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S1 Bounds analysis

We show that the quantile bounds (10) and (11) cannot be improved upon. In the analysis we
omit the x subscript for conciseness. Throughout we work under the assumption that the model
is correctly specified. Hence there exists a copula Cy (with conditional copula Gp) and a cdf Fp,
which are the true copula and cdf of (U, V) and Y*, respectively. Let P denotes the support of
p(Z), and let p = supp p.

Let G be a conditional copula strictly increasing in its first argument, and let us define the
following subcopula:

C(r.p) = Co (G5 (G(7.5).5) .p),  forall (r,p) € (0,1) x P. (S1)

It is simple to see that C is a subcopula.! It can thus be extended to a copula on (0,1) x (0, 1)
(e.g., Lemma 2.3.5. in Nelsen, 1999). With some abuse of notation we denote the extension as C,
and denote G(7,p) = C(7,p)/p.
Lastly, we assume that the supports of Y* and Y coincide, denote the support as ), and we
let:
F(y) =G (Go (Fo(y),p),p), forallye. (S2)

Note that F'is a cdf.

Let (U, V) be a bivariate random variable drawn from C, independently of Z. Let D = 1{V <
p(Z)}, Y* = F~1(U),and Y = Y*if D = 1. We start by showing that the distributions of (Y, D, Z)
and (Y, D, Z) coincide. To see this, note that:

Pr(V<ylD=12=z) = G(Fy),n))
G

G (Go (Foy). ) ) ,p(2))

= Go(Fo(y),p(2))
= Pr(Y<y|D=1,7Z=2),

IThis is because C(7,0) = C(0,p) = 0, and C' is two-increasing; that is: C(72,p2) —C(72,p1)—C(71,p2) +
C(r1,p1) > 0 for 71 < 73 and p; < ps.



where we have used (S2) and (S1) in the second and third equalities, respectively.

Finally, to see that F'in (S2) can get arbitrarily close to the bounds in (10) and (11), we take G
to be arbitrarily close to the lower and upper Fréchet copula bounds. For the upper bound, we take
a conditional copula G that satisfies Assumption A3 and is arbitrarily close to (7,p) — min (%, 1).
Similarly, for the lower bound we take a G that satisfies Assumption A3 and is arbitrarily close to

T+p—1 2
(T,p)»—>max( 5 0).

S2 Nonparametric specification with discrete covari-
ates

Consider a model where covariates X and Z are discrete, with a nonparametric quantile specifica-
tion:

K

q(r,X) = Xlﬁfr = Zﬁﬂcl {X =ay},

k=1
with z; denoting the points of support of X. Let G} (7, c) denote the mean of G (T,p(Zi;/H\); c) for
participants in cell X; = xj. Let also 7; denote the empirical rank of Y; in the outcome distribution,
conditional on (D; = 1,X;). By (16), QS;BT,C (¢) is simply the empirical Gj(7,c)-quantile of Y;
conditional on (D; = 1, X; = x). It follows that, conditional on (D; = 1, X; = 1), Y; < X;BT (c)
is equivalent to 7; < Gi(7,¢c).

Let us replace the finite sum in (15) by an integral with respect to a continuous function k(7).

The above shows that, in the model with discrete covariates, p minimizes:

N K 1 ~
S5 [ D= a ¢ (. 2) [1{7 < Culri)} = G (rp(Zadie) | r)ar .

1=1 k=1

Using the change in variables u = G (7,c) we equivalently have that p minimizes the following
objective:

N K 1 .

ZZ/ Dil{X; =} ¢ (Gk (u, ), Zi) X
- 0

i=1 k=1

-~

L7 < b~ G (G5 (00 0 ) | (0 2 (29

9 du

I

_ 1
which is continuously differentiable with respect to ¢ as long as ¢, k, G, and le, %, are

continuously differentiable with respect to 7 and ¢, respectively.

2For example, one may take é(T,p) = Cy(7,p)/p for 6 > 0, where:

1

Cy(t,p) = CTCE) <1 +(r+p)(0-1)— \/(1 + (T +p)(0 —1))* — 4rph(d — 1))

is the Plackett copula family (e.g., Smith, 2003). Lower and upper Fréchet bounds correspond to § — 0 and
0 — 400, respectively.



