for §. Thus, the procedure developed for the case
where no surprise variable is present applies without change. If generated regressors are used, we
can write:
(5.6) y— Z8g=WDB(6 —80) + XB+ e+ Vily —80) + V(6 —6).

ReplacingW’ B by Z = W B, whereB is an estimator independent @andV, we get

(5.5) F(do; W1) =

(5.7) y— 78 =20, + XB+u

whered, = 6 — dg,u = e + Vi(y — do) + V(0 — dp) andV = Z — Z. Here the hypothesis
§ = & entailsH) : 6, = 0. The F-statisticF'(d; Z) defined in (3.6) follows a' (G, T — G — K)
distribution wheny = ¢,. Consequently, the tests and confidence set procedures baggd, plﬁ?)
apply in the same way. Similarly, it is easy to see that the joint inference procedures described in
Section 4 also apply without change.

Let us now consider the problem of testing an hypothesis on the coefficient of the surprise term,
i.e. Hy: v = 7. In this case, it appears more difficult to obtain a finite-sample test under the
assumptions (2.1) — (2.6). So we will assume that the following conditions, which are similar to
assumptions made by Pagan (1984) setup, hold:

(5.8) a)U, =0; b)eandV are independent.

9



Then we can write:

(5.9) y=2,0+(Z—-Z)yv+XpB+e=2Zy+Wi0] + X0, +e.
SubtractingZ+y, on both sides yields

(5.10) y— Zyg = Zy, + Wi + X8, +e

wherey, = v — v,. We can thus test = v, by testingy, = 0in (5.10), using

(y — Zry,) P(M([W, X)) Z) (y — Z7,) /G
(y — Zvo)M([Wh, Z, X)) (y — Zv) /(T -G —q1 — K)

(5.11) F(yy; Z2) =

Wheny = vy, F(vy; Z2) ~ F(G, T-G—q1— K) sothatF'(yy; Z) > F(a; G, T—G—q1— K)
is a critical region with leved for v = v, and

(5.12) {v: Flyo;s 2) < Fls G, T— G —q1 — K)}
is a confidence set with levél— « for v. When is a scalar, this confidence set can be written as:
(v — Zv0)'D(y — Zvg) _ v2
(5.13) {7 : x = < F
-2y Ely—Zv)  wn - ¢

wherevy =G =1, vy =T -G —q — K, D = P(M([Wh, X)), E = M([W1, Z, X]). Since

the ratior, /v, always takes positive values, the confidence set is obtained by finding the values
7, that satisfy the inequalityy2 + by, +c¢ < 0, wherea = Z'LZ b = —2Z'Ly, c = y'Ly,
L=D-H,FE andH, = (v1/vs)F,. Finally itis straightforward to see that the problem of testing

a joint hypothesis of the typ#l, : v = v,, R13 = v1p can be treated by methods similar to the
ones presented in Section 4.

6 Inferenceon general parameter transformations

The finite sample tests presented in this paper are based on extensions of Anderson—Rubin statistics.
An apparent limitation of Anderson—Rubin type tests comes from the fact that they are designed for
hypothesis fixing the complete vector of the endogenous (or unobserved) regressor coefficients.
In this section, we propose a solution to this problem which is based on applying a projection
technique. Even more generally, we study inference on general nonlinear transformatioins of
(2.1), or more generally a¥, v/})" wherevy; = R, is a linear transformation of, and we propose
finite sample tests of general restrictions on subvectodsoof(d, »/)’. For a similar approach, see
Dufour (1989, 1990) and Dufour and Kiviet (1998).

Letd = §ord = (&', /)" depending on the case of interest. In the previous sections, we derived
confidence sets fdat which take the general form

(6.1) Cola) = {00 : F(8o) < Fu}

whereF(6y) is a test statistic fof = 6y andF,, is a critical value such tha®[f € Cy(a)] > 1 — .
If 8 = 6y, we have
(6.2) Pl € Cy(a)] > 1 —a, Pl ¢ Cy(a)] < a.

Consider a (possibly nonlinear) transformatipa- f(0) of 6. Then it is easy to see that

(6.3) Cy(a) = {ng : ny = f(0) for somed € Cy()}
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is a confidence set foy with level at leastl — «, i.e.

(6.4) Plp € Cyla)] 2 PO € Ch(a)] > 1—a
hence

(6.5) Pln ¢ Cyla)] < a.

Thus, by rejectingd, : n = ny, whenn, ¢ C,(«), we get a test of levek. Further
(6.6) no & Cyla) < no # f(0o) , V0o € Cp(c)

so that the condition, ¢ C,,(«) can be verified by minimizing’(6) over the sef 1 (n,) = {6y :
f(0o) = ny} and checking whether the infimum is greater ti#gn

Whenn = f(0) is a scalar, it is easy to obtain a confidence intervalrfdyy considering
variablesn; = inf{n, : ny € Cy(a)} andny, = sup{n, : ny € Cy,(a)} obtained by minimizing
and maximizing;, subject to the restriction, € C;,(«). Itis then easy to see that

(6.7) Pl <n<nyl>PheCya)]>1—-a

so that]n;, n;] is a confidence interval with levél— « for . Further, if such confidence intervals
are built for several parametric functions, sgy= f;(0), i = 1, ..., m, from the same confidence
setCy(«), the resulting confidence intervals;;,n,i7], ¢ = 1, ..., m, are simultaneous at level
1 — «, in the sense that the corresponding-dimensional confidence box contains the true vector
(1, ---,M,,) With probability (at least)l — «; for further discussion of simultaneous confidence
sets, see Miller (1981), Savin (1984) and Dufour (1989). When a set of confidence intervals are not
simultaneous, we will call them “marginal intervals”.

Consider the special case whére= § = (01, 5)" andn = 61, i.e.  is an element of. Then
the confidence sef; («) takes the form:

(6.8) Cy(a) = Cs,(a) = {10 : (d10,05)" € Cs(a), for somedy}.
Consequently we must have:
(6.9) P[6, € Cs5,(@)] > 1 —a, Plo1o ¢ Cs,(a)] < .

Further if we consider the random variabl&s= inf{d1¢ : d19 € Cs, ()} andd¥ = sup{d1p : d10
€ Cs,(a)} obtained by minimizing and maximizing, subject to the restriction;y € Cj, (@),
[6F,6Y] is a confidence interval with levél— « for &;. The test which reject&l : §; = 619 when
d10 ¢ Cys, (o) has level not greater than Furthermore,

(610) 51[) ¢ 051 (a) s F (( ,10, 5’2)1) > Fa ,V52 .

Condition (6.10) can be checked by minimizing thé¢(d},, d5)’) statistic with respect té, and
comparing the minimal value witld;,. The hypothesi®, = 09 is rejected if the infimum of
F ((0%, 0)") is greater tharfy,. In practice, the minimizations and maximizations required by the
above procedures can be performed easily through standard numerical techniques.

