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Abstract

Missing observations are a rule rather than an exception in panel data.
In this paper we discuss several tests to check for the presence of selec-
tivity bias in regression estimates based on panel data. One approach to
test for selectivity bias in these estimates is to specify the missing data
mechanism explicitly and to estimate the response mechanism and the regres-
sion equation jointly. Alternatively, one can derive the asymptotically
efficient Lagrange Multiplier test once an assumption on the response
mechanism has been made. Both approaches are computationally demanding as
e.g. multivariate probit models have to be estimated. We propose the use of
simple variable addition and (quasi) Hausman tests to test for selectivity
bias and compare the power of these tests with the asymptotically efficient
tests using Monte Carlo methods.



1. Introduction

Missing observations are a rule rather than an exception in panel data
sets. It is common practice in applied economic analysis of panel data to
analyze only the observations on units for which a complete time series is
available. Since the seminal contributions of Heckman [1976, 1979] and
Hausman and Wise [1979] it is well known that inferences based on either the
balanced sub-panel (with the complete observations only) or the unbalanced
panel without correcting for selectivity bias, may be subject to bias if the
nonresponse 1is endogenously determined. Because the estimation of the full
model including a response equation explaining the missing observations, is,
in general, rather cumbersome (cf. Ridder [1990], Verbeek [1989]), it is
worthwhile to have some simple tests to check for the presence of selec-
tivity bias which can be performed first. An obvious choice for such a test
is the Lagrange Multiplier test, which requires estimation of the model
under the null hypothesis only. As will be shown in this paper, the com-
putation of the LM test statistic is still rather cumbersome and, in
addition, its value is highly dependent on the specification of the response
mechanism and the distributional assumptions (cf. Manski [1989]). In this
paper we will therefore consider several simple tests to check for the
presence of selectivity bias without the necessity to estimate the full
model or to specify a response equation. A consequential advantage of these
tests is that they can be performed in a simple way in cases with wave
nonresponse, where all information on individuals is missing in some
periods, as well as unit nonresponse, where only information on the en-
dogenous variable may be missing.

For ease of presentation we will in this paper restrict attention to
the 1linear regression model, although several of the tests can straightfor-
wardly be generalized to nonlinear models. Consider
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where xit is a k dimensional row vector of exogenous variables of individual

i in period t, B is a column vector of unknown parameters of interest, oy
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and eit are unobserved random variables and T and N denote the number of
periods and the number of individuals (households, firms) in the panel,
respectively. We assume that observations on Yie are available if a latent

»*
variable rit is nonnegative only, for which we assume

*

Tit
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with Zit a row vector of exogenous variables, possibly containing (partly)
the same variables as Xit' and n;, an unobserved random variable. Following
Chamberlain [1984] we assume that,

s, = Z. . W T W+ ee t T B (3)

where 51 is independent of all Zit's, in order to account for possible
*

correlation between 51 and the explanatory variables in Zit' Substitution in
(2) yields
. 4
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The (observed) indicator variable Tie is defined as I(rit > 0) and we define

_ T _ ¢
c; = nt=1rit' so that ci =1 if and only if yit is observed for all t. We
assume that rit and Z1t are always observed and that Yie and Xit are ob-
served as well if T = 1. Normality of the error terms in (1) and (4) is

assumed for convenience. In particular, we assume that the unobserved random

variables are normally distributed according to
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with g = (eil""'eiT) and ny (nil'é"’niT) . For identification of the
probit model we will impose (as usual) dn - ds = 1. Throughout, we impose
the (important) assumption that (ei, ni, 5i. ai) is independent of X and

it
th (vist)e

The fully efficient maximum likelihood estimator of the parameters in
the model can be derived using e.g. the results in Ridder [1990], but this
will in general be a computationally highly demanding and time consuming
estimation procedure, which is unattractive in applied work (cf. Nijman and
Verbeek [1989]). In this paper attention will be paid to several simple
testing procedures that can be used to check whether selectivity bias is
seriously present, and thus to decide whether such a complicated estimation
procedure is required. First, we shall have a look at the consequences of
selective nonresponse on four commonly used estimators for the parameter
vector B in (1), namely the fixed effects and the random effects estimators
based on the balanced sub-panel and the unbalanced panel. Second, we suggest
several simple tests for selectivity bias and compare the power properties
of these tests with those of the Lagrange Multiplier test.

The paper is organized as follows. In Section 2, where analytical conditions
for the fixed effects and random effects estimators on either balanced or
unbalanced panels to be (asymptotically) unbiased are derived, we show that
the fixed effects (FE) estimator is more robust to nonresponse biases than
the random effects (RE) estimator. In Section 3 numerical results from a
Monte Carlo study are presented to illustrate these findings. In Section 4
we show how differences between the FE and RE estimators from a balanced and
unbalanced design can be used to construct simple (quasi) Hausman tests of
selectivity bias, while Section 5 discusses other tests for selectivity
bias, including some simple variable addition tests and the (asymptotically
efficient) Lagrange Multiplier test. In Section 6 a Monte Carlo study is
used to investigate the power properties of the proposed tests in comparison
with the LM test. Finally, Section 7 contains some concluding remarks.



2. Selectivity bias in the fixed and random effects estimators

In this section we will derive conditions for the (asymptotic) bias of
the fixed effects (or "within") estimator of the regression coefficients B
in (1) to be zero. Subsequently, we will consider the random effects es-
timator. If we define iit as the value of xit in deviation from its
(observed) individual mean, i.e.

T
w, I b2 B, 20 (6)
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=0 otherwise

and analogously for ;it' the FE estimator based on the unbalanced panel is
given by (cf. Hsiao [1986], p. 31)1)

Bpp(U) = [ g % & e ]-1[ ig g Fiets ] El

i=1 t=1 =1 &=1

and the one based on the balanced sub-panel by

]
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Evidently, ﬁFE(.) is consistent (for N 2 =) if selection given Zit is
completely random, i.e. if the hypothesis HO: Gen = Uu; = 0 holds.

