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ABSTRACT

We investigate the validity of the standard specification tests for assessing the exogeneity
of subvectors in the linear IV regression. Our results show that ignoring the endogeneity
of the regressors whose exogeneity is not being tested leads to invalid tests (level is not
controlled). When the fitted values from the first stage regression of these regressors are
used as instruments under the partial null hypothesis of interest, as suggested Hausman
and Taylor (1980, 1981), some versions of these tests are invalid when identification is weak
and the number of instruments is moderate. However, all tests are overly conservative and
have no power when the number of instruments increases, even for moderate identification

strength.
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1. Introduction

Exogeneity tests of the type proposed by proposed by Durbin (1954), Wu (1973), and
Hausman (1978), henceforth DWH tests, are widely used in applied work to decide whether
ordinary least squares (OLS) or instrumental variable (IV) methods is appropriate. It
is now well known that if the null hypothesis of interest is specified on the whole set of
supposedly endogenous regressors, DWH tests are valid even when instruments are weak
[see Staiger and Stock (1997), Hahn et al. (2010), Guggenberger (2010), and Doko Tchatoka
and Dufour (2011a, 2011b)]. However, their validity when testing for partial exogeneity is
unclear, especially when identification is weak.

Many economic questions often involve more than one supposedly endogenous variable,
but researcher may want to challenge the exogeneity of only a subset of them. This may be
particularly motivated by some economic theory. Furthermore, efficient estimation of model
parameters requires to use available instruments only for regressors that are endogenous.
Thus, assessing individual exogeneity of supposedly endogenous regressors is an important
issue.

In this paper, we focus on the linear IV regression and question the validity of two testing
practices, based on DWH type statistics, for assessing partial exogeneity hypotheses. The
first is the use of Sargan-Hansen C-type tests ignoring the endogeneity of the regressors
whose exogeneity is not being tested [see Chaudhuri and Rose (2009)]. The second is the
extension of DWH tests to partial exogeneity hypotheses, proposed by Hausman and Taylor
(1980, 1981). Theses procedures use the fitted values from the first stage regression of the
regressors whose exogeneity is not being investigated as instruments under the partial null
hypothesis of interest. Both practices are widely used in applied work.

In both cases, we examine the size and power of the corresponding tests through a
Monte Carlo experiment, allowing for the presence of weak instruments. We find that the
use of either C-tests or Hausman and Taylor (1980, 1981) extension may lead to misleading
conclusions even when identification strength is moderate.

The remainder of the paper is organized as follows. Section 2 formulates the model
and presents the statistical problem of interest. Section 3 analyze the behavior of the tests

through a Monte Carlo experiment. Conclusions are drawn in Section 4.



2. Model, statistical problem and test statistics

We consider the following linear IV regression model

y = YB+X0+u, (2.1)

Y = ZlIl+v, X=2ZT+¢ (2.2)

where y € R™ is a vector of observations on a dependent variable, Y € R™*™v and
X € R™™ (my +my = m > 1) are two matrices of (possibly) endogenous explana-
tory variables, Z € R™*! is a matrix of exogenous instruments, v = (ug, ... , up) € R™ is
the vector of structural disturbances, v € R™*™ and £ € R™* ™= are matrices of reduced
form disturbances, § € R™» and 6§ € R™* are unknown structural parameter vectors, while
IT € R*™ and T' € R™*™= are unknown reduced form coefficient matrices. Model (2.1)-
(2.2) can be modified to include exogenous variables Z;. If so, our results do not alter
qualitatively if we replace the variables that are currently in (2.1)-(2.2) by the residuals
that result from their projection onto Z;. We shall assume that the instrument matrix Z
has full-column rank [ with probability one and [ > m.

The usual necessary and sufficient condition for identification of model (2.1)-(2.2) is
rank([IL, T']) = m. If [II, T'] is close not to have full rank, (8’, ')’ is not identifiable but
some of its linear combinations are ill-determined by the data, a situation often called “weak
identification” in this type of setup [see Andrews and Stock (2006), Dufour (2003)]. When
[II, T'] = 0, the instruments Z are irrelevant and (¢, 8’)" is completely unidentified.