Finally, it is worthwhile noting that, even though the simultaneous confidena@) &ex for 0
may be interpreted as a confidence set based on inverting LR-type tests=fa} [or a profile
likelihood confidence set (see Meeker and Escobar, 1995, or Chen and Jennrich, 1996)], projection-
based confidence sets, such(géa), are not (strictly speaking) LR confidence sets.
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7 Asymptotic validity

In this section we show that the finite sample inference methods described above remain valid under
weaker assumptions provided the number of observations is sufficiently large. Consider again the
model described by (2.1) — (2.6) and (2.10), which yields the following equations:

(7.1) y=20+Xy+u,

(7.2) Z =W1By+ X3By + V,

whereu = e — V4. If we are prepared to accept a procedure which is only asymptotically “valid”,
we can relax the finite-sample assumptions (2.3) — (2.6) since the normality of error terms and their
independence are no longer necessary. To do this, let us focus on the skgtigtid’; ) defined in

(2.13). Then, under general regularity conditions, we can show:

a) under the null hypothesis= ¢, the F'-statistic in (2.13),

(y — Zoo) M(X)Wh [W{M(X)W1]'"W{M(X) (y — Zdo)/ 1
(y — Zdo) M([X, Wh]) (y — Zdo) /(T — q1 — K) ’

(7.3)  F(0o; W1) =

follows ax?h/ql distribution asymptotically (a& — oc);
b) under the fixed alternativé = 4, providedB; (61 — dp) # 0, the value of (2.13) tends to get
infinitely large asI” increasesi.e. the test based oft(&; W) is consistent.

Assume that the following limits hold jointly:

Wu W'V V'V 5
(7.4) <?, T T) — (Uu, Yuv, 2V) ;
X'X X'w, Wiw
(7.5) < T T IT > - (Exx, Exw,, Zwaw)

(7.6) (T =X'u, T TWiu, T 2X'V, T TWV) = &= (Dxu, Pwiu, Pxv, Puy)

where— and=- denote respectively convergence in probability and convergence in distribution as
T — oo, and the joint distribution of the random variablesdins multinormal with the covariance
matrix of (®'y,, @y, ,) given by

SV Pxu | _ o?Yxx oXxw,
P,y XWX Xwiw,

whereX xw, = X}y, x and detX) # 0. We know from equation (2.11) that
Yy — Z60 = WlBl((S — 60) +X’Y* +u.
Under the null hypothesié = &, the numerator of'(dy; W) is equal to

N =u/MX)W[W{M(X)W1]"'W{M(X)u/q
=u'(I — PYW1[W{(I — P)W1]"*'W{(I — P)u/q

= [T Wi - Py [ W{(I — P)W] - [T =W - Py Jax

whereP = P(X) = X(X'X)~'X’. Under the assumptions (7.4) to (7.6), we have the following
convergence:

-1
TEW((I-Pu = T TWu—(#W[X) (+X'X)  (T"7X'u)
= (I)Wl\X = (I)Wlu — EW1X 2)_(11\, Dy
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where

Vi@, x] = VI®wul + Zwix Sy VI@xd] xk Sxw,
i —1
- E[(DWIU (I),Xu] EXIX Yxw, — Xwix 2XX E[(I)Xu (I),Ww]
= Ywiw, — Lw X Uxx BXW;

and
—1
LWII-P)W, = Lwiw, —Lwix (1X'X) (4 x'w1)
- Tuaw, — Zwax Dy SXW -
Consequently

—1
N = @y (Bwiws — Zwax S Sy ) @wx/an ~ X))/

This means that we can define the confidence intervals as the sets offpdamte/hich the statis-

tic (7.3) fails to reject, using the asymptotié1 /q1 critical values or the somewhat stronger (and
probably more accurate) critical values of the Fisher distribution. Furthermore, it is easy to see that,
both under the null and the alternative, the denomin&t@onverges t@% asT — oo:

D =4 M(X, Wi))u/T

— UITU _ U’[X, Wl]{[Xv Wl}’,l[ﬂXv Wl]}il[Xv Wl}u — 0-3
Consider now a fixed alternative= ¢;. Whené = §;, we have
N = [W1B1(51 - 50) + U],M(X)Wl [W{M( ) ] 1VV M( ) [WlBl(51 — 50) + 'U,]/ql

= T 5 [(W]{M(X)W1)Bi (6 — do) + W{M(X)u) ]'[ ]
x T~7 [(W{M(X >W1>Bl(al—ao>+wl (X)u )1/q1

The behavior of the variabl& depends on the convergence limits of the terms on the right-hand
side of the last equation. It means that we can find the limivdfy showing the convergence of
the individual components. The major building block of the expressioiNfis

T—% [W! M (X)W1 B1 (61 — 60) + WIM(X)u] = T* (W) B1 (51 — 89)
+ T TWIM(X)u.

As we have showril‘*%W{M(X)u converges in distribution to a random varialig, |y and the

termT> (%) B (61 — dp) diverges in probability ag gets large. Consequently, under a

fixed alternative, the whole expression goes to infinity, and the test is consistent. It is easy to prove
similar asymptotic results for the other tests proposed in this paper.

8 Monte Carlo study

In this section, we present the results of a small Monte Carlo experiment comparing the perfor-
mance of the exact tests proposed above with other available (asymptotically justified) procedures,
especially Wald-type procedures.

A total number of one thousand realizations of an elementary version of the model (2.1)—(2.2),
equivalent to Model 1 discussed by Pagan (1984), were simulated for a sampleBf=si260. In
this particular specification, only one latent variaBlés present. The error termsérandV (where

13



e andV are vectors of length 100) are independent witf0, 1) distributions. We allow for the
presence of only one instrumental varialfein the simulated model, which was also independently
drawn from anN (0, 1) distribution. Following Pagan’s original specification, there is no constant
term or any exogenous variables included.

The explanatory power of the instrumental variaifedepends on the value of the parameter
B. Hence, we leB3 take the following values: 0, 0.05, 0.1, 0.5 and 1. Wiigis close or equal to
zero,W has little or no explanatory powere. W is a bad instrument for the latent varialdfe For
each value oBB we consider five null hypotheses:

Hy:6=4dy, fordpy=0,1, 5, 10 and50,
each one being tested against four alternative hypotheses of the form
H1:(5:51, f0r51:50+p*1(50).

The alternativeld; is constructed by adding an increment to the valu efherep* =0, 0.5, 1, 2
and 4, and/(§y) = 1 for 6o = 0, andI(dp) = dp otherwise.