Moreover, as already noted by Heckman [1979] in the cross sectional sample
selection model, no bias in the slope parameters will occur if m, = ... =

1
= rl =0 or if Z 5 is independent of X., . We shall now turn to the ques-

m
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tion whether weaker conditions for consistency can be derived. Letting By =
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consistent estimators (for N = =) of B if

it is straightforward to show that pB__.(U) and B_.(B) are
2) FE FE
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respectively. Consequently, a sufficient condition for both conditions

(9) and (10) to hold is that

r; } =0, £ e amiTe L ® LawseslNe {113

In Appendix A we show that for the case of normally distributed errors
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Equation (12) implies that ﬁFE is consistent not only if den = 0, but also

if E{ 51"‘1:

(see Appendix A) that there is no selectivity bias if the probability of an

| r, } does not vary over time. The latter condition implies

individual of being observed is constant over time, even if Gen # 0. This is
caused by the fact that the correction term for selectivity in (1) is ab-
sorbed in the fixed effect if it is constant over time. This was noted
earlier in a different model by Meghir and Saunders [1987]. Since (12) does
not contain °us' a correlation between the individual effects in the struc-
tural equation (1) and the probit equation (4) does not result in a bias in
the fixed effects estimator. In this case selectivity has an effect on the
structural equation which is fixed for a given individual over all periods
in which its dependent variable is observed.

Next we consider the random effects estimator (cf. Hsiao [1986, p. 34
ff.]). Defining ¢ = (1, 1,..., 1)' of dimension T,
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* denotes the Hadamard (elementwise) product, the random effects
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where

estimator based on the unbalanced panel can be written as

L = S, N S o i L. et N SN
Pl = [ o By By xi] [ I % (@) yi] . =

i=1

where A+ indicates the Moore-Penrose inverse of A. If only the complete

observations in the panel are used the random effects estimator is given by

5 A -1 N -
X,Q "Xcg ] [ _2 X,
i=1

1

N
2 ¥4¢4 ] ; (14)

Bog(B) = [ L

Note that these estimators can easily be computed using OLS on transformed
data even if the unbalanced panel is used (see, e.g., Baltagi [1985] or
Wansbeek and Kapteyn [1989]).

The estimators BRE(') are (asymptotically) unbiased if

E{ o, +e T } =0 & E Apaseals 35 1,595 , N (15)

it l
In case of normally distributed errors, the expectation of eit given selec-

tion is given by (see Appendix A)

-2
E{eitlri)—dendn [E(si*nitlri}

(16)



while the conditional expectation of «
Appendix A)

i given selection is given by (see

iy
Blo leying— [ {8 nlr (17)

Note that the second term on the righthand-side of (16) and the righthand-
side of (17) cancel out in (15) and hence have no effect on the bias if
da;/cen = dg/di, which restriction was implicitely imposed by Hausman and
Wise [1979]. Clearly, 6«; = den = 0 implies that (15) will hold. However,
the condition that E{ 51*"1t | ry } does not vary with t which is sufficient
for the consistency of pFE is not sufficient for the consistency of ﬂRE' For

the latter we either need that E{ 5y | T, } is constant and T » = (since

g !
the FE-estimator and the RE-estimatgr are equivalent when T tends to
infinityS)) or that E{ ;i+n1t | Ty } is constant and c“i = -cen, which does
not seem to be very likely in practice. Thus, the fact that for small T the
estimator AFE is more robust to selective nonresponse than ERE might be a
reason to prefer the fixed effects estimator although of course some ef-
ficiency is lost by this choice if in fact den = au; = 0 (and the model is
correct) .

The size of the bias is determined by the projection of the conditional
expectation that was derived above on the (transformed) Xit's. Although it
is possible to analyze the effects of changes in model parameters on the
conditional expectation of the (transformed) error term analytically (cf.
Ridder [1988]), it is, in general, virtually impossible to give analytical
expressions in terms of the model parameters for projections of these expec-
tations on the explanatory variables, i.e. of the biases in the estimators.
To obtain some insight in the numerical importance of the bias in the four
estimators discussed above, we will present some numerical results in the

next section.
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3. Some numerical results on the pseudo true values of the RE and FE es-
timators.

In this section we will present some numerical results on the pseudo
true values of pFE and BRE for a simple model consisting of equations (1)
and (4) with only one exogenous variable included besides the constant term.

This exogenous variable (z = xit) is assumed to be generated by a Gaussian

it
AR(1) process with mean zero, autocorrelation coefficient e and variance
ci. For simplicity we have imposed equality of all nt's in (3). The model

used for simulation is thus given by
= BO + ﬁlxit +o 4 ey (18)

Yit it

* -

Tig ¥ * ¥ ¥y * WXy Y 5y gy, (19)

where ii is the average value of the xit's over time.

We consider two possible specifications for the selection equation, one
in which m is a priori set to zero (in which case selection in period t is
determined by xit)' and one in which ¥ is a priori set to zero such that
the average value of X; . over time determines selection. Given this choice
of specification, the relative biases of the estimators for ﬁl in this
model, defined as (ﬁl-Bl)/Bl. where ﬁl is the pseudo true value of the

respective estimators for ﬂl. depend on

- T, the number of time periods;
2.2 2.=1

= 0 = da(da#de) , the importance of the individual effect in equation
(18);

- pS = di. importance of the individual effect in the selection equation;

= O the autocorrelation coefficient of Xy

- Py = O(yo). the (unconditional) probability of observation when Xy = 0

for all t;
2 2 XD D D=
Ry " plcx(pldx+6a+de)

1. the (theoretical) R2 of equation (1);
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- Ri. the R2 of the selection equation; Ri = ridi(ridi+1)-1 if m = 0, or
Ri = nzdi("265+1)-1 4f ¥y = 0 with ag = 65(3 + hpx + 29i)/9 (the variance
of ;i);

and

- Pen = den/dedn, the correlation between the error shocks in (18) and (19);

- Pag' the correlation between the individual effects in (18) and (19).

If we assume that all correlations are nonnegative, all parameters,
except T, are restricted to the interval [0,1]. Without loss of generality,
it is assumed that ¥, >0or mw> 0. In Table 1 estimated relative biases
(relative differences between the estimated pseudo true values and the true
values) of the four estimators discussed above are given for several com-
binations of parameter values and T = 3. The number of replications is
chosen in such a way that all standard errors are smaller than .005.
Although, as always, it is difficult to draw definitive conclusions from
results for specific parameter values the results in Table 1 suggest the

following points.