We will study in turn the problem of testing the partial exogeneity of Y, i.e. the

hypothesis
HE : cov(Y, u) = 04y =0 (2.3)

where the regressors X whose exogeneity is not being tested may be endogenous. Haus-
man and Taylor (1980) [see also Hausman and Taylor (1981, p.1389, footnote 10)] pro-
pose to assess Hfj via the standard DWH specification tests upon comparing the two stage
least squares estimator (38,25 LS 98725 1.5) obtained using [V, X] as instruments, to those

(Blasrs 01.0515) obtained from [V, X], where [V, X] = P4[Y, X] and P, = Z(2'2)"'Z".



This is mathematically equivalent! to test the exogeneity of Y in model

y = Yﬁ—i—X@-ﬁ-e, (2.4)

Y = ZII+w. (2.5)

Which means that the corresponding DWH statistics can be written as a quadratic form
in the subvector of differences of the 2SLS estimates of 5 alone. An important question is
whether the tests obtained in such a way are still valid, especially when identification is weak.
The problem stems from the fact that when instruments are weak, X is not independent of
u even in large-sample. So, using X as instruments under Hf may be problematic.

From (2.4)-(2.5), we can express BOQSLS and Bl,2SLS as: BOQSLS =
(Y'MiY) 'Y'Mgy, Brosrs = (Y'MgV) 'Y'Mgy, where Mg = I, — P;. We

consider four alternative DWH type statistics written in the following unified formulation:

#; = kj(Brasrs — Bogsrs) ¥ (Biasts — Bossrs) 1 =1,2,3,4 (2.6)
51 o= 634, A=0n - Q0L 5y =5200) - 6200k, 5y =62 A, 5y = 62A,

Qv = Y’MXY/n, QLS = Y’MXY/n, 5 = (y — YBLQSLS)/MX(?/ - YBLQSLS)/”’
65 = 6%~ (Brasns — Boosns) A (Brasws — Boasws), k1 = (n— 2my)/my

6% = (y—YBoasrs) Mgy —YBoasrs)/n, ki=n,j=2,3, 4.

The statistics in (2.6) differ only through the variance estimators of the errors in (2.4)-
(2.5) and the scaling factors ;. 62 and 62 are the usual IV-based estimators (without
correction for degrees of freedom), while 53 can be interpreted as an alternative I'V-based
scaling factor. The statistic #; is an extension of Wu (1973) Ts-statistic. #; (j > 2)
are analogues to alternative Hausman (1978) type-statistics studied by Staiger and Stock
(1997), Guggenberger (2010), and Doko Tchatoka and Dufour (2011a, 2011b). The Sargan-
Hansen C-tests ignoring the endogeneity of X consist of replacing X by X in (2.6), so that

BOQSLS collapses to the OLS estimator of § in (2.1).

!See Baum et al. (2003) for further details.



Following Hausman and Taylor (1980, 1981), H} is rejected if the corresponding statistic
is greater than the desired critical value of a XQ(my)—distribution. This however requires X
be independent of the structural error, which is not guaranteed when instruments are weak.
We shall now analyze the size and power of the tests through a Monte Carlo experiment,

in both strong and weak identification setups.

3. Simulation results

In each of the following experiments, data are generated from model (2.1)-(2.2) with three

endogenous regressors (Y : n x 2, W : n x 1) by setting

up = (1+ P%l + P%Q + P?)_lm(&?lz‘ + Py €2i + Pu,E3i T PeEai),
Vi = [(1"'012;1)_1/2(%151@' + €9i), (1+Pg2)_1/2(00251z’ + &3],
& = (1 + ,02)71/2(,05611‘ + 541'), (511', €9i, €3i, 54i)/ ~ IIDN (0, 14) (3.7)