Table 2 summarizes the results. In the first 3 columns, we report the valuBs gfand
the alternatived;. When the entries in columns Il and Ill are equal, we hédve= ¢;, and the
corresponding row reports the levels of the tests. The next three columns (IV, V and VI) show
the performance of the Wald-type IV-based test [as proposed by Pagan (1984)], which consists in
correcting the understated standard errors of a two stage procedure by replacing them by a 2SLS
standard error. We report the corresponding results in column IV [asymptotic (As.)]. In cases where
the level of Pagan’s test exceeds 5%, we consider two correction methods. The first method is
based on the critical value of the test at the 5% level for specific valugsanfd B in each row
of the table [locally size-corrected tests; column V (C.L.)]. The critical value is obtained from an
independent simulation with 1000 realizations of the model. Another independent simulation allows
us to compute the critical value at 5% level in an extreme case when the instrumental variable is
very bad,i.e. by supposingB = 0 also for each value of, [globally size-corrected tests; column
VI (C.G.)]. This turns out to yield larger critical values and is thus closer to the theoretically correct
critical value to be used here (on the assumption that actually unknown). In column VII, we
present the power of the exact test based on the instrument substitution method. In the following
four columns (VIII to XI) we show the performance of the exact test based on splitting the sample,
where the numbers of observations used to estimate the structural equation are, respectively, 25, 50,
75 and 90 over 100 observations. Finally, we report the level and power of a naive two-stage test as
well as the results of a test obtained by replacing the latent varialitethe structural equation by
the observed valug.

Let us first discuss the reliability of the asymptotic procedures. The level of the IV test proposed
by Pagan exceeds 5% essentially always when the para@ésdess then 0.5, sometimes by very
wide margins. The tests based on the two-stage procedure or replacing the latent variable by the
vector of observed values are both extremely unreliable no matter the value of the parBmeter
The performance of Pagan’s test improves once we move to higher values of the paf@meter
when the quality of the instrument increases. The improvement is observed both in terms of level
and power. It is however important to note that Pagan’s test has, in general, the same or less power
than the exact tests. The only exception is the sample split test reported in column VIII, where only
25 observations were retained to estimate the structural equation3 Rher then 0.5, the two
other asymptotic tests are still performing worse then the other tests. They are indeed extremely
unreliable. In the same range 8% the exact tests behave very well. They show the best power
properties compared to the asymptotically based procedures and in general outperform the other
tests.
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TABLE 2
SIMULATION STUDY OF TEST PERFORMANCE FOR A MODEL

WITH UNOBSERVED REGRESSORS

Parameter Values

Rejection Frequencies

B do 01 Wald-type IS Split-sample 2S | OLS
As.| C.L. | C.G. 25 50| 75| 90

I Il 1 V| V| VI | VI |V IX X | XL X | X
0.00 0.0 0.0 0.1 51| 51| 6.1| 52| 54| 51
0.00 0.0 0.5/ 0.0 47| 51| 44| 41| 39| 47
0.00 0.0 1.0, 0.0 56| 48| 55| 57| 54| 56
0.00 0.0 2.0, 0.0 42| 45| 45| 38| 45| 42
0.00 0.0 4.0 0.0 52| 53| 59| 43| 50| 52
0.00 1.0 10 73| 51| 51| 50| 46| 49| 48| 52| 15.7| 47
0.00 1.0 1.5 6.8 55| 55| 44| 48| 44| 54| 6.1| 157| 6.8
0.00 1.0 20 76| 59| 59| 50| 43| 48| 48| 51|179 6.5
0.00 1.0 3.0 86| 66| 66| 63| 50| 49| 50| 58|199 7.0
0.00 1.0 5.00 66| 49| 49| 44| 43| 46| 55| 46| 181 51
0.00 5.0 5.0/ 54.1| 55| 55| 51| 55| 42| 52| 49| 70.5| 69.3
0.00 5.0 7.5/ 528 54| 54| 49| 6.1| 49| 51| 4.6]| 69.7| 69.0
0.00 50 10.056.5| 57| 57| 48| 45| 6.1| 50| 4.8| 71.7| 715
0.00 50 15.050.7| 46| 46| 48| 45| 43| 45| 3.8| 66.6| 67.0
0.00 50 25.052.7| 52| 52| 46| 45| 46| 56| 50| 67.8| 68.8
0.00 10.0 10.0 69.0| 45| 45| 49| 53| 6.0/ 49| 51| 84.5| 85.0
0.00 10.0 15.0684| 57| 57| 59| 47| 50| 56| 45| 84.3| 83.9
0.00 100 20.0 68.6| 50| 50| 57| 43| 49| 47| 52| 84.6| 84.3
0.00 10.0 30.0 70.2| 49| 49| 45| 54| 52| 50| 52| 854| 844
0.00 10.0 50.068.7| 53| 53| 48| 42| 51| 56| 5.0/ 83.6| 83.1
0.00 50.0 50.086.5| 64| 64| 54| 44| 50| 51| 54| 96.9| 96.5
0.00 50.0 75.085.2| 6.7| 6.7| 6.2 39| 50| 6.6| 6.7| 95.1| 96.1
0.00 50.0 100.9 87.4| 52| 52| 46| 65| 50| 45| 55| 96.8| 96.4
0.00 50.0 150.9 85.8| 6.5| 6.5| 58| 50| 53| 59| 59| 97.1] 97.1
0.00 50.0 2500 86.7| 68| 6.8| 59| 48| 6.0| 6.2| 58| 97.1| 97.3
0.05 0.0 0.0, 0.0 48| 50| 36| 36| 53| 438
0.05 0.0 0.5 0.2 49| 51| 55| 48| 52| 49
0.05 0.0 1.0, 0.0 74| 54| 57| 62| 76| 7.4
0.05 0.0 2.00 0.3 16.6| 8.7| 11.7| 14.7| 15.7| 16.6
0.05 0.0 4.0 1.0 47.8| 16.4| 26.9| 38.1| 44.0| 47.8
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250.0

0.0
0.5
1.0
2.0
4.0

1.0
15
2.0
3.0
5.0

5.0
7.5
10.0
15.0

25.0

6.9
6.0
4.7
4.0
2.6

33.8
21.0
12.4
5.1
3.9

34.9
229
14.1
51
4.4

32.7
21.2
14.3
6.4
3.2

0.0
0.2
0.1
2.4
8.8

7.3
4.4
3.0
0.9
0.6

17.4
5.8
2.3
1.0
0.4

5.2
4.6
3.9
2.7
2.1

4.6
2.3
0.4
0.1
0.0

7.6
1.3
0.6
0.0
0.1

51
1.7
0.6
0.3
0.0

4.4
29
1.9
0.7
0.3

4.6
11
0.2
0.0
0.0

TABLE 2 (continued)