S3 An alternative estimator for the copula parameter

From (6) we have, for all € X and (21, 22) € Z; X Zg:
E(1{vy <d'(rz)} | D= 1,2 =) = G [G7" (7,p(22:0): p) ,p(2130): ]

where ¢? (7, z2) denotes the 7-quantile of Y conditional on (D = 1,7 = zy).
Given consistent estimates g% (1,2) and 6, we thus propose estimating p by minimizing the
following objective with respect to c:

iZZL:DZ(l (Vi <@ (r, By X0)} = G |G (m0 0By, Xis0)ic)  p(By, Xi:0) ] )2.

i=1 j£i (=1

In case covariates are discrete, the ¢%(7, z) may be estimated as sample quantiles, cell-by-cell,
as in Chamberlain (1993). Alternatively, when covariates are continuous, nonparametric quantile
regression methods may be used, such as the series-based quantile regression estimator of Belloni,
Chernozhukov and Fernandez-Val (2011). The asymptotic properties of such estimators of p could
be characterized using U-process techniques (e.g., Jochmans, 2013), although we leave this analysis
to future work.

The method can be iterated (possibly multiple times). Recall that the observed quantiles satisfy
¢t (1,2) = :1;’6(;4(771,(2);/)). Hence, given estimates p and B, one could estimate:

q' (1,2) = 2'Ba-1(7 p(2)9)

and update p by minimizing:

iZiDZ(l (Vi <@ (r, B, X0)} - G |G (e 0By, Xis0)ic)  p(By, Xi:0)s ] )2.

i=1 j#i =1

S4 Asymptotic properties

In this section we start by deriving the asymptotic distribution of 37 given a consistent and asymp-
totically normal estimator of the copula parameter p. Then, in the second part of the section
we derive the joint asymptotic distribution of BT and p, for p given by (15). The derivations are
standard (e.g., Section 7 in Newey and McFadden, 1994).

S4.1 Analysis conditional on a consistent and asymptotically nor-
mal estimator of p

Let:
We make the following assumptions.

Assumption S1
i) There exists a positive definite matriz >, such that:

¥ i Xigir \
VN 00 S N(0,%,).
p—0p



i1) The cdf of Y given Z = Z; and D; =1 is absolutely continuous, with continuous density f;
bounded away from zero and infinity at the points X/, i =1,...,N.

1i1) The function G is continuously differentiable with respect to its second and third arguments,
with derivatives 0,G and 0,G, respectively. The propensity score p(-;0) is continuously differentiable
with respect to its second argument, with derivative Ogp.

iv) There exist a positive definite matriz J;, and matrices Py and Py, such that

N
.1
Jr = pth;mZi;e)Xinfi (Xi6)

N—o0
1 N
P, = JIV)EI?ON Zp (Zi;0) Xi (0op (Z530)) 0,G (7,0 (Z5;0) 5 p) ,
1 le
Py = plim< Y p(Z;0) X (0,G (r.p(Zi0)5p))-
N—oo i—1

Condition 7) requires that % ZZ]\; 1 XiGirs @, and p jointly satisfy an asymptotic normality result.
In particular, this requires p to be point-identified from (18). Under weak regularity conditions, it
is easy to show that:

N
1 d
— E Xigir — N (O,E [Gﬂ (1 - Gﬂ')p (Zi§ 9) XZXz/D ,
N i=1

where we have denoted:
Gri =G (1,p(Zi;;0);p). (S3)

Condition 47) is standard in quantile regression (e.g., Theorem 4.2 in Koenker and Bassett,
1978). The only difference here is that we work with the cdf of Y given Z, and not given X.
Condition #i7) requires that the copula and propensity score be differentiable. Most of the usual
parametric families of copulas are differentiable in both their arguments. Exceptions are piecewise-
constant empirical copulas, which are not continuous. Lastly, Condition iv) requires the existence
of moments.

Theorem S41 Let 7 € (0,1), and let Assumptions Al to A4 and S1 hold. Then, as N tends to
infinity:
VN (,BT - 57) 4N (0,77 P PLITY)

where Pr = [l4im g, —Pir, —Por), and Jr, Pir, Por are given in Assumption S1.

Theorem S41 provides the asymptotic distribution of quantile estimates, corrected for the fact
that 6 and » have been estimated. Note that, in the absence of sample selection, the formula boils
down to a well-known expression (Koenker, 2005, p.120).

Proof.