- The biases in the estimators can be substantial. In some cases it is even
possible that the sign of the pseudo true value is opposite to the sign of
the true value of pl. Moreover, like other simulation results (not
reported in this paper) suggest, if the true Bl parameter is equal to zero
(which implies that Ri = 0), a significant effect of the explanatory
variable on Yie can be found. This phenomenon is also known from the
standard (cross section) sample selection model of Heckman [1979].

- The bias is negative in all cases for which a selectivity bias is expected
from the analytical results of the previous section. Thus, as one would
expect, the parameter of interest is wunderestimated if selection is
positively affected by the corresponding variable (rl >0, m> 0) and if
the covariances between the error terms in the structural equation and the

- Y 10 da; > Q). If ¥y (or m) and the

covariances have opposite signs, the parameter Bl would be overestimated.

probit equation are positive (o



Table 1. Relative bias
and an unbalanced panel

=§ 9k

(in %) in the FE and RE estimators from a balanced

Reference situation: T = 3, Ri = 1, Ri = .9, ey = =i [ px = .7,
Py = -5, ey = .1 and Por = 5,
A] m=0, pen = .9
REF.  R2=.9 R°=.1 ¢=.9 =3 p=0(1) ¢,=.9 =.9
- v B Pa . Px . po 9; pas
Estimator
FE(B) -78 -8 -49 ~-25 -90 -61 -28 =77
RE(B) =79 =9 -49 =27 =93 -61 =39 -81
FE(U) -98 -10 -50 -33 -101 =77 -37 -98
RE(U) -116 -13 -53 -39 -115 -88 -56 =121
3) = 5
B] m=0, Pen =0
2 2
REF R =.9 Ro=.1 e =.9 e¢.=.3 p=®(1) ¢.=.9 ¢ .=.9
Estimator 4 E & e 4 5 b
RE(B) -6 -1 =5 -2 -6 -6 =17 ~1x
RE(U) -6 -1 -4 -6 -7 -5 -19 -12
ikl ¥, =0, ¢ 9
1 ' Yen B
2 2
REF R=9 R=.1 ¢-=9 ¢3=.3 p,=8(1) ¢,=.9 ¢ 9
Estimator ¥ L « X 0 5 ok
RE(B) -34 =3 -38 =l =17 =27 =17 -35
RE(U) 74 . -4y -4 -41 -61 =43 75
Notes: 1) The number of replications in each situation is chosen in such a
way that all standard errors are smaller than 0.5 %.
2) All simulation results are obtained using the NAG-library sub-
routines GO5CCF and GOS5DDF.
3) From the analytical results we know that the fixed effects es-

timators are consistent in this case, which was confirmed by the

Monte Carlo results.
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- Although the fact that the conditions for the fixed effects estimator to
be consistent are weaker than those for the random effects estimator does
not necessarily imply that the bias in the latter is always larger than
that in the first, our simulations show that this is in fact the case. If
there is a difference between the RE and FE pseudo true values, it is in
favor of the latter estimator. This result is caused by the fact that we

> 0. In the not very likely situation where ¢ < 0

3 of
and psn > 0, the bias in the random effects estimator may in fact be

have assumed that e

smaller. If the amount of bias is used as criterion for choosing an es-
timator, it is obvious from our analytical and numerical results that the
fixed effects estimator is likely to be preferable to the random effects
estimator.

- For almost all situations we consider, the bias in the estimator based on
the unbalanced panel is larger (in absolute value) than that in the same
estimator based on the balanced panel; if it is smaller the difference
between the two estimates is negligible given the size of the Monte Carlo
experiment. This somewhat surprising result suggests that a balanced panel
may be preferred to an unbalanced panel. A possible explanation for this
result might be that the individuals that are not observed in all periods
have on average a lower probability of being observed, thus also a lower
probability in those periods they are observed, implying a larger correc-
tion term in the regression equation. In the standard sample selection
model of Heckman this would mean that for those individuals Heckman's

lambda deviates more from zero.

Keeping all parameters fixed at some level except one, it may be pos-
sible to say something about the change of the bias if that one parameter is
changed. It is evident from the analytical results and also from the
numerical results above that a rise in Rz will cause a decrease in the
absolute value of the bias, simply because a rising Ri diminishes the role
of the error terms o, and Eie
absolute value of the bias, since it increases the correlation between the

On the other hand, a rise in Ri increases the

probabilities of being observed and the explanatory variable(s) xit' For

po > 3 (ro > 0), an increase in pO diminishes this correlation and therefore
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decreases the absolute value of the bias. Obviously, increasing the
(absolute values of the) correlation coefficients pen or Pu; (already being
nonnegative) causes a rise in the absolute value of the bias of all es-
timators. A more important individual effect in equation (18), e,» seems to
reduce the absolute value of the bias; the effect of px and Pg however is

ambiguous.

4. Hausman tests for selective nonresponse

In Section 2 four estimators of B have been presented which are all
consistent in the absence of selective nonresponse (i.e. if pen = Pa; = 0),
namely the fixed effects estimators based on the balanced (sub)panel and the
unbalanced panel and the random effects estimators based on the balanced and
unbalanced panel. It will be clear from the analytical and numerical results
in the previous sections that it is quite unlikely that the pseudo true
values of either two estimators are identical, unless both estimators are
consistent. Therefore, it is possible to construct a test for selectivity
bias based on the differences between either two, three or four estimators.

