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1 Introduction

This paper starts from the same set of conditions as those used by Honoré and Lewbel
(2002) for identification of the parameters of a binary choice model with individual
specific effects and explanatory variables that are predetermined as opposed to strictly
exogenous. Their associated estimator, which converges at rate root n, requires high
dimensional nonparametric first step. The present paper first proposes numerically
simpler estimators for this model, based on parameterizing a model of one regressor.
A related identification concept for cross section selection models proposed by Lewbel
(2005) is then extended to panel models, and is similarly simplified by parametrically
or semiparametrically modeling one regressor.
First consider the binomial response (binary choice) panel model

yie = I(vie + 250 + 0 + € > 0) (1)

where ¢ = 1,2,...,n, and t = 1,2,...,T. The asymptotics to be considered is T
fixed and n — oo. Here I(-) is the indicator function that equals one if - is true
and zero otherwise, v;; is a regressor having a coefficient that has been normalized to
equal one, z; is a J vector of other regressors, 3 is a .J vector of coefficients, «; is an
individual specific (“fixed”) effect, and the distribution of the errors €; is unknown.
We will speak of «; as being drawn from some distribution, but it will be treated as
a fixed effect in that no attempt is made to model this distribution, and «; will be
differenced out to estimate [3.

The model (1) was considered by Rasch (1960) and by Andersen (1970) who
showed that the parameter [ can be estimated by a conditional likelihood approach
provided that the errors, {€;}, are independent and logistically distributed and inde-
pendent of the sequence of explanatory variables {v;;, x;;}. Manski (1987) generalized
this approach by showing that S can be estimated by a conditional maximum score
approach as long as the sequence {¢;} is stationary conditional on the sequence
of explanatory variables {v;,z;}. Honoré and Kyriazidou (2000) generalized the
approaches of Rasch (1960), Andersen (1970) and Manski (1987) by considering a
binary choice model with strictly exogenous explanatory variables as well as lagged
dependent variables. Honoré¢ and Lewbel (2002) allows for general predetermined
explanatory variables (not just lagged dependent variables) and results in a root-n
consistent estimator, as opposed to the slower rate of Honoré and Kyriazidou’s es-
timator. The cost is that a strong assumption is made on one of the explanatory
variables v;. By permitting estimation of 5 in (1) at rate root—n, this assumption
also overcomes a result by Chamberlain (1993) who showed that even if all the ex-
planatory variables are strictly exogenous and the distribution of €; in (1) is known,
the logit model is the only version of (1) in which  can be estimated at rate root-n.
Honoré and Lewbel (2002) works by applying the cross section binary choice estimator
of Lewbel (2000) to construct a linear moment condition from (1), and then applies
standard methods used for linear panel data models to the resulting linear moment



condition. In particular, this allows for predetermined and endogeneous regressors
exactly as in linear models.

The key assumption is that «;+¢€; in (1) is conditionally independent of one of the
explanatory variables, v;;. This assumption is strong. However, given Chamberlain’s
result it is clear that some additional assumption is needed in order to construct
estimators that are root-—n consistent.! The requirement is conditional independence.
This means that when the value of z;; (and instruments z;) are known, additional
knowledge of the one regressor v;; does not alter the conditional distribution of «;+¢;;.
This assumption is similar to Hausman and Taylor (1981), but differs from theirs
because their assumption is unconditional.

Whether the assumption made here is reasonable depends on the context. It
will naturally arise in applications where —uv;; is some cost measure and z,3 + «; is
some benefit measure, or vice versa. Adams, Berger and Sickles (1999) argue that
such an assumption is appropriate in a particular linear model of bank efficiency.
In labor supply or consumer demand models, where the errors and fixed effects are
interpreted as unobserved ability or preference attributes, the assumption will hold
if there exists explanatory variables that are assigned to individuals independently
of these unobserved attributes (an example might be government benefits income).
Maurin (1999) applies a similar conditional independence assumption in a model of
whether students repeat a grade in elementary school, using date of birth as the
special regressor, and Alonso, Fernandez, and Rodriguez-Péo (1999) use age as the
independent regressor in a duration model application. Explanatory variables based
on experimental design, as in Lewbel, Linton, and McFadden (2001), would also
satisfy the assumption. On the other hand, it is clearly not a reasonable assumption
in a structural model of the type considered by Heckman and MaCurdy (1980) where
the fixed effect is related to all the explanatory variables by construction.