By a standard result in quantile regression, the following approximate moment condition is
satisfied, see e.g. Theorem 3.3. in Koenker and Bassett (1978):

1 PN 1
NZXigi (T,ﬁT,e,ﬁ) -0, (N> , (S4)



where:

gi (7-7 bu a, C) = -DZ (1 {}/1, < leb} -G (T7p(Z’Lv CL) 70)) .
Under standard conditions we have:
N
1 ~ 1
NZXZ‘QZ (7—7/67’97p> = Op <N>
=1

= OE [Xigir] (>
= E[Xigir] + gﬁ,g] (57 - ﬁf)
8IE [Xigzu,-] ~ _ 8IE [Xigzu,-] ~ 1
+ 86/ (9 9) + 8p/ (p p) + Op ﬁ )
OE[X;gir]

where Jp = =557, Py = —%, and P, = _%&g”] exist by Assumption S1 parts i), 1),

and iv), and E[Z;] = + Zfi 1 Zi denotes a sample mean. Hence, as J; is non-singular:

BT—ﬁT = _J;l E[Xigzﬁ'] - Py (5_6) — Por (ﬁ_p)} +0p <\/1N) (85)
, IELXiQiT] 1
— —J; P’T 6 - 9 + Op () .
p=0p VN

The result then comes from part ¢) in Assumption S1.
]

S4.2 Joint analysis of /BT and p

We now derive the joint asymptotic distribution of BT and p, for p given by (15). For simplicity we
focus on the just-identified case, where p and ¢ have the same dimensions.?
The estimation of 0, p, and B,,,...,3,, is based on the following just-identified system of

moment restrictions (in addition to the score equations for 6):

L
> E[o(re, Zi)gi(7e, B 0,0)] = 0,
P

E [X,9i(11,8,,,0,p)] = 0,

E [Xigi(T[nﬂTL,eap)] = 0

Throughout this subsection we assume that the conditions of Theorem 7.2 in Newey and Mc-
Fadden (1994) are satisfied, so the estimators are root-N consistent and jointly asymptotically
normal. We gather relevant notation in the following assumption, with the aim of deriving explicit
expressions for asymptotic variances.

3Note that the instrument function ¢ (7, 2;) = p (Zi;g) used in Section 5 depends on 6. This slightly

affects the formula for the asymptotic variance. For simplicity here we do not account for this dependence.



Assumption S2
i) There exists a positive definite matriz H, and a function S; = s (D;, Z;), such that:

—~ ~ 1
0—0=—-H'E[S]+o <> S6
i1) For all £, there exist a positive definite matriz jw, and matrices ]3178 and ]32713, such that
~ 1 X
Jrp = plim =y p(Zi0) ¢ (10, Z0) Xifi (XBs,)
N—oo i—1
~ 1 &
P, = ]I\?lim N > 0 (Zi;0) ¢ (70, Zi) (O6p (Z550)) 0,G (te,p (Zi;6) 5 p),
—oott =1
N
- 1 ,
Py, = phmﬁzp(ZN)w(mZi) (0pG (10,0 (Zi30)5p)) -
N—o0 i—
iii) The following matriz inverse exists:
L -1
Ay = 13 (Pore = Jr 7 Por,) (S7)
/=1

Condition ) will be satisfied if 0 is asymptotically linear, for example when it is a regular
maximum likelihood estimator. Conditions i) and #ii) require that some moments exist.
Define the following matrices:

B, = —-A [ilrl,...,fmrl}, (S8)

P 1 TL
L ~ ~
CP = AP (Z [Plfe - JT@‘]T_elpsz} H_1> ) (S9)
=1
and, for a given 7 € (0,1):
Ag(t) = J 1Py A, (S10)
Bs(r) = J 'PyB,, (S11)
Cs(r) = J7'(PC,— P H™Y). (S12)
Then, let:
A= < Ag(r) —J7' Ba(r) Cs(r) ) |
A, 0 B, c,
Lastly, let:

Titm = min {G74i7 G'rmz} - GTZiGT7ni7
gie (T) = min {GTéiv GT%} - GT[iGTia
03 (T) = Gri (1 - Gn) ,

where G; is given by (S3), and define:

okt Qb2 . obit? 0
o2t @22 . it 0
Q, = ) (S13)
Q£+2,1 Q£+2,2 Q£+2,L+2 0
0 0 .. 0 E[S;S]



where €0, is symmetric, and:

~

L

Z Z szmp (Z17 9) (va Z ) ¥ (Tm? Zl)/] )

/=1 m=1

Qb? = ZE[O‘Z‘g(T)p(Zz’§0)<P(T&Zi)Xz{]’
(=1

1,1
QT

™~

L
QP = N Efoump (Zi50) o (10, Z) X[], m=1,..., L,
=1
Q2% = E[oi(n)p(Z;0) X;X]],
Q22 = E o (r)p (Zi30) XiX]], m=1,..,L,
Qg+£,2+m — E[Uzzmp Zi;0) XX] {=1,.,.L, m=1,.. L.