Letting
B = ( Bpg(B), Bpg(U), Bip(B), Bro(U) )" 5B, N (20)

and \'% the corresponding asymptotic variance covariance matrix, the
hypothesis RB = O can be tested using

5z = N B'R' (RVR') RB, (21)

which is asymptotically distributed as a central Chi-square with d degrees
of freedom under RE = 0 (the null hypothesis), where A" denotes a
generalized inverse of A and d is the rank of RVR'. Note that the asymptotic
Chi-square distribution is also valid in cases with non-normal errors in (1)

and (4) if some regularity conditions are met (see, e.g., Newey [1985]).
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In order to be able to compute the test statistics in (21) for the
restrictions we would like to test, the full matrix V is needed. Using the
following property (see, e.g., Hausnan [1978]) of an efficient estimator 9
for 9 and any consistent estimator 9 for @ )

Cov { 9E -9,.,9 = (), (22)
and the definitions of the four estimators it can be shown that all blocks
in the matrix V are a function of the variance covariance matrices of the

four estimators in B only. In particular, it holds that

Viz. V22 Vag Vi
a1
v,, v,vily v
- 22 22v11 33 Vuu 2
33 Ly

where V,, = V{Bgp(B)}, V,, = V{A(U)}, Vi3 = V{Rgg(B)} and Vy, = ViR (V).
Using (23) any test statistic given in (21) can easily be computed. Two
obvious candidates from the tests that compare two out of four possible
estimators, are those comparing the fixed or random effects estimators from
the balanced sub-panel and the unbalanced panel, where R = R1 =s[I=T100]
or R = R2 = [ 00 I -1I], respectively. Two other choices, R3 =[I0-10]
and Ru =[ 0IO0-I], result in the standard Hausman specification test for
uncorrelated individual effects (see, e.g., Hsiao [1986, p. 48]) and its
generalization to an unbalanced panel, respectively. A fifth test compares
the FE estimator in the balanced sub-panel and the RE estimator in the
unbalanced panel (R5 =[I00-I]), while for the last possible test R6 =
[0I-I0]. The first five tests are easy to compute since the variance
covariance matrix RVR' in the test statistics is simply the difference
between two diagonal blocks of V, in particular, the difference between the
variance of the consistent estimator and the efficient estimator. For the

sixth test neither of the two estimators is efficient and the variance
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covariance matrix is somewhat more complicated. Any test statistic based on
comparison of three or four estimators tests two or three of the hypotheses
Riﬁ = 0. Note that any combination of three restrictions from Riﬁ = 0 yields
an equivalent null hypothesis with equivalent test statistics.

Unlike in the standard case the Hausman tests proposed above are based
on estimators which are all inconsistent under the alternative. In the very
unlikely case where all estimators would have identical asymptotic biases
these tests will have no power at all. Keeping this in mind the null
hypotheses (Hé: Riﬁ = 0) of the tests above can be translated into
hypotheses in terms of the model parameters. If we define

is constant over ¢t (the fixed effects

FE
Hy

3 Pen =0 or Zitr

estimators are consistent), and

(the random effects and the fixed effects estimators are

=0 Jor [ zit' is constant over t and o

consistent),

then the following relationships hold:

— HRE - Hi, 1. = Biiss%.6
H 0 0
0
FE i I
=p HO = Ho
For conducting inferences it is not relevant whether H.: © =0 =0
FE 0 of €n
is true or not, but whether HgE or HO is correct, since inferences will be

based on either the random effects or the fixed effects estimator.
Therefore, the Hausman tests may be appropriate instruments for checking the
consistency of these estimators, although they are only able to test for the
stronger hypotheses Hé. If both HgE and HgE
inconsistent. In this case one can choose for the fixed effects estimator

are false all estimators are

from the balanced sub-panel (since it probably has - given our Monte Carlo

results - the smallest bias), or compute an efficient random effects or
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fixed effects estimator correcting for selectivity using the results from
Ridder [1990] or Verbeek [1989], respectively.

Note that only the first test statistic (based on R ) is appropriate
for checking HO , while any other test statistic can be used for HRE The
optimal testing procedure seems to be to test for the stronger hypothe51s
first (HR ), and, if this test rejects, test subsequently for the weaker one
(H " Of course, it is preferable to use the most powerful test out of all
possible tests for the hypothesis HgE. However, the analysis of statistical
power is extremely difficult if not impossible, not only because the test
statistics are not mutually independent, but also because we are working
with Hausman specification tests for which the null hypotheses Hé cannot be
written down in a simple parametric form. Therefore, standard results on the
power of Hausman tests (cf. Holly [1982]) and on sequential testing (see,
e.g., Mizon [1977], Holly [1987]) are not applicable in this situation.

With respect to the question whether a single Rii = 0 (= 1,5:::6) B
a combination of two or three restrictions should be tested, one can note
that which of these testing procedures is more powerful depends on the
differences between the possible pairings of estimators. If, e.g., Rkﬁ ~ 0
and RlB > 0 then the test based on Rt will be more powerful than the test
based on both Rk and Rl and also more powerful than the one based on Rk
only. Thus, to obtain some ideas about the power properties of the tests, we
are forced to numerical analyses, which is the subject of the Section 6. If
only a single restriction is tested (one Ri is chosen), nothing can be said
analytically about the power properties either. The test with the highest
power is the one which is based on the estimators with the largest possible
difference between the pseudo true values and the smallest difference bet-
ween the corresponding variances. Again, numerical analysis should answer

the question.
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5. Some other tests for selective nonresponse

Given the model in (1) and (4) and the assumed normality of the error
terms in (5) is it possible to write down the likelihood function (cf.
Ridder [1990]) and to derive the Lagrange Multiplier test statistic for the

null hypothesis that aen = =0 (Ho). Computation of this test statistic

(¢
requires estimation of the cziplete model under the null, which necessitates
numerical integration (over one dimension) for the response equation (4),
which is a random effects probit model. In addition, the scores with respect
to all parameters in the model are required to compute the test statistic
from the first derivatives of the loglikehood, since there does not appear
to be any form of block diagonality of the Fisher information matrix under
the null.

If we define the (endogenously determined) transformation matrix Ri
such that it transforms Lg%y * €y into a Ti vector of observed elements, the

loglikelihood contribution of individual i is given by
L, = log f(Riyi’ ri) = log f(rilRiyi) f(Riyi). (24)

Because under Ho the two components in the right hand side of (24) depend on
non-overlapping subsets of the vector of parameters, the score contributions
with respect to the parameters in (1) can be found in Hsiao [1985, p.
39]7), while those for the parameters in (4) can be derived from a standard
random effects probit likelihood (see Appendix B). The most difficult score
contributions are those with respect to the two covariances dag and den; the
latter even requires double numerical integration (see Appendix B). Because
estimation under Ho requires numerical integration (for each individual) for
the probit part of the model and computation of each score contribution also
requires numerical integration over one or two dimensions, the LM test is

rather unattractive in applied work.