The second model to be considered is a panel selection or treatment model

Yit = I(O < vy + M($;t> Qy, Ez‘t) < A) (2)

pit = (VB + 3B, + i + €it) i (3)

So p;; is some outcome we wish to model, and y;; indexes whether an individual ¢
is selected or treated in time ¢, or more generally indexes if p;; is observed. Let

'Tn some situations it may be more appropriate to take a random effects approach like the one in
Chen, Heckman and Vytlacil (1998). Such an approach typically requires assumptions about initial
conditions, and about the relationship between the individual specific effect and the explanatory
variables, but these additional assumptions often lead to much more precise estimators (if they are
satisfied). As pointed out by Wooldridge (2001) such an approach also leads to parameters that
are more easily interpretable. Arellano and Carrasco (2000) propose methods for a different panel
data discrete choice model that the one considered here. Their model is less general than ours, but
their approach captures many of the desirable features of both fixed and random effects. The class
of models and parameters considered by Altonji and Matzkin (2000) is in some ways more general
than ours, but although endogeneity is permitted, their model cannot accomodate dynamics.



i = VB, + v B, + i + e If pf, is observed then it equals p; and y;; = 1, otherwise
pit = Yi = 0, and in that case p}, is what p; would have equaled if it had been
observed, which could be a counterfactual. For example, in a classic wage model
(Gronau 1974, Heckman 1974, 1976), y;; = 1 if individual 7 is employed in time t, pZ,
is the wage individual 7 would get if employed in time ¢, and p;; is the observed wage,
which is zero for the unemployed. Both p}, and y;; depend on observable covariates
such as measures of schooling or training, but they may also depend on common
unobservables such as ability, so errors e;; and €;; and fixed effects «; and ¢; can all be
correlated with each other in unknown ways, meaning that the selection or treatment
is confounded and nonignorable.

The goal for the selection model is estimation of 5 = 3., 8,. The unknown
M, = M (2%, ¢;, €;) will not need to be parameterized or estimated. Common models
of selection are special cases of equation (2) in which A is infinite. In a wage model,
the typical assumption is that one chooses to work if the gains in utility from working,
indexed by the latent v, + My, are sufficiently large. Examples in which A is finite
arise in ordered treatment or ordered selection models. For example, if an ordered
choice model with latent variable v;;+ M;; determines an individual’s years of schooling
and y;; indexes having exactly 12 years of schooling then individuals with v+ M;; < 0
choose 11 or fewer years while those with v; + M;; > A choose 13 or more years. We
might then be interested in modelling the returns p;; from having just 12 years of
schooling. The lower bound of zero is a free normalization.

The next section summarizes Honoré and Lewbel’s theorem for identification of
£ in the binary choice panel model by expressing it as a function of estimable data
densities and expectations. Simple root n consistent estimators are then provided.
Next the selection model identification result, which is a panel extension of Lewbel
(2004), is provided along with its corresponding simple estimators.

2 Binary Choice Identification

To ease exposition, for this section the theoretical results will be presented using a
single pair of time periods,  and s, and a corresponding vector of instruments z;,
which is assumed to be uncorrelated with ¢;; in both periods. z; would typically consist
of predetermined regressors up to period min {r, s}, although other instruments could
be used (including time-invariant ones). The simple estimators described in later
sections will allow for additional time periods

Identification of the panel binary choice model is obtained by treating one regres-
sor, v;, as special. Assume that the coefficient of vy is positive (otherwise replace vy
with —uv;;), and without loss of generality normalize this coefficient to equal one.

ASSUMPTION A.1: Equation (1) holds for i = 1,2,...,n,and t = 1,2,...,T.
For t = r and t = s the conditional distribution of v; given x;; and z; is absolutely
continuous with nondegenerate conditional density f;(vi; | i, 2;)-



ASSUMPTION A.2: For each t, let e;; = «; +¢€;;. Assume e;; is conditionally inde-
pendent of v, conditioning on z;; and z;. Let F.i(ey | xi, 2;) denote the conditional
distribution of e;;, with support denoted by Qe (i, 2;).

ASSUMPTION A.3: For t = r and t = s, the conditional distribution of v;; given
x; and z; has support [ L, K] for some constants L; and Ky, —oo < Ly < 0 < K; < o0,
and the support of —x},0 — e;; is a subset of the interval [L;, Ky|.