We have the following result.

Theorem S42 Let Assumptions Al to A4, S1, and S2 hold. Suppose that dim ¢ = dim p. Then:
\/N< Bz_ﬂT ) iN(o,ATQTA’T).
p—p

Proof.
As in the proof of Theorem S41, we start with an approximate moment equation:

ZE[ 0 (72 gs (0. B, a,ﬁ)}zop(jﬁ)

Moreover, we have:

iﬁ [90 (70, Zi) gi <T£7§w§,ﬁ>} i{ ¢ (T0,, Z:) girg) + T, (Bn, 575)

(=1 =1
Prr, (0-0) =P G- 0) } + 0 <\/1N> .

Op (\/1N> = EL: {E [0 (7¢, Zi) gir,) — Pis, (5— 9) — Por, (p—p)

*jw (JT_el [E [XigiTz] - Pthz (5 - ‘9> - P2Tz (ﬁ - P)}) } +0p (\/%) :
So, by (S6):

L
{ZE Tg, gz’r/ ZJ J lE ZgiTA

L . 1
(Z} [Pm 7, Telpm} o 1> E[S;] } + 0, (W) .

7



Hence:
Lo . ~ 1

D — = A E 70, 2i) Gir + B,E [ X;q:| + CL,LE[S;] + o <>,

P p(gwemo EXig] + CEIS] +0p | =

where A,, B,, and C, are given by (S7)-(S9), and:

R E[X;gir,]
E [X,gz] = PO .

E [Xigir, ]

Let now 7 € (0,1). Using (S5):
= A —~ 1
= =32 Bt - e (5-0) - -] o ()

BT - BT
= —J! [E (Xgir] + PrrH'E [S)]
Lo . ~ 1
Py [ A E[(p (Tg,Zi) giw]> + B E[ng@] +C E[SJ) +o <> .
2 < P (; P p D \/N
So:

L
B, =B, = Ap(r) (ZE[SO (TeaZz')gm]) — J;'E [X,gir]

1By (DB [Xig] + Cs (N E[S] 4o, (&) ,

where Ag (1), Bg (1), and Cg (1) are given by (S10)-(S12).
Next, denote:
i1 ¢ (70, Zi) Gin,
XigiT
Xigir,
Xigiry,
Si

From the above, we have:

~

\/N< - — B, > 4 N(0,V7),
p—p
with:
Ag(r) —=J7' Bg(r) Cs(r) / Ag(r) —J=' Bg(r) Cs(n) Y
" :< ilp 0 %p BCP )E(wiT%T)( ilp 0 %p ﬁCp )

Finally, we check that E (v;,¢},) = €, given by (S13):

L L
Z Z E O'Mmp Zzae) (TbZi)QD(TmaZi)l] )

{(Zw 70,7 gw> (Z«p T, Z gwm)} -2



and similarly:

L L
E [(Zs@(m%)gm) (XigiTm)/] = Y Eloump (Zi60) ¢ (10, Z:) X]] ,
=1 1=1
E [(Xigir,) (Xigirn)'] = E [oimp(Zi:0) X:X!],

and, as S; is a function of (D;, Z;), we have E [g;-, S]] = 0.
This completes the proof of Theorem S42.
[ |

Estimating the asymptotic variance. To construct an empirical counterpart of the asymp-
totic variance appearing in Theorem S41, note that all matrices but J. can be estimated by sample
analogs, replacing the population expectations by empirical means. Moreover, following Powell
(1986), a consistent estimator of J, is:

N
~ 1 .
T Z; 1{[& (1) | < hn} DiX;X],
where ; = Y; — XZ@T, and hy is a bandwidth that satisfies hy — 0 and Nh% — +oo as N tends
to infinity. We may proceed similarly to estimate J. that appears in Theorem S42.