For the cross sectional sample selection model Heckman [1976, 1979]
proposed a simple way to test for selectivity bias and to obtain consistent
estimators. As discussed in Ridder [1990] this method can be generalized to



-19-

the case of panel data, where two correction terms to equation (1) are added
instead of just the one variable known as Heckman's lambda (or the inverted
Mill's ratio). These two correction terms are the conditional expectations
of the two error terms (ui and eit) given the sampling scheme, as given in
(16) and (17) evaluated at the (consistent) parameter estimates of the
probit model under the null hypothesis. The two unknown covariances da; and

den are not included in these correction terms but are the corresponding
true coefficients in equation (1). Obviously, consistent estimation of these

coefficients Oy and Uen allows one to check whether nonresponse is selec-

tive or not. Since estimation of the parameters in the response equation as
well as computation of the conditional expectation of ;i * nit in (16) and
(17) requires numerical integration, these generalized Heckman [1979] method
is still computationally unattractive. Because the parameters of the two
correction terms are not estimated efficiently, the test based on Heckman's

procedure is not efficient.

Because of the computational burden of the generalized Heckman [1979]
procedure, it may be worthwhile to have some simple variables that can be
used instead to approximate the true correction terms to check for selective
nonresponse. If the nonresponse is endogenously determined one could have
the intuitive notion that the pattern of missing observations has in one way
or another an influence on the relationship between the endogenous and the
exogenous variables. A simple way to check whether such influence is present
is to include a variable in the regression equation comprising the effect of
the missing data pattern, for example the number of waves the individual is
participating or a dummy indicating whether the individual is observed in
all waves or not, and to check whether this variable enters the equation
significantly. In fact this is just a simple way of trying to approximate
the Heckman [1979] 1like correction terms which are known to have nonzero
coefficient when the null is not true. In many cases the additional
variables are constant over time for each individual implying that the
corresponding parameters are not identified in the case where the individual
effects o, are treated as fixed. In this section we shall therefore restrict

i
attention to random effects estimators. We consider three possible variables
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that can be included in the regression equation. First, Ti = ZT the

e

s=1"1is’
number of waves individual i participates, second ci = H:=1ris. a 0-1
variable equal to 1 iff individual i is observed in all periods and third,
L indicating whether individual i is observed in the previous period

or not. Note that = 0 by assumption. We are forced to using the un-

r
balanced panel since iniége balanced panel the added variables are identical
for all individuals and thus incorporated in the intercept term.

Although one could have the intuitive feeling that at least one of the
added variables has an influence on the relationship between Yit and Xy if
there is selective nonresponse, there is no theoretical argument for this
effect being linear and thus the power of the tests may be doubtful. If we
denote the coefficient for the added variable w, say, by L then the null
hypothesis for the variable addition test is Hg: rw = 0. Note that HO
implies H; but that the converse is not true.

In the next section where we present some numerical results on the
power of the simple tests proposed in this and the previous section, we
compare these tests with the Lagrange Multiplier test, which is known to be

asymptotically efficient for testing the null hypothesis Ho.

6. Some numerical results on the power of the tests

In the preceding two sections a number of tests are proposed which can
be used to check whether selectivity bias is present or not. In this section
we present numerical results on the power properties of the Hausman tests,
the wvariable addition tests and the LM test for the parameter values that
were already used in Section 3. Note that we do not consider the generalized
Heckman test which is as hard to compute but asymptotically less powerful
than the asymptotically optimal Lagrange Multiplier test. Because we
transform the t-statistics in the variable addition tests into the cor-
responding Wald tests, the large sample properties of all tests are
determined by the decentrality parameter and the number of degrees of
freedom of a limiting xz-distribution. The decentrality parameters have been

estimated by Monte Carlo. For the (quasi) Hausman tests, for example, and a
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sequence of local alternatives, E =B + Z/JN (where £ is a 4 dimensional
column vector), it holds that

L

5, = NB'R' (RR')” BB 5 2 (3'R'(RVR')TRE ) = x5(85), N> = (25)

Using the estimated pseudo true values 5 from Section 3 and the correspon-
ding estimated variances V. the decentrality parameter 6R can be estimated
by

ER = nB R' (RVR')™ RA. (26)

For the variable addition tests proposed in Section 5 we extend the
random effects estimator based on the unbalanced panel given in (13) to
include the additional regressor w. If the random effects estimator for the
coefficient rw is denoted by rw with asymptotic variance Vw. the Wald
variable addition test satisfies

“2:-1 L 2,22.-1, 2

g, = Navh B xEV) = x((8), N> (€2)
under a sequence of local alternatives rw = i//N. The decentrality parameter
8w can thus straightforwardly be estimated by

2 c2:5-1

8w = nxwvw (28)
from which (approximate) probabilities of rejection for sample size n can be
computed.

The Lagrange Multiplier test statistic is given by

N N -1 N
Sy = 2 (2L,/%0)" [igl(aLi/ae)(aLi/ae)'] Toeue | L. (@)
o]

where Li is the loglikelihood contribution of individual i, & is the full

parameter vector (including ca; and Gin) and 90 the estimate for 9 under Ho.
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The decentrality parameter of the asymptotic Chi-square distribution (under
a sequence of local alternatives) SLM can be estimated by

S = (/N) £y (30)

where ;LM equals the expression in (29) evaluated in the ML estimator (under

2 2 2 2
HO) for B, Oy and 66. zeroes for ca; and den and the true values for 65. dn
and ¥y (m). The latter is allowed since the ML estimator for these parameters
under HO is consistent under the alternative. Details on the computation of
;LM are presented in Appendix B.