ASSUMPTION A.4: Let ¥, = E(xyzl) and X, = E(z;2)). E(eyrz;) = 0 and
E<Eiszi) - O E(&izi)7 2zza Exr27 and Eacsz eXiSt- Zzz and (Zxrz_Exsz)EZZI(Zxrz_szz)/
are nonsingular.

In the special case of a; = 0 for all ¢ (no fixed effects), for each time period t,
these assumptions reduce to the assumptions in Lewbel (2000), which provided an
estimator for 3 in the corresponding cross section binary choice model. The discussion
below will focus on the additional implications for panels and for fixed effects.

Assumption A.1 says that y;; is given by the binary choice model (1) and that
v; 1s drawn from a continuous conditional distribution. Note that v, = v;s = v;
is permitted, that is, v;; can be an observed attribute of individual ¢ that does not
vary by time. The assumptions allow «; to be correlated with (and in other ways
depend upon) v, x; or z;, but as discussed in the introduction, «; + €; and vy
must be independent given x; and z;. The assumptions also allow model errors e¢;
to depend on z; and z;, as long as they are uncorreleted with the instruments z;.
In particular, heteroskedasticity of general form is permitted. Although assumptions
are made about the data generating process of the «;’s, we still interpret the model
as a “fixed” effects model because the estimator does not make use of any parametric
or nonparametric model of the distribution of the «;’s, and differencing will be used
to eliminate the contribution of the «;’s, as is done in linear fixed effects models.

Assumption A.3 requires v; to have a large support, and in particular requires
that —v;; be able to take on any value that the rest of the latent variable x,5 + e;
can take on. This implies that for any values of z;; and z;, there are values of v;; such
that the (conditional) probability that y;; = 1 is arbitrarily close to 0 or 1. Standard
models for the errors like logit or probit would therefore require that v; have support
equal to the whole real line. Of course, data and error distribution supports are rarely
known in practice. The practical implication of these support assumptions is that
the resulting estimator will generally perform better when the spread or variance of
observations of v;; is large relative to the rest of the latent variable. The parametric
estimators described later assume v;; has support on the whole real line.

Assumption A.3 also assumes that zero is in the support of v;;. This can be relaxed
to assume that there exists some point s that is known to be in the interior of the
support of v;. We may then without loss of generality redefine v;; and «; as vy — K
and «a; + K, respectively. More simply, it will be a good idea to demean v;; across
observations in each time period, prior to estimation. Finally, the support, [L;, K,
can depend on (z;, 2;).



An important feature of Assumptions A.1-3 is that they do not restrict the rela-
tionship between the variables over time. They therefore allow for arbitrary feedback
from the current value of y to future values of the explanatory variables. .

Assumption A.4 is identical to the conditions on the instruments z; that are nec-
essary to identify 5 from the moment conditions in a linear panel data model. They
are basically the conditions on the instruments z; required for linear two stage least
squares estimation on differenced data.

Define y}; by

Yir = i — I(vi > 0)]/ fe(vie | war, 2) (4)

Theorem 1 (Honoré and Lewbel 2002) If Assumptions A.1, A.2, and A.3 hold then,
fort=rs,

By | wie, 2i) = 2338 + B + €ir | it 2:) (5)
Proof: Drop the subscripts to ease notation. Also, let s = s(z,e) = —2/f — e.
Then
. Ely—1I(v>0)|v,z,z2
By | z.2)=E ly — I(v > 0)] ],’
f(v]z, 2)
K
Ely >0
= / v > Ov, z] f(v|z, z)dv
L (v]z, 2)

K

= // Iv+2'8+e>0)—1I(v>0)]dF.(e]| v,z z)dv
L Jo.