foralli = 1,...,n, p,, € {-9,-2,0,.3, 8}, p,, = pvl/\/§ and p; = 0.4. The re-
sults are qualitatively the same for alternative choices of p, and p,,. The exogeneity of
Y is then expressed as Hf : p,, = 0. Z contains [ € {3, 20} instruments each generated
IIDN(0, 1) and is kept fix within experiment. The true value of (8',0) is (2, =3, 1/2)
and [IT, T'] is chosen as: [II, T'| = WQCHHO, where Il is obtained by taking the first
three columns of the identity matrix of dimension [, C is an [ x 1 vector of ones, and
u? € {0, 10, 1000, 10000} is the concentration parameter that characterizes the strength of
the instruments. The values p? < 613 correspond to weak instruments while p? > 613 is
for strong instruments [see Hansen et al. (2008) ]. In particular, when u? = 0, the instru-
ments are irrelevant and (3, §)’ is completely unidentified. The simulations are run with
sample sizes n = 100 and 500. The number of replications is N = 10000 and the empirical
rejections of the statistics are computed using the 95% critical value value of x2(2).

Table 1 presents the results. In the first column, we report the statistics while the
second column reports the number of instruments. In the other columns, for each value of

endogeneity p,,, and instrument quality 1?2, the rejection frequencies are reported.

The first part of the table deals with the setup where the endogeneity of X is ig-



nored. As seen, all tests are seriously size distorted when identification is strong [column
Py, =0, p? € {1000, 10000}]. The size distortions persists even for n = 500. When in-
struments are irrelevant or weak [column p,, =0, u? € {0, 10}], Wy and W; are still size
distorted but Wy and Wj are overly conservative. In all cases, the maximal size distortion
of the tests approaches 40% with 3 instruments and around 50% with 20 instruments.
The second part of the table corresponds to the setup by Hausman and Taylor
(1980,1981), where [Y, X] is used as instruments under Hf. Two observations emerge
in this case depending on the sample size. Firstly, when n = 100, all tests have correct
level when identification is very strong [column p,, =0, u* = 10000], but are conservation
for moderate identification strength [column p,, =0, p? = 1000]. However, when identi-
fication is weak, W; and W, are size distorted when [ = 3 but overly conservative when
[ = 20. At the same time, W5 and Wj are overly conservative in all cases. Secondly, when
n = 500, all tests are conservative when identification is strong or moderate. With weak in-
struments, W; and W, are still size distorted when [ = 3, with maximal distortion around
12%. This suggests that the null asymptotic distributions of the statistics is far from a
x2(2)-distribution, even with moderate identification strength. Moreover, we can see that
even when p? = 1000 (moderate identification), the tests have no power when | = 20 and
Py, = —-2; .3. The sample realizations of the statistics are often close to zero even for a
relatively high endogeneity. Overall, the use of DWH tests to assess partial exogeneity hy-
potheses, as suggested Hausman and Taylor (1980,1981), may be misleading if identification
is not very strong. The use of C-type tests, as described here, is inappropriate and should

be avoided.



Table 1. Size and power at nominal level 5%

Rejections when the endogeneity of X is ignored

n = 100
pr=-.9 pp=—.2 | p1 =0 pp=.3 pp=238

Statistics | ko | p? — 0 10 1000 10000 0 10 1000 10000 0 10 1000 10000 0 10 1000 10000 0 10 1000 10000
W1 3 31.1 658 89.6 87.4 30.0 429 795 96.7  29.6 38.6 37.6 39.3 29.9 46.1 94.2 99.7 316 627 93.1 99.4
Wo 3 1.5 4.9 100.0 100.0 0.8 1.7 747 96.0 0.7 1.7 312 35.5 1.0 2.2 92.4 99.7 1.6 6.8 100.0 100.0
Ws 3 1.8 5.9  100.0 100.0 1.0 2.2 76.8 96.5 0.9 2.2 33.7 38.0 1.3 2.6 93.1 99.7 2.0 8.1 100.0  100.0
Wy 3 40.0 85.5 100.0 100.0 381 53.3 79.1 96.6 374  49.0 371 384 376 585 942 99.7  40.3 96.3 100.0 100.0
Wi 20 9.0 12.7 99.3 100.0 7.2 7.8 389 80.2 7.0 7.1 17.1 13.7 7.4 8.1 54.1 95.9 8.7 19.0 99.5 100.0
Wo 20 3.4 4.7 98.8 100.0 2.0 2.1 29.7 76.3 1.7 1.9 11.3 11.4 2.1 24 444 94.7 3.1 8.8 99.2 100.0
W3 20 4.2 5.9 99.0 100.0 2.7 2.8 326 78.7 2.5 2.4 13.2 12.7 2.8 3.2 48.1 95.5 3.9 105  99.3 100.0
Wy 20 8.6 121  99.3 100.0 6.9 7.5 38.0 79.4 6.6 6.8 16.6 13.2 7.1 7.7  53.3 95.7 84 183 99.5 100.0