The estimated decentrality parameters for six Hausman tests, three
variable addition tests and the LM test are presented in Table 2 for the
parameter values used in Section 3 to determine the pseudo true values of
the four estimators. The numbers presented in the table are the estimated
decentrality parameters for a sample size of 500, i.e. n = 500, based on a
sample size in the Monte Carlo experiment of N = 25,000. The implied
probabilities of rejection (at a nominal size of 5%) for any number of
observations can be computed using Table 3. Note that the estimators are not
normally but (non-centrally) Chi-square distributed, which makes computation
of confidence intervals difficult. Based on the asymptotic normality of the

parameter estimators the variance of § approximately satisfies
V(&) = n®/N° (d + N/n §) (31)

where d is the number of degrees of freedom, and where we use the fact that
N/n g is Chi-square distributed. It is important to note that this variance
increases with the true value §. For large enough § the corresponding stan-
dard error for N = 25,000 and n = 500 is (approximately) given by 0.283/§.
Looking at panel A of Table 2 first, where both HgE and HgE are false,
we see that in this case none of the variable addition tests has any power.
Obviously, these variables are under these data generating processes not

capable of approximating the Heckman [1979] like correction terms or the
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Table 2. Decentrality parameters of the Chi-square distributions of several

tests for selective nonresponse at n = 500 and T = 3

" 2 _ 2 _ 2 =
Reference situation: T = 3, Ry [ Rr = .9, e, = oL, 0 = oils
Pp= <5 €y = .1 and g, =<5
A] =0, By, = B
REF. R2=.9 Ro=.1 @ =9 ¢ =3 py=8(1) ¢,=.9 e ,=.9
¢ Tal B 0.5 0, Py ps-. pa;-.

Hausman tests:

DF
FE(B~U) i 1.41 1.27 0.07 2.00 0.31 1.52 0.26 1.05
RE(B~U) ¥ 7.23 6.00 0.06 3.55 1.53 7.48 1.84 7.33
U(FE~RE) 1 0.8 0572 0.03 1.76 0.60 0.43 1.13 0.72
FE(B)~RE(U) 1 2.07 1.81 0.01 3.55 0.85 1.43 1.37 1.66
B(FE~RE) 2 2.04 1.64 0.04 2.02 0.89 1.83 1.39 2.49
U(FE~RE)
RE(B~U) 2 "1.27 6.04 0.10 4.25 1.69 7.48 2.44 7.34
FE(B)~RE(U)
Variable addition tests:

DF
ztrit 1 0.01 0.01 0.04 0.14 0.03 0.11 0.10 0.04
rrtrit 1 0.03 0.03 0.00 0.24 0.04 0.04 0.17 0.14
Ty e-1 1 0.02 0.01 0.01 0.02 0.00 0.14 0.03 0.02
Lagrange Multiplier test:

DF
LM 2 55.1 4g9.2 5.46 31.3 58.5 57.3 14.1 66.3
Bias in the RE estimator (unbalanced panel):
% bias -116% -13% -53% -39%  -115% -88% -56% -121%
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B] " =0,¢
2 2. B
REF. Ry .9 Rr' 1 pu-.9

Hausman tests:

DF
RE(B~U) 1 0.07 0.06 0.00 0.02
U(FE~RE) i | 0.12 0.35 0.06 0.72
FE(B)~RE(U) 1 0.06 0.45 0.04 0.18
B(FE~RE) 2 0.17 0.44 0.00 0.79
U(FE~RE)
RE(B~U) 2 0.15 0.36 0.07 0.73
FE(B)~RE(U)
Variable addition tests:

DF
Ztrit 1 0.09 0.07 1.88 0.61
ntrit b ! 0.06 0.09 1.31 0.39
ri,t-l 1 0.00 0.12 0.16 0.00
Lagrange Multiplier test:

DF
LM *) 2 1.33 0.13 4.12 4.95
Bias in the RE estimator (unbalanced panel):
% bias -6% -1% -4 -6%

*) If the restriction o,
of freedom. n

= 0 is imposed a priori this test has

Q BB Q@ 9 ©

.04

212

<11

.32
A7
.14

.06

o o o

.02
.01
.00

.02

.05

.22
w21

.04

-15

0.00
0.81
0.81

0.98

0.84

0.98

0.27

5.92

-19%

0.41
0.38
0.57

0.64

-12%

one degree
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Table 2 (continued)

c] ¥, =0 e, = -9

REF. R=.9 R=1 .29 e.x=3 py=#1) e;=9 e,=-9

Hausman tests:
DF
RE(B~U) 1 19.6 19. 0.10 1.47 11.4 20.7 8.96 17.7

U(FE~RE) 1 19.9  18. 3.73 6.68 22.4 15.2 4.35 19.3
FE(B)~RE(U) 1 16.0  1k. 1.56 2.50 15.1  12.7 3.93 15.3

313 760 27.1 28.3 139 29.2

w N wF

B(FE~RE) 2 30.6  29.
U(FE~RE)

RE(B~U) 2 29.4 28.4 3.74 6.86 24.5 27.5 11.4 27.9
FE(B)~RE(U)

Variable addition tests:
DF

ztrit 1 29.9 27.6 0.09 3.92 36.7 27.0 16.0 24.9
"trit 1 22.7 21.6 0.08 3.16 30.6 21.6 13.9 18.5
T 1 2.80 2.29 0.05 0.04 5.85 2.10 0.59 2.19

Lagrange Multiplier test:
DF

LM 2 7549 '73.6 13.7 20.1 83.8 66.8 12.1 83.0

Bias in the RE estimator (unbalanced panel):

% bias -74% =7% -4huy -4% -41% -61% -32%  -75%

Notes: 1. Estimated decentrality parameters are based on 25,000 individual
observations.
2. Estimates for decentrality parameters for sample size n can be
obtained by multiplying the numbers by n/500.
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Table 3. Probabilities of rejection (at 5%) for several decentrality

parameters
decentrality parameter
DF 0 1 2 3 4 5 10 20
1 .05 = .29 41 e .61 .89 .99
2 .05 +13 «23 %32 42 .50 .82 .99

power properties of the Heckman test are poor as well. With regard to the
Hausman tests, the results in Table 2 suggest that the test based on com-
parison of the random effects estimators in the balanced and the unbalanced
panel (the second test) is more powerful than all other tests based on
comparison of two estimators. The same holds with respect to the two tests
not presented in the Table. Looking at the tests that compare two pairs of
estimators (the fifth and the sixth test in Table 2), the latter seems to
perform relatively well, although it is not performing uniformly better than
the best one degree of freedom test. The test statistic based on comparing
all four estimators (which is not reported in the Table) does not result in
a very powerful test compared to those tests based on two pairs of es-
timators, since the additional degree of freedom has a much more dominant
effect on the power than a (fairly small) rise in the decentrality
parameter. For panel A of Table 2, the LM test is obviously far more power-
ful then any Hausman test. Note that the power of all tests reduces
substantially if the R2 of the selection equation is reduced from .9 to .1;
the bias in the estimators is however still substantial (53% for the random

effects estimator from the unbalanced panel).