/ I(v>s)—1I(v>0)]dv dF.(e|x,z2)

L

/K Ts<v<0)[(s<0)—I(0<v<s)[(s>0)]dvdF.(e]|z,z)

= / <I5<0 1dv—](s>0)/81dv)dFe(e|x,z)
Qe 0
— / —sdF.(e|x,z2) = / (@'B+e) dF.(e|x,z) =2'B+ E(e] x,2)

e Qe

Define A and 7, by
A = [(Zxrz - szz)zil<zxrz - Emsz),]il(zxrz - szz)z:;zl

1y = E(ziy3).
Corollary 1: If Assumptions A.1, A.2, A.3 and A.4 hold, then E(zy};) = E(ziz},) f+
E(z;) for t = r, s, and hence

6 = A(:ur - /’Ls)

Corollary 1 shows that (3 is identified, and can be estimated by an ordinary two
stage least squares regression of y!. — ¥, on x;, — ¥;s, using instruments z;.
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3 Simple Estimators for Binary Choice

Honoré and Lewbel (2002) construct an estimator based on Theorem 1 by first non-
parametrically estimating the conditional density f;(vy | z4, ;) in each time period,
then applying the two stage least squares estimator of Corollary 1 using estimates of
yr, that replace f; with its nonparametric estimate. Simpler estimators are obtained
here by parameterizing the density of v;.

ASSUMPTION A.5: For each t from 2 to T, let Assumptions A.1, A.2, A.3 and
A.4 hold for r =t and s =t — 1, and let the corresponding instrument vector z; be
denoted z;.

Given Assumption A.5, an immediate implication of Theorem 1 and Corollary 1
is that, for t = 2,..., T,

E [z <3/¢t —I(vyg >0)  yir—1 — I(vig—1 > 0)
it -
ft(vit | Tit, Zit) ft—l(vit—l | Tit—1, Zit

) - (xz‘t - xit—l)/6>:| =0 (6)
Note that the instruments z;; which are suitable as moments for data differenced

between time periods t and ¢ —1 will in general be dated ¢ —1 or earlier, so the density
fi—1 in equation (6) will not be conditioning time ¢ — 1 data on time ¢ variables. This
also applies to the following assumption.

ASSUMPTION A.6: For each ¢ from 2 to T, fi_1(vit—1 | Tit—1, zit) = fr—1(Vie—1 |

Tit—1, Zitq)-

Since z; C 211, we can always make Assumption A.6 hold by dropping some
instruments in each time period, and thereby losing some efficiency. This assumption
is made only to simplify parameterizing the density of v;;, but if it does not hold and
we don’t wish to sacrifice efficiency by dropping instruments to make it hold, then
estimators like those proposed below can still be constructed, but they will require
separate parameterizations of these two conditional distributions for each t.

ASSUMPTION A.7: For each ¢ from 2 to T, f; is finitely parameterized as f;(vy |
Tit, Zit, ) for a vector of parameters \,. Let 7y(vi, T, 2i, At) be any vector valued
function having the property that \; is identified from the moments

Elr(vit, Tit, zit, A)] = 0 (7)

Given Assumption A.7 we may define

Yit — ](Uit > 0)
ft(vz’t | Tity Zits )\t)

* *
Y = Y (Um Tity Zit )\t) =



Corollary 2: If Assumptions A.5, A.6, and A.7 hold then the parameters (5 are
identified from the moment conditions

E [zit (y*(Uit,%'t, Zity >\t) - y*(Uit—l, Tit—1, Zit—1, >\t—1) - (IEit - xit—l),ﬁ)] = 0, t=2,..
0, t=1,..

Elri(vie, Tit, Zit, Mt)]

In Corollary 2, identification of each A; follows from Assumption A.7, and given
A¢ with Assumption A.6, identification of § follows from Corollary 1. Estimation
proceeds by applying GMM to the set of moments given in Corollary 2, and standard
GMM limiting distribution theory applies (See, e.g., Newey (1984) or Wooldridge
(2002), p. 425), assuming 7 is fixed and n — oco. . First step, initial consistent
estimates for this GMM can be obtained by applying GMM separately in each time
period to equation (7) to get A, then regressing the resulting ¥}, — ¥, on @ — -1
using linear two stage least squares with instruments z;;, for each ¢ > 2.

As an example, suppose that we can model v;; in terms of the other covariates as

! !
Vig = Ty Yy + 2300 + Oy, My L Tig, Zig, Qi € (8)

where the unobserved error term 7);, has some known density function f,; with mean
zero and variance one, e.g., a standard normal. Then \; = ,, d;, 0y and

1 Vit — Ty, — 20
fe(vie | Tty zie, M) = U_tfnt ( t t Vi ¢ t) (9)

O

o)
(yit - ](Uit > 0))Ut

Jut((vie — 2}y, — 23,6) /o)

y:t = y*(vita Tity Zity Vi, 5t7 Ut) -
and the moments in Corollary 2 are

Elzi (vi — iy — (@i —za1)'B)] = 0, t=2,..,T (11)
E(vit - xétfyt - Z;tat) = 07 = 17 7T
L [(Uit — Ty — 2iy01)° — Uﬂ =0, t=1..T

after substituting equation (10) in for y}, and y}_,. In this example, consistent
parameter estimates can be obtained just from a sequence of linear least squares
estimates, as follows:

1. For each t estimate 7, and d; as the coefficients from linearly regressing v; on
x; and z;; across observations ¢ in time period t.