n = 500
W1 3 35.6 633 99.3 99.8 342 406 80.3 99.8 33.3  39.3  50.2 32.7  33.6 443 955 100.0 35.0 80.0 93.1 100.0
Wa 3 1.4 3.1 99.4 100.0 0.7 1.4 73.0 99.8 0.7 1.1 39.8 31.3 1.0 1.4 92,6  100.0 1.5 4.5 99.5 100.0
W3 3 1.5 3.2 99.4 100.0 0.7 1.5 73.4 99.8 0.7 1.1 40.4 31.6 1.0 1.4 928 100.0 1.5 4.6 99.5 100.0
Wi 3 39.5 704 100.0 100.0 37.7 44.9 80.3 99.8 36.7 433 50.1 32.6 37.1 488 956 100.0 389 90.9 100.0 100.0
W1 20 80 10.1  95.7 100.0 6.6 6.8  30.7 91.2 6 6.7 208 29.6 6.9 7.4 48.9 99.7 7.8 15.0 978 100.0
Wo 20 3.0 3.7 93.9 100.0 1.7 1.9 215 90.3 1.4 1.7 13.2 27.2 1.8 1.8 384 99.6 2.8 6.7 97.0 100.0
W3 20 3.1 3.9 93.9 100.0 1.7 2.0 221 90.5 1.6 1.8 13.6 27.8 2.0 1.9  39.1 99.6 2.9 6.9 97.1 100.0
Wy 20 7.9 10.0 95.7 100.0 6.5 6.7 305 91.2 5.9 6.6 20.7 29.5 6.8 7.3 488 99.7 77 148 978 100.0

Rejections when [Y, X] is used as instruments under Hf
n = 100
p=—. pp=—.2 | p1 =0 pp=.3 pp=238

Statistics | ko | pu? — 0 10 1000 10000 0 10 1000 10000 0 10 1000 10000 0 10 1000 10000 0 10 1000 10000
W1 3 73 183 999 100.0 8.1 11.1 394 75.4 85 118 3.0 5.2 74 112 815 98.1 3.5 178 100.0 100.0
Wo 3 0.3 1.3 100.0 100.0 0.3 0.8  29.0 71.3 0.3 0.7 1.7 3.8 0.3 0.7 722 97.3 0.2 1.0  100.0 100.0
Ws 3 0.3 1.7 100.0 100.0 0.4 0.8  33.0 74.1 0.3 0.8 2.2 4.7 0.4 0.9 76.2 97.9 0.2 1.3 100.0 100.0
Wiy 3 9.1 23.1 100.0 100.0 10.8 14.2 38.3 74.4 10.9 15.0 2.9 4.8 9.5 148 80.6 98.0 43 219 100.0 100.0
W1 20 17.8  20.2  99.7 100.0 0.3 0.4 13.9 56.9 0.0 0.1 1.5 5.2 0.6 0.9 254 90.6 13.3  15.7  99.2 100.0
Wa 20 6.9 8.1 99.1 100.0 0.1 0.1 7.9 51.4 0 0 0.7 3.71 0.2 0.2 15.9 88.0 4.9 5.7 97.8 100.0
Ws 20 8.7 105 993 100.0 0.1 0.1 9.7 54.8 0 0 0.9 4.7 0.3 0.3 19.1 89.6 6.4 7.5 98.3 100.0
Wy 20 16.8 19.4  99.6 100.0 0.2 0.4 13.3 55.8 0 0.1 1.3 4.9 0.6 0.8 245 90.1 12.6  14.8  99.2 100.0