5.6
4.7
3.9
2.7
2.1

1.6
0.2
0.1
0.0
0.0

0.2
0.0
0.0
0.0
0.0

0.0
0.0
0.0
0.0
0.0

5.6
3.8
2.3
0.9
0.5

0.6
0.0
0.0
0.0

0.0

4.7
5.4
5.3
9.9
27.0

4.6
6.3
8.7
14.8
47.1

6.3
6.4
8.6
14.5
52.5

4.7
6.4
8.5
17.6
51.3

4.8
8.2
15.8
49.4
97.1

4.7
6.6
10.6
28.3
80.1

5.2
7.2
16.5
50.5
97.0

4.8
6.0
5.7
6.3
9.0

5.8
4.8
4.8
6.1
15.3

6.6
4.4
5.1
6.7
18.6

4.7
4.5
5.8
7.0
16.0

4.2
6.8
7.1
16.9
47.7

5.3
4.4
6.6
9.3
26.4

5.2
6.0
7.9
15.4
45.5
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4.4
6.0
4.6
7.4
14.9

5.3
4.6
5.6
8.6
26.2

6.3
5.8
6.1
10.4
30.1

6.0
4.9
7.0
111
28.3

4.9
7.1
8.9
29.3
78.9

51
5.6
7.3
18.7
49.4

4.7
6.4
111
27.2
76.6

4.8
5.4
5.1
8.4
23.2

5.2
5.3
7.6
11.7
39.1

6.4
5.8
6.7
13.3
40.8

5.2
5.3
7.2
151
38.7

4.5
6.9
13.9
40.7
93.2

4.5
6.3
9.5
23.8
66.1

4.8
7.4
14.0
38.7
89.4

16.9
16.9
18.1
25.3
51.1

71.7
69.7
71.9
81.2
93.6

84.8
85.8
88.9
90.0
97.5

97.5
96.9
97.7
97.0
99.8

4.8
8.2
15.8
49.4
97.1

15.2
19.8
25.8
49.5
92.4

715
73.7
81.6
94.8
100.0

7.9
7.5
7.6
7.4
5.6

72.7
71.4
69.9
66.9
59.0

84.0
78.9
79.0
74.2
62.2

92.0
89.2
86.5
79.8
65.3

14.0
16.2
14.3
10.9

7.4

78.9
74.4
73.0
65.2
46.9



0.10
0.10
0.10
0.10
0.10

0.10
0.10
0.10
0.10
0.10

0.50
0.50
0.50
0.50
0.50

0.50
0.50
0.50
0.50
0.50

0.50
0.50
0.50
0.50
0.50

0.50
0.50
0.50
0.50
0.50

0.50
0.50
0.50
0.50
0.50

10.0
10.0
10.0
10.0
10.0

50.0
50.0
50.0
50.0
50.0

0.0
0.0
0.0
0.0
0.0

1.0
1.0
1.0
1.0
1.0

5.0
5.0
5.0
5.0
5.0

10.0
10.0
10.0
10.0
10.0

50.0
50.0
50.0
50.0
50.0

10.0
15.0
20.9
30.0
50.9

50.7
75.0
100.0
150.0
250.0

0.0
0.5
1.0
2.0
4.0

1.0
15
2.0
3.0
5.0

5.0
7.5
10.0
15.0
25.0

10.0
15.0
20.0
30.0
50.0

50.0
75.0
100.¢
150.0
250.0

17.1
6.0
2.7
0.8
0.5

19.8
6.5
3.5
0.9
0.8

2.7
60.3
98.8
99.6
99.0

5.3
8.5
68.0
98.7
99.8

7.4
9.7
92.6
990.1
99.6

6.9
8.6
92.1
99.5
99.5

8.3
8.9
94.3
98.8
99.5

5.6
15
0.1
0.0
0.1

4.8
0.8
0.5
0.0
0.0

4.8
5.2
58.1
98.2
99.7

5.6
1.7
69.1
97.9
99.1

5.2
1.0
74.2
99.0
90.1

6.7
3.7
88.8
98.3
99.0

TABLE 2 (continued)

0.0
0.0
0.0
0.0
0.0

0.0
0.0
0.0
0.0
0.0

4.2
2.6
47 .4
97.5
99.6

0.0
0.0
0.0
0.0
0.0

0.0
0.0
0.0
0.0
0.0

0.0
0.0
0.0
0.0
0.0

4.7
7.0
14.1
51.9
96.5

5.9
7.7
17.7
45.9
97.2

4.6
67.7
99.9

100.0
100.0

5.0
41.4
93.4

100.0
100.0

51
66.6
99.7

100.0
100.0

5.1
67.9
99.7

100.0
100.0

4.6
69.8
99.6

100.0
100.0
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4.6
6.4
6.5
18.0
49.5

4.5
5.5
9.4
16.4
48.9

5.4
24.1
68.7
98.4

100.0

4.7
155
39.7
90.3

100.0

4.2
18.4
63.9
98.8

100.0

55
21.7
66.6
99.4

100.0

3.9
21.8
63.2
99.4

100.0

4.7
7.0
10.4
28.8
77.6

51
5.7
12.3
27.7
78.5

4.3
41.8
92.8

100.0
100.0

5.1
24.4
68.6
99.8

100.0

5.0
39.4
90.5

100.0
100.0

5.2
39.9
93.2

100.0
100.0

4.5
39.1
92.3

100.0
100.0

6.0
8.0
11.3
40.9
91.6

5.1
6.6
15.7
39.5
94.0

4.8
55.0
990.1

100.0
100.0

4.9
324
84.3

100.0
100.0

4.4
54.5
97.9

100.0
100.0

4.2
55.4
98.7

100.0
100.0

4.4
56.1
98.5

100.0
100.0

5.1 84.6
6.7 85.0
13.2
47.9 97.8
94.1

4.8 97.0
6.6 974
17.3 97.7
43.5
95.6 100.0

44 46
63.8 67.7
99.6 99.9
100.0100.0
100./0100.0

449 17.6
39.8 64.4
90.6 98.4
100.0100.0
100.,0100.0

53 69.6
61.6 97.7
99.4 100.0
100.0100.0
100.,0100.0

54 835
62.0 99.6
99.8 100.0
100./0100.0
100/0100.0

4.5 96.3
64.7 99.9
99.5 100.0
100.0100.0
10040100.0

86.0
84.8
79.4
68.9
49.3

89.6
86.1
82.2
73.1
49.7

98.4
92.8
62.6
1.7
0.1

100.0
99.9
99.2

5.4
0.1

100.0
99.7
990.1

5.6
0.0

100.0
100.0
99.4
5.2
0.3



TABLE 2 (continued)