2. For each t estimate 0? as the sample average of (vy — z},7y, — 2},0¢)% across
observations ¢ in time period ¢.



3. For each ¢ construct ¥}, = y* (v, T, zit,’v\t,gt, o¢) defined by equation (10).

4. For each t > 1 regress ¥, — yl,_, on x;; — x;—1 using linear two stage least
squares with instruments z;;, call the resulting coefficient estimates Bt.

5. Construct /B\ as the average of Bt over t = 2,...,T Alternatively, three stage
least squares could be applied by stacking the regressions in step 4, which will be
equivalent to constructing [ as a weighted average of (3,, with weights chosen to
minimize variance.

This numerically trivial sequence of estimators can be easily bootstrapped to
obtain parameter confidence intervals or standard errors, or used as initial consistent
estimates for standard GMM estimation of equations (11) to obtain efficient estimates
and consistent standard errors. Since T is fixed and the asymptotics have n — oo, the
bootstrap could just draw individuals ¢ from the sample with replacement, thereby
preserving any time series dependence in the data.

This estimator assumes the marginal density f,; of the scalar random error vy
is known. If this error is normal, then moments used above for estimating ,, d;, o¢
correspond to maximum likelihood estimates of these parameters.

This estimator could also be implemented if the marginal densfcy fot is unknown,
by replacing f,:(7;) with fou(7,) where Gy = (v — @3, — #0:)/3: and fyy is a
nonparametric density estimator such as a kernel estimator. A particularly simple
estimator f,, is the ordered data estimator of Lewbel and Schennach (2003). For this
estimator, after step 2 above, for each t sort the observations 7y,,...,1,,; from lowest
to highest. Then, for each i and ¢, let 7);; be the value of 7j that, in the sorted data,
comes immediately after 7);, and similarly let 7;, be the value that comes immediately
before 7);,. Then

OF (i) Fup () = Foe(h)  _2/m

for (i) = ~ e — T
" on i — Tl o — Tt

where the last step replaces the true distribution function F;; with the empirical
distribution function. This suggests the estimator fnt @) = @75 — 1;7)n/2. Lewbel
and Schennach (2003) show that, although this is not a consistent estimator of the
density function f,;, with sufficient regularity sample averages that divide by this
estimator are root n consistent. In the above application, this estimator corresponds
to replacing the function y* in step 3 with

Ny = (vie — x;t;)\/t - Zz{tét)/at
/y\* o (yzt — I<U7jt > O))Z/a\t
it —

(i — M )n

The limiting distribution theory given in Theorem 6 of Lewbel and Schennach (2003),
which explicitly allows for estimated data 7;, in the density estimator, could be ap-
plied here, though the resulting formulas are rather complicated and depend on condi-
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tional expectations that would need to be nonparametrically estimated. Bootstrap-
ping would be much simpler and numerically practical given that the estimator is
numerically trivial and involves no numerical searches.

4 Selection or Treatment Models

As before, the relevant identification theorem will be derived using two time periods,
r and s. Then the estimator will be given based on all T" time periods.

ASSUMPTION B.1: Equations (2) and (3) hold for i = 1,2,...,n, and t =
1,2,...,T. For t = r and t = s the conditional distribution of v; given z;; and z; is
absolutely continuous with nondegenerate conditional density f;(vi: | zi, 2;)-

ASSUMPTION B.2: For each t, assume «;, €;, and ¢; + e;; are conditionally
independent of v;;, conditioning on x;; and z;.

ASSUMPTION B.3: For t = r and t = s, the conditional distribution of v;; given
x; and z; has support [L;, K] for some constants L; and K;, —oco < L; < 0 < K; < o0,
and contains the supports of —M (z},, a;, €;¢) and of A — M (x},, cv;, €;1).