n = 500
Wi 3 7.5 142 100.0 100.0 9.0 106 18.6 98.5 9.39 10.7 1.6 1.2 80 109 580 1000 3.7 11.2 100.0 100.0
Wo 3 0.3 0.7 98.1 100.0 0.2 0.5 8.6 98.2 0.3 0.3 0.7 1.0 0.3 0.5 354  100.0 0.2 0.5 98.4 100.0
W3 3 0.3 0.7 98.3 100.0 0.2 0.6 9.0 98.4 0.3 0.3 0.8 1.1 0.3 0.5 36.9 100.0 0.2 0.5 98.5 100.0
Wi 3 85 15,8 100.0 100.0 10.1 11.9 184 98.5 10.5 12.1 1.6 1.1 9.0 122 57.7 1000 42 124 100.0 100.0
W1 20 5.7 6.9 93.1 100.0 0.0 0.0 0.3 69.3 0 0 0 0.5 0.0 0.0 2.7 99.1 2.3 2.5 89.5 100.0
Wa 20 1.4 1.8 80.3 100.0 0.0 0.0 0.1 64.8 0 0 0 0.4 0.0 0.0 0.8 98.8 0.5 0.6 75.0 100.0
Ws 20 1.5 1.9 81.0 100.0 0.0 0.0 0.1 65.6 0 0 0 0.4 0.0 0.0 0.9 98.8 0.6 0.7 75.9 100.0
Wiy 20 5.5 6.8 93.0 100.0 0.0 0.0 0.3 69.0 0 0 0 0.5 0.0 0.0 2.6 99.1 2.3 2.4 89.4 100.0




4. Concluding remarks

In this paper, we question the validity of the use of standard DWH specification tests for
assessing partial exogeneity hypotheses. Our results show that these tests are invalid (level
is not controlled) if the endogeneity of the regressors whose exogeneity is not being tested
is ignored within inference. When the fitted values from the first stage regression of these
regressors are used as instruments under the subset null hypothesis of interest, we find
that some versions of the tests are invalid when identification is weak and the number of
instruments is relatively moderate. However, all tests are overly conservative and have no
power when the number of instruments increases, even for moderate identification strength.
So, applying them to assess partial exogeneity hypotheses, as it is often the case in applied
work, may be misleading. This underscores the importance to develop tests that do not

exhibit these problems when testing for partial exogeneity.

Acknowledgments

The author thanks Mardi Dungey (University of Tasmania), Jean-Marie Dufour (McGill

University) and Russell Davidson (McGill University) for helpful comments and suggestions.

References

Andrews, D. W. K., Stock, 2006. Inference with weak instruments. In: R. Blundell,
W. Newey, T. Pearson, eds, Advances in Economics and Econometrics, Theory and
Applications, 9th Congress of the Econometric Society Vol. 3. Cambridge University
Press, Cambridge, U.K., chapter 6.

Baun, C. F., Schaffer, M. E., Stillman, S., 2003. Instrumental variable and GMM: Esti-
mation and testing. Technical report, Department of Economics, Boston College, USA

Boston, USA.

Chaudhuri, S., Rose, E., 2009. Estimating the veteran effect with endogenous schooling
when instruments are potentially weak. Technical report, IZA Discussion Papers No.

4203.



Doko Tchatoka, F., Dufour, J.-M., 2011a. Exogeneity tests and estimation in IV regressions.
Technical report, Department of Economics, McGill University, Canada Montréal,

Canada.

Doko Tchatoka, F., Dufour, J.-M., 2011b. On the finite-sample theory of exogeneity tests
with possibly non-gaussian errors and weak identification. Technical report, Depart-

ment of Economics, McGill University, Canada Montréal, Canada.

Dufour, J.-M., 2003. Identification, weak instruments and statistical inference in economet-

rics. Canadian Journal of Economics 36(4), 767-808.

Durbin, J., 1954. Errors in variables. Review of the International Statistical Institute 22, 23—

32.

Guggenberger, P., 2010. The impact of a Hausman pretest on the size of the hypothesis

tests. Econometric Theory 156, 337-343.

Hahn, J., Ham, J., Moon, H. R., 2010. The Hausman test and weak instruments. Journal

of Econometrics 160, 289-299.

Hansen, C., Hausman, J., Newey, W., 2008. Estimation with many instrumental variables.

Journal of Business and Economic Statistics 26(4), 398-422.
Hausman, J., 1978. Specification tests in econometrics. Econometrica 46, 1251-1272.