1.00 0.0 0.00 51 5.6 4.9 5.0 5.6 58 5.6

1.00 0.0 0.5 99.5 995| 649 912 985 99.2 995

1.00 0.0 1.0 100.0 100.0| 99.2 100.0 100.0 100.)0100.0

1.00 0.0 2.0| 100.0 100.0| 100.0 100.0 100.0 100/0100.0

1.00 0.0 4.0/ 100.0 100.0| 100.0 100.0 100.0 100/0100.0

1.00 1.0 1.00 6.8 7.2 3.8/ 6.3 5.4 7.0 6.9 6. 179 99.7
1.00 1.0 15 879 892 822 933 395 683 847 90.1 981 337
1.00 1.0 2.0l 100.0 100.0 100.0 100.0f 89.9 99.8 100.0 100.p100.0 0.7
1.00 1.0 3.0l 100.0 100.0 100.0 100.0| 100.0 100.0 100.0 100/0100.0 57.3
1.00 1.0 5.0 100.0 100.0 100.0 100.0| 100.0 100.0 100.0 100/0100.0 98.1
1.00 5.0 5.00 4.8 4.4 0.00 4.1 55 4.4 4.7 484 67.2 100.0
1.00 5.0 7.5 98.8 98.3 0.0 99.6| 625 915 98.0 99.4100.0 67.6
1.00 5.0 10.0 100.0 100.0 0.0 100.0f 99.0 100.0 100.0 100.0100.0 1.3
1.00 5.0 15.0 100.0 100.0 0.0 100.0| 100.0 100.0 100.0 100/0100.0 65.9
1.00 5.0 25.0 100.0 100.0 7.3 100.0| 100.0 100.0 100.0 100J0100.0 98.3
1.00 10.0 1040 51 4.4 0.00 6.0 6.2 5.8 6.9 6.3 85.3 100.0
1.00 10.0 15.0 98.8 985 0.0 99.6| 63.1 911 97.7 99.4100.0 69.5
1.00 10.0 20.0 100.0 100.0 0.0 100.0f 99.0 100.0 100.0 100f0100.0 0.6
1.00 10.0 30.0 100.0 100.0 0.0 100.0| 100.0 100.0 100.0 100/0100.0 66.5
1.00 10.0 50.0 100.0 100.0 0.0 100.0| 100.0 100.0 100.0 100/0100.0 99.2
1.00 50.0 500 5.2 5.0 0.00 55 55 5.3 5.2 6.9 96.8 100.0
1.00 50.0 75.0 99.0 98.7 0.0 99.9| 658 914 983 99.3100.0 68.1
1.00 50.0 100.0 100.0 100.0 0.0 100.0f 98.8 100.0 100.0 100/0100.0 0.6
1.00 50.0 150.0 100.0 100.0 0.0 100.0| 100.0 100.0 100.0 100J0100.0 67.0
1.00 50.0 250.0 100.0 100.0 0.0 100.0| 100.0 100.0 100.0 100J0100.0 99.0
Notes:

I:

Il:
V:
VI:

VII:

value of parameteB;
null hypothesis;

alternative hypothesis;

Pagan'’s test;

VIII: sample split test using 25 observations

Pagan’s test locally size-corrected

(B known);

XII:

Pagan'’s test globally size-corrected

(B =0);

instrument substitution test’§);

for the structural equation;

IX: sample split using 50 observations;
X:  sample split using 75 observations;

XI:

sample split using 90 observations;
two-stage test2s);

XIlI: test with latent variable replaced by
observed vector (OLS).
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9 Empirical illustrations

In this section, we present empirical results on inference in two distinct economic models with latent
regressors. The first example is based on Tobin’s margimabdel of investment (Tobin, 1969),

with fixed assets used as the instrumental variable.fdihe second model stems from educational
economics and relates students’ academic achievements to a number of personal characteristics and
other socioeconomic variables. Among the personal characteristics, we encounter a variable defined
as “self-esteem” which is viewed as an imperfect measure of a latent variable and is instrumented
by measures of the prestige of parents’ professional occupation. The first example is one where we
have good instruments, while the opposite holds for the second example.

Consider first Tobin’s marginaj model of investment (Tobin, 1969). Investment of an indi-
vidual firm is defined as an increasing function of the shadow value of capital, equal to the present
discounted value of expected marginal profits. In Tobin’s original setup, investment behavior of all
firms is similar and no difference arises from the degree of availability of external financing. In fact,
investment behavior varies across firms and is determined to a large extent by financial constraints
some firms are facing in the presence of asymmetric information. For those firms, external financ-
ing may either be too costly or not provided for other reasons. Thus investment depends heavily on
the firm’s own source of financing, namely the cash flow. To account for differences in investment
behavior implied by financial constraints, several authors [Abel (1979), Hayashi (1985), Abel and
Blanchard (1986), Abel and Eberly (1993)] introduced the cash flow as an additional regressor to
Tobin’s ¢ model. It can be argued that another explanatory variable controlling the profitability of
investment is also required. For this reason, one can argue that the firm’s income has to be included
in the investment regression as well. The model is thus

(9.1 Ii =0 + 0Qi + 11CF; + 7o Ri + ¢

where I; denotes the investment expenses of an individual fir@ £ and R; its cash flow and
income respectively, whil€); is Tobin's ¢ measured by equity plus debt and approximated empir-
ically by adding data on current debt, long term debt, deferred taxes and credit, minority interest
and equity less inventory; andy = (vy,, 7v;, 73)" are fixed coefficients to be estimated. Given the
compound character @p;, which is constructed from several indexes, fixed assets are used as an
explanatory variable fof); in the regression which completes the model:

(9.2) Qi =By + B1Fi +vi.

For the purpose of building finite-sample confidence intervals following the instrument substitution
method, the latter equation may be replaced (without any change to the results) by the more general
equation (called below the “full instrumental regression”):

(9.3) Qi = By + B F; + B3CF; + By R; + v; .

Our empirical work is based on “Stock Guide Database” containing data on companies listed
at the Toronto and Montreal stock exchange markets between 1987 and 1991. The records consist
of observations on economic variables describing the firms’ size and performance, like fixed capital
stock, income, cash flow, stock market price, etc. All data on the individual companies have previ-
ously been extracted from their annual, interim and other reports. We retained a subsample of 9285
firms whose stocks were traded on the Toronto and Montreal stock exchange markets in 1991.