If Gin = 0, i.e. if the error shocks in the struct;;al equation and the
selection equation are uncorrelated, but da; # 0 (so Ho is true and HgE is
not; panel B) all tests seems to have limited power only. Even the power of
the LM test is very limited in this case, in which, of course, the null

hypothesis Ho is only violated in one direction (dag # 0). Since the bias in
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the fixed effects estimators is zero in this case, while that in the random
effects estimators is small (as is apparent from Table 1), this does not

seem to be a situation to worry about.

As shown in panel C of Table 2, the power of all tests appears to be
larger in the case where the response is determined by an individual effect
which is correlated with the regressor (m # O and ¥ = 0) than in the case
where the regressor itself determines the response (m = 0 and '1 # 0 with
the same Rz of the probit equation). Note that for the Hausman tests com-
paring FE and RE estimators we have a standard situation in which one of the
estimators in the test statistic is consistent even if the null hypothesis
does not hold. Remarkably, the variable addition tests have fairly good
power properties as well, especially the one based on adding the number of

waves an individual is participating (X The one based on including

tFie) -
ri,t-l has only very limited power. Concerning the Hausman tests, the one
comparing the RE and FE estimator in the unbalanced panel, which is the
standard Hausman test for uncorrelated individual effects, has the largest
power of the 1 degree of freedom tests. In some cases it is worthwhile to
combine two restrictions and perform a two degrees of freedom test. It
should be clear from the simulation results in the table that it is well
possible that the standard Hausman [1978] specification test for testing the
hypothesis that the individual effects are uncorrelated with the explanatory

variables rejects due to the presence of selectivity bias.

Unfortunately, none of the simple tests seems to have uniformly better
power properties than the others, so we cannot recommend one particular
test. The power of all tests seems to depend crucially on the fact whether
HSE is false or, if it is true, why HFE

0
latter case (r1 = 0) the power of most simple tests is quite reasonable,

is true (den =0 or i = 0). In the

while it is not if Gen = 0. In line with the Monte Carlo results above, we
are tempted to say that both the second and the third Hausman test (RE,
balanced vs. unbalanced, and unbalanced, FE vs. RE, respectively) perform
relatively well and may be a good choice in applied work. The best choice
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for a variable addition test seems to be to include ztrit in the structural
equation.

It should be noted from Table 2 that it is not the case that the power
of the (asymptotically optimal) Lagrange Multiplier test (for HO) increases
with the size of the bias in the random effects estimator in the unbalanced
panel. In some cases the bias in the estimators is substantial while the LM

test only has limited power.

So far, we have only considered numerical analyses for a three wave
panel (T = 3). If T increases, the number of individuals in the balanced
subpanel (keeping all parameters fixed) will decrease, which may increase
the differences found between the estimators from the balanced and the
unbalanced panel. Moreover, the difference between the fixed effects es-
timator and the random effects estimator for a given sample will get
smaller, since the weight of the between estimator in the random effects
estimator is inversely related with T (cf. Hsiao [1986, p.36]). This sug-
gests that the power of the Hausman tests comparing estimators from the
balanced and unbalanced panel will increase with T and that of the standard
Hausman specification tests will decrease with T. For larger T the second
Hausman test (comparing the random effects estimators from the balanced and
unbalanced panel) is probably the most attractive way to test hypothesis

3

7. Concluding remarks

In this paper we suggested several simple tests to check the presence
of selective nonresponse in a panel data model. We considered the selec-
tivity bias of the fixed and random effects estimators and showed that the
FE estimator is more robust to nonresponse biases than the RE estimator. In
particular, the FE estimator will be consistent as long as the probability
of being observed of a given household is constant over time. Several simple
Hausman tests have been suggested which are based on the differences in the
pseudo true values of these estimators. Furthermore, some variable addition

’
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tests are proposed which can be used to test for selectivity bias. Neither
of these tests requires estimation of the model under selectivity nor a
specification of the nonresponse mechanism.

A Monte Carlo study shows that not only the conditions for consistency
of fixed effects estimator are weaker than that for a consistent random
effects estimator, but also that the bias of the FE estimator is likely to
be smaller than that of the RE estimator in cases where both estimators are
inconsistent. The numerical results also indicate that the bias resulting
from a balanced sub-panel is likely to be smaller than that from the un-
balanced panel.

Although the proposed Hausman and variable addition tests have poor
power properties in some cases, they may be a good instrument for checking
the importance of the selectivity problem. In particular when response is
partly determined by an individual effect which is correlated with the
regressor the power of several Hausman tests and variable addition tests is
quite reasonable in comparison with the Lagrange Multiplier test. For prac-
tical purposes at least two Hausman tests can be recommended: the one
comparing the random effects estimators from the balanced and unbalanced
panel, and the one comparing the RE and FE estimators in the unbalanced
panel (the standard Hausman test for correlated individual effects). A test
that is even simpler is the variable addition test including Ti = ztrit in
the specification of equation (1). This test also seems to perform quite

reasonable in practice.
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Appendix A. Some technical details on Section 3

If ¢t = (1, 1, .., 1)' of dimension T, it is readily verified form (5)

that
2 '
oy da g dag‘
€ : N | O ceI Genl (A.1)
5il*n1 Uil # dit('
which yields
62
= -2 o e L
Bl lagen ) mo, o [1-FE—w Jogen, w2
5 n

and proves (16) and (12) if we use the definition of ;i and take expec-

£
tations conditional upon ril""' riT'

It also follows that

= =2 i P - '
Blay |50 en b ooy a20 [1 = ] gieenp. @3
3 n

which proves (17) after taking conditional expectations upon TigreeeoType

Moreover, since E { ;i | ri } is fixed over time and since

P((Zyr + 5,)/0,)
Elngg ey d= J ¥((Zy 0 + 5,)/0,)

£(5, | r, ) ds,; 1 ey, =1,

where ¢ and & are the standard normal density and distribution function
respectively, and f(;i | ri) is the conditional density of ;i given selec-
tion (see Ridder [1990]), it is evident that there is no selection bias if
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Zitr is constant over time, i.e. if the probability of an individual of

being observed is constant for all t.