ASSUMPTION B.4: Let Ty = (v, @ly) )/ fi(vir | @it i), Sare = E(Tuz)), and
Y. = E(zlz;l E(eirzi)~: 0 and E(eiszi) = 0. E(ay2), 2., im, and 3,,, exist. ¥..

and (X4, — Xps )X (Zr — Xus.) are nonsingular.

Theorem 2 If Assumptions A.1, A.2, and A.3 hold then, fort=r,s,
E <(pit — vit3, + T B,) Yie
ft(vit | Tit, zit)

Proof: Dropping subscripts for convenience,

E ((p—vﬁﬁx’ﬁx)y Ifc,Z)

| Zit, zz> =E(c;+ e | v, 2:)A

fvlz, 2)
B (ct+e)l(0<v+M<A)
- E( foreg )
= E E(<C+€)I(OSU+M§A) |C+e,a,e,x,z) |x,z}
fv]wz,z)

_ g / (c+e)(0<v+ M < A)
LJ supp(v|cte,a,e,xz,2) f(’U | z, Z)

= FE / (c+e)](0§v+M§A)dv|m,z]
LJ supp(v|cte,a,e,xz,2)

flo|c+e a,ex, z)dv | x,z]

r pA-—M

= FE / (c+e)dv|z,z

= E[_(c_—ke)(A—MﬁLM)]x,z] =FE(c+e|z2)A

10



Theorem 2 is essentially a special case of Theorems 1 and 2 in Lewbel (2004),
extended to have both ¢ and t subscripts. That paper considers general cross section
GMM models instead of just p;; linearity, and also allows A to be random or infinite.
The above theorem assumes A is finite, but the same extensions given in Lewbel
(2004) to deal with these other cases could be incorporated here. In particular,
Lewbel (2004) shows that if A is infinite and the maximum value that v can take on
is some finite value 7 then an asymptotic bias term of order O(77!) is introduced.
Since the support of v can be arbitrarily large, this bias can be arbitrarily small. That
result extends to Corollaries 3 and 4 below, so the estimators provided below can be
applied without change if A is infinite, at the expense of introducing an arbitrarily
small but nonzero bias term. Alternatively, shrinking the bias to zero in that case
would require infinite support for v and asymptotic trimming.

In the case of the binary choice estimator, the y;; model was converted to a linear
model by constructing y;,. In the sample selection case, it is not just the dependent
variable p;; that is modified, instead both p; and the regressors in the model are
weighted by the density of v;; to obtain linearity. The general procedure remains the
same, which is to difference after weighting.

Define A and g, by

A = [(erz - stz)Z:il(E:m‘z - Ezsz)/]il(zmrz - E:psz)z,;zl

zZz

~ ZiPit
=F|——].
He (ft(vit ’ Jﬁmzit))
Corollary 3: If Assumptions B.1, B.2, B.3 and B.4 hold, then

() =3G-7)

Corollary 3 starts from taking Theorem 2, multiplying both sizes by z;, differ-
encing, and applying ordinary linear two stage least squares to the result. Density
weighting the dependent variable and the regressor makes the problem equivalent
to a linear panel model without a selection problem, and so it can be estimated in
the usual way by differencing out the fixed effect and instrumenting. Note that we
are not weighting by a propensity score (instead, the weighting is by the density of
a variable that affects the propensity score), and no assumption is made about the
joint distribution of errors in the model, other than conditional independence of the
one regressor v.

ASSUMPTION B.5: For each t from 2 to T, let Assumptions B.1, B.2, B.3 and
B.4 hold for r = ¢ and s =t — 1, and let the corresponding instrument vector z; be
denoted z;.

11



Now let Assumptions A.6 and A.7 apply here, with the same comments as before
regarding the dating of instruments z;;. Then, by essentially the same logic as in
Corollary 2, we obtain Corollary 4. Define

Yit
ft(vit ’ Tits Zits )\t)

Wit = w('Uita Tty Zits )\t) = (12)

Corollary 4: If Assumptions B.5, A.6, and A.7 hold then the parameters 3, 3,
are identified from the moment conditions

E [Zit (wit (pit — vieBy + Ty By) — Wit—1 (pit,l — Vi1, + x;tilﬂz))] =0, t=2,...T
Elry(vig, o, 2z, )] = 0, t=1,..,T

where w;; and wy_; are given by equation (12)

Identification of each A; follows from Assumption A.7, and Corollary 3 shows
that (3,, 0, is identified. Estimates are obtained by applying GMM to the set of
moments given in Corollary 4. Similar to Corollary 2. First step, initial consistent
estimates for this GMM can be obtained by applying GMM separately in each time
period to E[ry(vy, Ty, zi, \e)] = 0, yielding );, construct @w; by putting this ); into
equation (12), and then regress the resulting wWyup;; — Wit—1Pir—1 ON WitV — Wit—1Vit—1
and Wiy — Wiy_1x;—1 using linear two stage least squares with instruments z;;, for
each t > 2, to obtain 3,, 3, estimates.