Since we are interested in comparing our inference methods to the widely used Wald-type tests,
we first consider the approach suggested by Pagan (1984). Since usual estimators of coefficient
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TABLE 3
TOBIN'S () MODEL, N = 9285
A) 2SLS estimators of investment equation (9.1 )

Dependent variable: INVESTMEN()
Explanatory Estimated Standard statistic p-value

variable coefficient error
Constant 0.0409 0.0064 6.341 0.0000
Q 0.0052 0.0013 3.879 0.0001
CF 0.8576 0.0278 30.754  0.0000
R 0.0002 0.0020 0.109 0.9134
B) Instrumental OLS regression®ependent variable?
Full instrumental regression Equation (9.2)
Regressor Estimated Stand. t p-value| Estimated Stand. ¢ p-value
coefficient  error coefficient  error
Constant | 0.6689  0.0919 7.271 0.0000 1.0853 0.1418 7.650 0.0000
F -2.7523  0.0527 -52.195 0.0000 2.4063 0.0400 60.100 0.0000
CF 21.2102 0.3188 66.517 0.0000
R 1.2273 0.0291 42.111 0.00Q00
C) Confidence intervals
Marginal confidence intervals far Projection-based simultaneous confidence
intervals (instrument substitution)
Method Interval Coefficient Interval
2SLS [0.0026 , 0.0078] Yo [0.0257 , 0.0564]
Augmented two-stage|  [0.0025 , 0.0079] J [0.0037 , 0.0072]
Two-stage [—0.0091 , —0.0029] v 0.7986 , 0.9366]
]

[
0.0025 , 0.0078] Yo [0.0033 , 0.0042
0.0000 , 0.0073]
0.0017, 0.0077]
0.0023 , 0.0078]

Instrument substitution
Sample split 50%
Sample split 75%
Sample split 90%

—

—

variances obtained from the OLS estimation of equation (9.1) @itteplaced by); are inconsis-
tent [for a proof, see Pagan (1984)], Pagan proposed to use standard two-stage least squares (2SLS)
methods, which yield in the present context (under appropriate regularity conditions) asymptotically
valid standard errors and hypothesis tests. For the 2SLS estimation of model (9.1)—(9.2), the de-
pendent variabld; is first regressed on all the exogenous variables of the sys&nthe constant,
CF;, R; and F;, whereF; is the identifying instrument fo€);, and then the fitted valugg; are
substituted foK); in the second stage regression.

The results are summarized in Tables 3A, while the instrumental OLS regressions appear in 3B.
From the latter, we see that the identifying instrumentois strongly significant and so appears
to be a “good” instrument. Table 3C presents 95% (marginal) confidence intervals for Tgbin’s
parameter based on various methods, as well as projection-based simultaneous confidence intervals
for the coefficients of equation (9.1). The three first intervals are obtained from, respectively, 2SLS,
two-stage and augmented two-stage methods by adding or subtracting 1.96 times the standard error
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to/from the estimated parameter valuBelow we report the exact confidence intervals (instrument
substitution and sample split) based on the solution of quadratic equations as described in Sections
2 and 3. Recall that the precision of the confidence intervals depends, in the case of the sample
split method, on the number of observations retained for the estimation of the structural equation.
We thus show the results for, respectively, 50%, 75% and 90% of the entire sample (selected ran-
domly). The simultaneous confidence intervals for the elements of the \ketofy,, d,v;,7v2)’

are obtained by first building a simultaneous confidence’get), with level1 — « = 0.95 for 6
according to the instrument substitution method described in Section 4 and then by both minimizing
and maximizing each coefficient subject to the restriclon Gj(«) [see Section 6]. The program

used to perform these constrained optimizations is the subroutine NCONF from the IMSL math-
ematical library. The corresponding four-dimensional confidence box has9&¥%e(or possibly
more),i.e. we have simultaneous confidence intervals (at 16G&4).

From these results, we see that all the confidence intervads éaicept for the two-stage interval
(which is not asymptotically valid), are quite close to each other. Among the finite-sample intervals,
the ones based on the instrument substitution and the 90% sample split method appear to be the most
precise. It is also worthwhile noting that the projection-based simultaneous confidence intervals all
appear to be quite short. This shows that the latter method works well in the present context and can
be implemented easily.

Let us now consider another example where, on the contrary, important discrepancies arise
between the intervals based on the asymptotic and the exact inference methods. Montmarquette
and Mahseredjian (Montmarquette and Mahseredjian, 1989; Montmarquette, Houle, Crespo and
Mahseredjian, 1989) studied students’ academic achievements as a function of personal and socioe-
conomic explanatory variables. Students’ school results in French and mathematics are measured
by the grade, taking values on the inter@al- 100. The grade variable is assumed to depend on
personal characteristics, such as age, intellectual ability (IQ) observed in kindergarten and “self—
esteem” measured on an adapted children self—esteem scale ranging from 0 to 40. Other explanatory
variables include parents’ income, father's and mother’s education measured in number of years of
schooling, the number of siblings, student’s absenteeism, his own education and experience as well
as the class size. We examine the significance of self—esteem, which is viewed as an imperfectly
measured latent variable to explain the first grader’'s achievements in mathematics. The self esteem
of younger children was measured by a French adaptation of the McDaniel-Piers scale. Noting the
measurement scale may not be equally well adjusted to the age of all students and due to the high
degree of arbitrariness in the choice of this criterion, the latter was instrumented by Blishen indices
reflecting the prestige of father’s and mother’s professional occupations in order to take account of
eventual mismeasurement.

The data stem from a 1981-1982 survey of first graders attending Montreal francophone public
elementary schools. The sample consists of 603 observations on students’ achievements in mathe-
matics. The model considered is:

+ Bs Ai + 87, ABP; + B3 EX; + BoED; + 8,7 ABS; + 3,; CS; + ¢;

where (for each individual) LMAT = /n(grade/(100— grade)),SE = /n(self esteem test re-
sult/(40 — self esteem test result)l) is a measure of intelligence (observed in kindergartery,

1The augmented two-stage method uses all the available instruments to compute the generated regressors (full in-
strumental regression), rather than the restricted instrumental equation (9.2). As with the two-stage method, OLS-based
coefficient standard errors obtained in this way are inconsistent; see Pagan (1984) for further discussion.
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parents’ incomel'E andME are father's and mother’s years of schoolifify, denotes the sibling’s
number,A is the age of the studenABP is a measure of teacher’'s absenteeiBN,indicates the
years of student’s work experiendeD measures his education in yeaAd3S is student’s absen-
teeism andCS denotes the class size. Finally, the instrumental regression is:

(9.5) SE; = v + 71 FP; + v MP; + v;

whereFP and MP correspond to the prestige of the father and mother’s profession expressed in
terms of Blishen indices. We consider also the more general instrumental regression which includes
all the explanatory variables on the right-hand side of (9.4) ex8éptThe 2SLS estimates and
projection-based simultaneous confidence are reported in Table 4A while the results of the instru-
mental regressions appear in Table 4B.