Appendix B. The Lagrange Multiplier test statistic for selectivity bias
The loglikelihood contribution of individual i in the full model is given by

L, = log f(r |R;y,) f(Ryy,). (B.1)

where f(r IRiyi is the 1likelihood function of a (conditional) T-variate
probit model and f(Riyi) is the 1likelihood function of a Ti-dimensional
linear error components model (cf. Hsiao [1986, p. 38]). The second term is

simple and can be written as

T e
- S - S 2 2
log f(Riyi) = > log 2m > log 65 5 log (ue + Ti“u)
(B.2)
T ~ - Ty 5 o
= = Boo Vs = B JB) - si=m——a (§, = By = XB)™:
265 t=1 b i s it Z(Us*Tidi) o 0 6 &

The first term in (B.1l) is somewhat more complicated because we have to
derive the conditional distribution of the error term in the probit model.
e it) (where L is treated as non-
stochastic), the conditional expectation of the error term 51 + g, is given

by

From (5) and defining v rit(ai¢e

(B.3)
[o] 0'2 4 [} T
= rit_s,Zl [vit - _'a_z z vis] = 2_°th Ivig= ciye say.
c a +T. o~ s=1 o +T,o_ s=1
€ 1c € 1

Using (5) the conditional variance of 51‘"1t can also be derived. It is

straightforward to show that the conditional distribution of §i+nit given
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Vil”"’viT corresponds with the (unconditional) distribution of the sum of
three normal variables Uje v Vg v TV, whose distribution is charac-
terized by
E{ v } = E{ vy, } =0, E{ ug } = Cier
2 2 2 o 2
V{ U } = dn - rltdtn (1 s¢» say
V{wv,. }-= 62 - T a (c +T az) say
1i 3 ia Wy
2 P = P 2.-1
Vv { Vo } = Gendaae (6£+Tid“) = w,, say
Cov { Vige Yoy } = “5 sn(d +T 6 ) W15, say,

and all other covariances equal to zero. For notational convenience we do

not explicitly add an index i to the (co)variances S, and w . Note that
2 2 o . ;
Cyp = 0 8, = an, Q) = U; and ©, 0 under HO' Like in the unconditional

error components probit model (cf. Heckman [1981]), the likelihood function
can be written as (dropping the Zis"s terms for notational convenience)

T
£lrglRyyy) = Byl T &(d; s, RERCERCHE ORI 8

where the expectation is taken over ”11 and v21 and dit = Zrit-l. It is this
likelihood function that has to be differentiated w.r.t. the unknown
parameters Y, d? and aus and den' However, the expectation operator depends
on the unknown parameter vector 9 (because the density of ”11 and v21 is not
defined with respect to the same measure under Ho and the alternative),
implying that the order of taking expectations and differentiating is not
interchangeable. This problem can easily be solved by defining two new
integration variables that are both standard normally distributed (under the

null and the alternative), 11 and 12. say. Then we obtain
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T
-1
f(rilﬂiyi) = J J tr=r1<1>(ditst [Zitr+cit¢ait‘tl+bit‘cz]) (7 )p(t,)dr, dr,

(B.5)
where
I, -1/2 _ e 0N 1)
Sk = ¥ TyeMiply el T e T .
Since f(Riyi) does not depend on dm; and den’ differentiating the log of the

expression above and evaluating the result under HO yields the scores w.r.t.

the two covariances. Using the fact that for any element y of the parameter

vector (¥, di. Ua;’ Uen)'
L /3 = [ df(r Ry )/3v 1/ £(r;IR;y,) (B.6)
with
af‘(ri|Riyi) T T
—_—1 JJ b || @ (.) 2@ _(.)/3y p(1))e(7,) dr,dr,, (B.7)
s=1 t=1
t#s
the score w.r.t. da; can easily be derived using the following equality
(under HO)
2%, (.)/30,, = p(d, 0 [Z, 0+0,7,]) (4,./0,)( 3¢, /30 + 3?36 1)
[ e of it n it £1 16" 1t" ok ok 1”°
(B.8)
Similarly, for aen, we use
3 (.)/3c._ =
. =% (B.9)
-1 2 -2, 2 2,-1
p(ditdn [Zitx+c§rl]).(dit/cn).( acit/aaen + T, T50.0, (o'e + Tida) )

from which the score w.r.t. den under HO can easily be derived. Note that
both 2 and T, occur in the integrand such that numerical integration over
two dimensions will be required.
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For the scores w.r.t. y and 6: =1 - 62 it suffices under H. to look at

0
'c)f‘(ri)/':)x and Bf(ri)/ao‘;, where (cf. Heckman [1981])
& -1
f(ri) = tgl¢(ditdn [Zitx + dgzl]) p(zl) dz, . (B.10)

Both scores will require numerical integration over one dimension.

Notes

1 This estimator is only defined if at least one individual is observed
more than once; for finite samples there will generally be a small but
nonzero probability that this is not the case, but for practical purposes
this can be ignored. Similar remarks hold for all other estimators
presented below.

2 The conditional expectations given in the sequel are also conditional on
the exogenous variables, but for the sake of notation these are omitted.

3 A case in which this sufficient condition is not necessarily met but
condition (9) holds, is the situation where observations are missing

deterministically (given Zit) (E{ritlzit} = = 0), for example if

o
being on vacation implies nonresponse. Ozsiously, the normality as-
sumption of the error terms in (4) is not appropriate in that case.

4 For expository purposes we ignore the fact that in practice unknown
variances have to be replaced by consistent estimates.

5 This equivalency also holds when the model is not correctly specified, as
in our case.

6 This property can be used for an efficient and a consistent estimator
within any class of estiTators satisfying: if él and éz are members of
this class, then A91 + 892 is also a member of this class (for any square
matrices A and B). In deriving (23) we apply (22) for the classes of
(linear) estimators using the balanced sub-panel or the unbalanced panel
and the class of estimators treating the individual effects as fixed
constants (using the unbalanced panel).
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7 Note that (3.3.20) in Hsiao (1986) contains a typing error; the first -
sign on the second line should read a + sign.
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