As before, if we model f; by equations (8) and (9) then

YitO¢
Tt (Ve — 25y, — 23,00) [ 04)

(13)

Wir = W(Vit, Tit, Zit, Vg, 01, O1) =

and the moments in Corollary 4 are

B [Zit (wz’t (pit — vie By + 23 8,) — Wi (pitfl — Vi1, + Iét,lﬁm))] = 0, t=2,.(14)
E(Uit_xr/it’yt_zl{tét> = O, t= 1,...,T
E [(vy — @y, — 2400 =07 = 0, t=1,..,T

now substituting equation (13) in for w; and w;_;. Once again, consistent parameter
estimates can be obtained just from a sequence of linear least squares estimates, as
follows:

1. For each t estimate ~, and d; as the coefficients from linearly regressing v;; on
x; and z;; across observations ¢ in time period .

2. For each t estimate 0? as the sample average of (v — z},7, — 2/,0;)* across
observations ¢ in time period ¢. R

3. For each ¢ construct w;; = w(vit, Tit, Zit, V¢, 01, 0+) defined by equation (12).

~
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4. For each t > 1 regress Wypy; — Wit_1Pit—1 ON WiViy — Wir—1Vip—1 and Wiy —
Wi—1x;—1 using linear two stage Aleast squares with instruments z;, and call the
resulting coefficient estimates 3., 3,

5. Construct /BU, Bm as the average of th, Bmt overt = 2,...,T Alternatively, three
stage least squares could be applied by stacking the regressions in step 4.

As before, this is a numerically trivial sequence of steps that can be easily boot-
strapped to obtain parameter confidence intervals or standard errors, or used as initial
consistent estimates for standard GMM estimation of equation (14) to obtain efficient
estimates and consistent standard errors. Each bootstrap replication would consist
of n draws of individuals ¢ from the sample with replacement (using all the data from
all time periods for each individual drawn), and repeating the above steps with the
drawn data.

Also as before, if the marginal density f,; of the scalar random error v;; is unknown,
then it can be estimated using the sorted data estimator, where w;; in step 3 is now
constructed by

N = (vie — 237, — %401) /5
{0 _ Qyitat

it =
(e — i)
with 77}, and 7;, defined as before.

5 Conclusions

Numerically trivial estimators have been provided for panels of binomial response
models, and panels where the dependent variable is sometimes missing not at random,
that is, panels suffering from sample selection. In both cases, weighting data by the
density of a single regressor v converts these nonlinear models into linear models,
as far as moments are concerned, and thereby allows us to remove fixed effects by
differencing and lets us deal with endogenous or weakly exogenous regressors by
instrumenting, just as we would in linear models. The results are root n consistent,
asymptotically normal estimates with limiting distributions that can be obtained by
standard GMM, or by bootstrapping. The distributions of the latent binary choice
errors, or of the outcome and selection model errors, are jointly unknown and do not
need to be estimated. Instead, simple estimators are obtained by having a model for
the single regressor v.

Since these estimators take the form of GMM, refinements of GMM such as weak
instrument GMM, or generalized empirical likelihood to deal with small sample bi-
ases can be directly applied. In general, these estimators will suffer from the same
problems that can make estimation of linear panel data models with predetermined
variables difficult. These include problems associated with many and potentially
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weak instruments, so an analysis similar to that in Blundell and Bond (1998) might
be appropriate. Also, these estimators involve dividing by a density, which can result
in extreme observations when the density is small. This suggests that checking the
moments for outliers, and perhaps discarding them (corresponding to robust moment
estimators) may be advisable. For nonparametric density estimation this would be
equivalent to asymptotic trimming, which formally is not required with parametric
density estimation, but might still be advisable in small or moderate size data sets.
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