Standard (bounded) Wald-type confidence intervals are of course entailed by the 2SLS estima-
tion. Foro however, the instrument substitution method yields the confidence interval defined by
the inequality: —31.9536 6% — 84.7320 6, — 850.9727 < 0. Since the roots of this second order
polynomial are complex and < 0, this confidence interval actually covers the whole real line.
Indeed, from the full instrumental regression and ughbgsts as well as the relevahttest (Table
4B), we see that the coefficients B and MP are not significantly different from zerog. the
latter appear to be poor instruments. So the fact that we get here an unbounded confidence interval
for § is expected in the light of the remarks at the end of Section 2. The projection-based confidence
intervals (Table 4A) yield the same messagedffaalthough it is of interest to note that the intervals
for the other coefficients of the model can be quite short despite the fact thay be difficult to
identify. As in the case of multicollinearity problems in linear regressions, inference about some
coefficients of a model remains feasible even if the certain parameters are not identifiable.

10 Conclusions

The inference methods presented in this paper are applicable to a variety of models, such as re-
gressions with unobserved explanatory variables or structural models which can be estimated by
instrumental variable methods (e.g., simultaneous equations models). They may be considered as
extensions of Anderson-Rubin procedures where the major improvement consists of providing tests
of hypotheses on subsets or elements of the parameter vector. This is accomplished via a projection
technique allowing for inference on general possibly nonlinear transformations of the parameter
vector of interest. We emphasized that our test statistics, being pivotal or at least boundedly pivotal
functions, yield valid confidence sets which are unbounded with a non-zero probability. The un-
boundedness of confidence sets is of particular importance when the instruments are poor and the
parameter of interest is not identifiable or close to being unidentified. Accordingly, a valid confi-
dence set should cover the entire set of real numbers since all values are observationally equivalent
[see Dufour (1997) and Gleser and Hwang (1987)]. Our empirical results indicate that inference
methods based on Wald-type statistics are unreliable in the presence of poor instruments since such
methods typically yield bounded confidence sets with probability one. The results in this paper
thus underscore another shortcoming of Wald-type procedures which is quite distinct from other
problematic properties, such as non-invariance to reparameterizations [see Dagenais and Dufour
(1991)].

In general, non-identifiability of parameters results either from low quality instruments or, more
fundamentally, from a poor model specification. A valid test yielding an unbounded confidence
set becomes thus a relevant indicator of problems involving the econometric setup. The power
properties of exact and Wald-type tests were compared in a simulation-based experiment. The test
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TABLE 4
MATHEMATICS ACHIEVEMENT MODEL_N = 603

2SLS estimators of achievement equation (9.4)

Dependent variable: LMAT

Explanatory Estimated Standard statistic p-value

Projection-based

95% confidence intervals
(instrument substitution)

variable coefficient error
Constant -4.1557 0.9959 -4.173 0.0000 [-4.8601,-3.7411]
SE 0.2316 0.3813 0.607 0.5438 (—00, +00)
IQ 0.0067 0.0015 4.203 0.0000 [0.006600 , 0.006724]
I 0.0002 0.3175 0.008 0.9939 [-0.09123, 0.10490]
FE 0.0015 0.0089 0.172 0.8636 [-0.00914 ,0.01889]
ME 0.0393 0.0117 3.342 0.0009 [0.02868, 0.05762]
SN -0.0008 0.0294 -0.029 0.9767 [-0.1546,0.1891]
A 0.0144 0.0070 2.050 0.0408 [0.01272,0.01877]
ABP -0.0008 0.0005 -1.425 0.1548 [-0.003778 , 0.000865]
EX -0.0056 0.0039 -1.420 0.1561 [-0.01307,0.00333]
ED -0.0007 0.0206 -0.035 0.9718 [-0.0123, 0.2196]
ABS -0.0001 0.0002 -0.520 0.6033[-0.0001764 , 0.0000786]
CS -0.0184 0.0093 -1.964  0.0500 [-0.03003,-0.009790]

Marginal 95% quadratic confidence interval fér

(—00, +00)

Instrumental OLS regression®ependent variable: SE

Full instrumental regression

Equation (9.5)

Regressor Estimated Stand. t p-value| Estimated Stand. ¢ p-value
coefficient error coefficient  error
Constant | -1.2572 1.0511 -1.1960 0.232 0.8117 0.1188 6.830 0.0000
FP 0.5405 0.3180 1.7000 0.090 0.5120 0.2625 1.951 0.0516
FM 0.3994 0.3327  1.2004 0.230 0.6170 0.2811 2.194 0.0286
1Q 0.003822 0.000611 6.2593 0.000
I 0.02860 0.03161 0.9049 0.36p F-statistic for significance of FP and
FE -0.01352  0.01136 -1.1899 0.235 FMin full instrumental regression:
ME -0.004028 0.01517 -0.2655 0.791 F'(2,589) = 2.654 (p-value= 0.078)
SN -0.01439  0.03325 -0.4326 0.66bp
A 0.003216 0.008161 0.3941 0.6%4
ABP 0.000698 0.000577 1.2108 0.226
EX -0.002644 0.004466 -0.5920 0.554
ED -0.02936  0.02080 -1.4117 0.159
ABS 0.000426 0.000194 2.1926 0.029
CS 0.01148 0.009595 1.1966 0.232
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performances were examined by simulations on a simple model with varying levels of instrument
quality and the extent to which the null hypotheses differ from the true parameter value. We found
that the tests proposed in this paper were preferable to more usual IV-based Wald-type methods from
the points of view of level control and power. This seems to occur despite the fact that AR-type pro-
cedures involve “projections onto a high-dimensional subspace which could result in reduced power
and thus wide confidence regions” [Staiger and Stock (1997, p. 570)]. However, it is important to
remember that size-correcting Wald-type procedures requires one to use huge critical values that
can easily destroy power. Wald-type procedures can be made useful only at the cost introducing im-
portant and complex restrictions on the parameter space that one is not generally prepare to impose;
for further discussion of these difficulties, see Dufour (1997, Section 6).

It is important to note that although the simulations were performed under the normality as-
sumption, our tests yield valid inferences in more general cases involving non-Gaussian errors and
weakly exogenous instruments. This result has a theoretical justification and is also confirmed by
our empirical examples. Since the inference methods we propose are as well computationally easy
to perform, they can be considered as a reliable and a powerful alternative to more usual Wald-type
procedures.

References

ABEL, A. (1979): Investment and the Value of Capital. New York: Garland Publishing.

ABEL, A. AND O. J. BLANCHARD (1986): “The Present Value of Profits and Cyclical Movements
in Investment,"Econometrica, 54, 249-273.

ABEL, A. AND J. BBERLY (1993): “A Unified Model of Investment under Uncertainty,” Technical
Report 4296, National Bureau of Economic Research, Cambridge, MA.

ANDERSON T. W. AND H. RuBIN (1949): “Estimation of the Parameters of a Single Equation in
a Complete System of Stochastic Equatiodgihals of Mathematical Satistics, 20, 46—63.