S5 Extensions

Nonparametric propensity score. Although the paper focuses on the case where the propen-
sity score is parametrically specified, our approach can accommodate a nonparametric modelling
of p(Z) as well. A difficulty is that the G function has p (Z) in the denominator. A similar prob-
lem arises in Buchinsky and Hahn (1998)’s censored quantile regression estimator. Similarly as in
Buchinsky and Hahn, one could trim out the observations for which p(Z;) < ¢, where p(Z) is a
nonparametric estimate (for example, a kernel-based Nadaraya-Watson estimator) and ¢ > 0 is a
vanishing trimming threshold. We leave this extension to future work.

Testing for the absence of sample selection. Under the null hypothesis of absence of
sample selection, we have G (1,p(Z;0);p) = 7. So, 5, satisfies:

E[1{Y <X'B,}-7|D=1,Z=2]=0, forallTe(0,1).

This motivates using a test statistic of the form:

EL: i Digp (7, Zi) (1 {Yz < Xﬁn} _ T@)
(=1 1i=1

2
S:

I

where ¢ (7, Z;) are instrument functions, and ET is the quantile regression estimate of the T-specific
slope coefficient, computed on the sample of participants (D; = 1).



Endogeneity. Let us assume that the latent outcome is given by the following linear quantile
model:
Y* = Elay + X'By, (S14)

where the percentile level U is independent of X, but may be correlated with the endogenous regres-
sor E. As before, the participation equation is given by (2). Suppose that (U, V) is independent of
Z given X. Assume also that ¢ (7, X, F) = F'a, + X', is strictly increasing in its first argument.
Then, for any 7 € (0,1):

E[1{Y <Foa,+XB.} —G(r,p(Z;0);p) | D=1,Z =z] = 0. (S15)

To estimate p, 0, and {a, 3, } for any 7 € (0, 1), one can use the following three-step estimation
method, which extends Chernozhukov and Hansen (2006)’s estimator to correct for selection. In
the first step, we compute 6. In the second step, we compute p as:

5o D) (1 < Bl (04 X0, (5., 01500}

=1 i=1
-G (Te,p (ZiQ/e\) ;C) )

where, for p (Z;) a dima x 1 vector of instruments we have defined:

p = argmin
&

)

(B- (030).7, (050) ar(gbf;)inéDi{G (r.5(2:8) s¢) (Vi = Xib = 1, (2 9)*
+(1-G (n5(259) ¢)) (Y- Xib—p, () 9) "},
and:

&, (c) = avgmin 7, (a; o).
a

Lastly, once p has been estimated, we compute a, = a; (p), and 3T = 6. (ar;p).

Censoring. Suppose that Y* is censored when Y* < gy, where yg is a known threshold, so
that we observe Y = max {Y* yo} when D = 1. From the equivariance property of quantiles, the
T-quantile of max {Y*,yo} is max{X'S,,yo}. So, under Assumptions Al to A4:

Pr(Y <max{X'B.,y}|D=1,Z=2)=G(r,p(z0);p). (S16)

This implies that the G (7, p (Z;0) ; p)-quantile of observed outcomes coincides with max { X', yo}.

~

The S coefficients can thus be estimated as in the main text, replacing X/b and X/53, (¢) by
max {X/b,yo} and max {XZ(ET (c) ,yo}, respectively, where:

B, (c) = argl{niniDi{G (T,ﬁ(Zi;/H\) ;c) (Vi — maX{X{b,yo})Jr
i=1

+(1-G (rp(2:0) ¢)) (Vi - max {X}b,3o}) "} (517)

The optimization problem in (S17) is a selection-corrected version of Powell’s (1986) censored
quantile estimator.

10



S6 Frank and generalized Frank copulas

Let us consider the following two-parameter family of copulas, which we call the “generalized
Frank” family for reasons that will be clear below. The copula depends on two parameters 8 > 1
and v € (0,1), and is given by:

C (u, v 7, 0) = % !1 - {1 —i 11— 6u)’] [1- (- 5)’] }9] , (S18)

where § =1 — (1 — ’y)é Joe (1997) refers to (S18) as the “BB8” copula.
It is convenient to introduce the following concordance ordering < on copulas:

Cy < Cy ifand only if C (u,v) < Co (u,v) for all (u,v).