Hausman, J., Taylor, W., 1981. Panel data and unobservable individual effects. Economet-

rica 49(6), 1377-1398.

Hausman, J., Taylor, W. E., 1980. Comparing specification tests and clissical tests. Technical

report, Department of Economics, MIT Boston, MA.

Staiger, D., Stock, J. H., 1997. Instrumental variables regression with weak instruments.

Econometrica 65(3), 557-586.

Wu, D.-M., 1973. Alternative tests of independence between stochastic regressors and dis-

turbances. Econometrica 41, 733-750.



2012-07

2012-06
2012-05

2012-04

2012-03

2012-02
2012-01

2011-06

2011-05
2011-04

2011-03

2011-02

2011-01
2010-12

2010-11
2010-10
2010-09
2010-08
2010-07

2010-06

2010-05
2010-04
2010-03

2010-02
2010-01

School of Economics and Finance Discussion Papers

Identification-Robust Inference for Endogeneity Parameters in Linear Structural Models, Firmin Doko
Tchatoka and Jean-Marie Dufour

Specification Tests with Weak and Invalid Instruments, Firmin Doko Tchatoka

Liquidity and Crude Oil Prices: China’s Influence Over 1996-2011, Ronald A. Rattia and Joaquin L.
Vespignani

On the Validity of Durbin-Wu-Hausman Tests for Assessing Partial Exogeneity Hypotheses with Possibly
Weak Instruments, Firmin Doko Tchatoka

Endogenous Crisis Dating and Contagion Using Smooth Transition Structural GARCH, Mardi Dungey,
George Milunovich, Susan Thorp and Minxian Yang

Testing for Partial Exogeneity with Weak Identification, Firmin Doko Tchatoka

On the Correspondence Between Data Revision and Trend-Cycle Decomposition, Mardi Dungey, Jan
PAM Jacobs and Jian Tian

Systematic and Liquidity Risk in Subprime-Mortgage Backed Securities, Mardi Dungey, Gerald P.
Dwyer and Thomas Flavin

A SVECM Model of the UK Economy and The Term Premium, Mardi Dungey and M. Tugrul Vehbi

Do Contact Matter in the Process of Getting a Job in Cameroon? Firmin Doko Tchatoka and Urbain
Thierry Yogo

Subset Hypotheses Testing and Instrument Exclusion in the Linear 1V Regression, Firmin Doko
Tchatoka

First home Buyers’ Support Schemes in Australia — Results Spreadsheet, Mardi Dungey, Graeme Wells
and Sam Thompson

First home Buyers’ Support Schemes in Australia, Mardi Dungey, Graeme Wells and Sam Thompson

Financial Crises in Asia: Concordance by Asset Market or Country?, Mardi Dungey, Jan P.A.M. Jacobs
and Lestano

Innovation Contracts with Leakage Through Licensing, Shane B. Evans

Franchise Contracts with Ex Post Limited Liability, Shane B. Evans

Menus of Linear Contracts in Procurement with Type-Dependent Reservation Utility, Shane B. Evans
Decomposing the Price Effects on the Cost of Living for Australian Households, Paul Blacklow

Modelling the Time Between Trades in the After-Hours Electronic Equity Futures Market, Mardi
Dungey, Nagaratnam Jeyasreedharan and Tuo Li

Cojumping: Evidence from the US Treasury Bond and Futures Markets, Mardi Dungey and
Lyudmyla Hvozdyk

Assessing the Impact of Worker Compensation Premiums on Employment in Tasmania, Paul Blacklow
Non-Linear Pricing with Homogeneous Customers and Limited Unbundling, Hugh Sibly

Detecting Contagion with Correlation: Volatility and Timing Matter, Mardi Dungey and Abdullah
Yalama

From Trade-to-Trade in US Treasuries, Mardi Dungey, Olan Henry and Michael McKenzie
Economic Assessment of the Gunns Pulp Mill 2004-2008, Graeme Wells

Copies of the above mentioned papers and a list of previous years’ papers are available from our home
site at http://www.utas.edu.au/economics-finance/research/




	CoverPage_2012_04
	2012-04 _DP_Doko
	back cover_17Sept_2012