ANGRIST, J. D.AND A. B. KRUEGER(1994). “Split Sample Instrumental Variables,” Technical
Working Paper 150, N.B.E.R., Cambridge, MA.

BARRO, R. J. (1977): “Unanticipated Money Growth and Unemployment in the United States,”
American Economic Review, 67, 101-115.

BATES, D. M. AND D. G. WATTS (1988): Nonlinear Regression Analysis and its Applications.

New York: John Wiley & Sons.

BOuUND, J., D. A. AEGER, AND R. BAKER (1993): “The Cure can be Worse than the Disease:
A Cautionary Tale Regarding Instrumental Variables,” Technical Working Paper 137, National
Bureau of Economic Research, Cambridge, MA.

BOUND, J., D. A. AEGER, AND R. M. BAKER (1995): “Problems With Instrumental Variables
Estimation When the Correlation Between the Instruments and the Endogenous Explanatory Vari-
able Is Weak,Journal of the American Satistical Association, 90, 443-450.

BUSE, A. (1992): “The Bias of Instrumental Variables EstimatoE;gonometrica, 60, 173—-180.

CHEN, J.-S.AND R. I. JENNRICH (1996): “The Signed Root Deviance Profile and Confidence
Intervals in Maximum Likelihood AnalysisJournal of the American Statistical Association, 91,
993-999.

DAGENAIS, M. G. AND J.-M. DUFOUR (1991): “Invariance, Nonlinear Models and Asymptotic
Tests,”"Econometrica, 59, 1601-1615.

DUFOUR, J.-M. (1989): “Nonlinear Hypotheses, Inequality Restrictions, and Non-Nested Hy-
potheses: Exact Simultaneous Tests in Linear Regressiecmjometrica, 57, 335-355.

—(1990): “Exact Tests and Confidence Sets in Linear Regressions with Autocorrelated Errors,”

24



Econometrica, 58, 475-494.

——(1997): “Some Impossibility Theorems in Econometrics, with Applications to Structural and
Dynamic Models,"Econometrica, 65, 1365-1389.

DUFOUR, J.-M.AND J. AsIAK (1993): “Finite Sample Inference Methods for Simultaneous Equa-
tions and Models with Unobserved and Generated Regressors,” Technical report, C.R.D.E., Uni-
versie de Montgal.

DUFOUR, J.-M. AND J. F. KIVIET (1996): “Exact Tests for Structural Change in First-Order Dy-
namic Models,"Journal of Econometrics, 70, 39-68.

—(1998): “Exact Inference Methods for First-Order Autoregressive Distributed Lag Models,”
Econometrica, 66, 79—-104.

DUFOUR, J.-M. AND O. TORRES (1998): “Union-Intersection and Sample-Split Methods in
Econometrics with Applications to SURE and MA Models,”Handbook of Applied Economic
Satistics, ed. by D. E. A. Giles and A. Ullah. New York: Marcel Dekker, pp. 465-505.

FULLER, W. A. (1987): Measurement Error Models. New York: John Wiley & Sons.

GLESER, L. J.AND J. T. HWANG (1987): “The Nonexistence dfd0(1 — «) Confidence Sets of
Finite Expected Diameter in Errors in Variables and Related Modé&lg"Annals of Statistics,

15, 1351-1362.

HALL, A. R., G. D. RUDEBUSCH, AND D. W. WiLcox (1996): “Judging Instrument Relevance
in Instrumental Variables Estimatior fiternational Economic Review, 37, 283—298.

HAYAsHI, F. (1982): “Tobin’s Marginal; and Average;: A Neoclassical InterpretationEcono-
metrica, 50, 213-224.

KIVIET, J.AND J.-M. DUFOUR(1997): “Exact Tests in Single Equation Autoregressive Distributed
Lag Models,”Journal of Econometrics, 80, 325—-353.

MADDALA, G. S. (1974): “Some Small Sample Evidence on Tests of Significance in Simultaneous
Equations Models,Econometrica, 42, 841-851.

MADDALA, G. S.AND J. EONG (1992): “On the Exact Small Sample Distribution of the Instru-
mental Variable EstimatorfEconometrica, 60, 181-183.

MEEKER, W. Q.AND L. A. ESCOBAR(1995): “Teaching About Approximate Confidence Regions
Based on Maximum Likelihood EstimatioriThe American Satistician, 49, 48-53.

MILLER, R. G., R. (1981). Smultaneous Satistical Inference (Second Edition). New York:
Springer-Verlag.

MONTMARQUETTE, C., R. HOULE, M. CRESPQ AND S. MAHSEREDJIAN (1989): Les inter-
ventions scolaires en milieu défavorise: estimation et évaluation. Montréal: Les Presses de
I'Université de Montgal.

MONTMARQUETTE, C. AND S. MAHSEREDJIAN (1989): “Could Teacher Grading Practices Ac-
count for Unexplained Variation in School Achievement&tbnomics of Education Review, 8,
335-343.

MURPHY, K. M. AND R. H. ToPEL (1985): “Estimation and Inference in Two-Step Econometric
Models,” Journal of Business and Economic Satistics, 3, 370-379.

NAGAR, A. L. (1959): “The Bias and Moment Matrix of the General k-class Estimators of the
Parameters in Simultaneous Equatioisbnometrica, 27, 575-595.

NELSON, C. R.AND R. STARTZ (1990a): “The Distribution of the Instrumental Variable Estimator
and itst-ratio When the Instrument is a Poor Onédgurnal of Business, 63, 125-140.

——(1990b): “Some Further Results on the Exact Small Properties of the Instrumental Variable
Estimator,”"Econometrica, 58, 967—-976.

OXLEY, L. AND M. MCALEER (1993): “Econometric Issues in Macroeconomic Models with Gen-
erated Regressorslburnal of Economic Surveys, 7, 1-39.

PAGAN, A. (1984): “Econometric Issues in the Analysis of Regressions with Generated Regres-

25



sors,”International Economic Review, 25, 221-247.
——(1986): “Two Stage and Related Estimators and their ApplicatidResjew of Economic Stud-
ies, 53, 517-538.
RICHARDSON, D. H. (1968): “The Exact Distribution of a Structural Coefficient Estimatdwyir-
nal of the American Satistical Association, 63, 1214-1226.
SavIN, N. E. (1984): “Multiple Hypothesis Testing,” iHandbook of Econometrics, Volume 2, ed.
by Z. Griliches and M. D. Intrilligator. Amsterdam: North-Holland, pp. 827-879.
Sawa, T. (1969): “The Exact Sampling Distribution of Ordinary Least Squares and Two-Stage
Least Squares Estimatordgurnal of the American Satistical Association, 64, 923—-937.
STAIGER, D. AND J. H. Srock (1997): “Instrumental Variables Regression with Weak Instru-
ments,”"Econometrica, 65, 557-586.

26