As < is the first-order stochastic dominance ordering, Cy < C5 unambiguously indicates that C
induces less correlation than Co. The concordance of the generalized Frank copula given by (S18)
increases in # and . In particular, 8 = 1 or v — 0 correspond to the independent copula.

An interesting special case is obtained when 6 — oo, for fixed . Then

C (U, U7, 0) — CF (U, ’va}/) )
0— 00
where:

Cr (u,v;7y) = In 1—’ly{l—exp[ln(l—fy)u]}{l—exp[ln(l—y)v]} . (519)

In (1 —7)
CFr given by (S19) is the Frank copula (Frank, 1979), with parameter » = —In (1 — «). Here also,
concordance increases with 7.

The density of the Frank copula is symmetric with respect to the point (%, %) in the (U, V)
plane. In comparison, the generalized Frank copula (S18) permits some asymmetries, by allowing
the dependence to increase on the main diagonal. However, the generalized Frank copula treats
symmetrically v and v, so that it is symmetric with respect to the main diagonal.

Taking negative 7, the Frank copula exhibits negative dependence. This is important in our
empirical application, as we estimate that U and V are negatively correlated. To allow for negative
dependence in the generalized Frank copula, we simply consider:

C (u,v37,0) =v — C (1 — u,v;7,6),

which is the copula of (1 — U, V) where (U, V) is distributed as C.* In addition, by taking instead
the copula of (U,1 — V') we obtain:

5(u,v;’y,0) =u—C(u,1—-v;v,0).

In this way, we may allow for decreasing dependence along the second diagonal.

4This is because Pr (1 —U <u,V <v)=Pr(V<0v)-=Pr(1-U >u,V <v)=v—C (1 —u,v;7,0).
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S7 Additional figures: Fit of the model used in the
equilibrium counterfactual exercise

Figure S1: Fit to wage quantiles, by gender

7 =50% 7 =90%
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year year year

Note: FES data for 1978-2000. Specification used in Section 6. Quantiles of log-hourly wages
conditional on employment. Data (solid lines) and predicted by the model (dashed). Male wages
(at the top) are plotted in thick lines, while female wages are in thin lines.

Figure S2: Fit to employment, by gender

employment rate

1980 1985 1990 1995 2000
year

Note: FES data for 1978-2000. Specification used in Section 6. Employment rate in the data (solid
lines) and predicted by the model (dashed). Male employment (at the top) is plotted in thick lines,
while female employment is in thin lines.

12



References

1]

2]

Belloni, A., V. Chernozhukov, and I. Ferndndez-Val (2011): “Conditional Quantile Processes
based on Series or Many Regressors,” Unpublished Manuscript.

Buchinsky, M., and J. Hahn (1998): “An Alternative Estimator for the Censored Regression
Model,” Econometrica, 66, 653—671.

Chamberlain, G. (1993): “Quantile Regressions, Censoring and the Structure of Wages,” in C.
Sims (ed.), Advances in Econometrics: Proceedings of the 6th World Congress in Barcelona,
Vol. I (Cambridge: Cambridge University Press).

Chernozhukov, V., and C. Hansen (2006): “Instrumental Quantile Regression Inference for
Structural and Treatment Effect Models,” Journal of Econometrics, 132, 491-525.

Frank, M. J. (1979): “On the Simultaneous Associativity of F(z,y) and = + y — F(z,y),”
Aequationes Mathematicae, 19, 194-226.

Jochmans, K. (2013): “Pairwise-Comparison Estimation with Non-Parametric Controls”,
Econometrics Journal, 16(3), 340-372.

Joe, H. (1997): Multivariate Models and Dependence Concepts. London: Chapman & Hall.

Koenker, R. (2005): Quantile Regression, Econometric Society Monograph Series, Cambridge:
Cambridge University Press.

Koenker, R., and G. Bassett (1978): “Regression Quantiles,” Econometrica, 46, 33-50.

[10] Nelsen, R. B. (1999): An Introduction to Copulas. New-York: Springer Verlag.

[11] Newey, W. K., and D. McFadden (1994): “Large Sample Estimation and Hypothesis Testing,”

Handbook of Econometrics, 4, 2111-2245.

[12] Powell, J. L. (1986): “Censored Regression Quantiles,” Journal of Econometrics, 32, 143-155.

[13] Smith, M. D. (2003): “Modelling Sample Selection Using Archimedean Copulas,” The Econo-

metrics Journal, 6, 99-123.

13



