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Abstract

It is common to assume in empirical research that observables and unobservables are
additively separable, especially when the former are endogenous. This is because it
is widely recognized that identification and estimation challenges arise when inter-
actions between the two are allowed for. Starting from a nonseparable IV model,
where the instrumental variable is independent of unobservables, we develop a novel
nonparametric test of separability of unobservables. The large-sample distribution
of the test statistics is nonstandard and relies on a Donsker-type central limit the-
orem for the empirical distribution of nonparametric IV residuals, which may be of
independent interest. Using a dataset drawn from the 2015 U.S. Consumer Expen-
diture Survey, we find that the test rejects the separability in Engel curves for some
commodities.
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1 Introduction

It is common to assume in empirical research that observables and unobservables are ad-
ditively separable, especially when the former are endogenous. This is because it is widely
recognized that identification and estimation challenges arise when interactions between the
two are allowed for. However, economic theory and intuition often lead to nonseparable
models. Prominent examples are demand functions with price or income effects hetero-
geneous in unobserved preferences; production functions with elasticities heterogeneous in
unobserved input choices; labor supply functions with heterogeneous wage effects; wage
equations with returns to schooling heterogeneous in unobserved ability.

In response to these empirical challenges, there is a growing literature studying the
nonparametric identification of nonseparable models with endogeneity; see Chernozhukov
and Hansen (2005), Chernozhukov, Imbens, and Newey (2007), Florens, Heckman, Meghir,
and Vytlacil (2008), Imbens and Newey (2009), Torgovitsky (2015), and D’Haultfceuille and
Février (2015) among others. It is well understood that a fully nonparametric estimation
of a nonseparable model may lead to a difficult nonlinear ill-posed inverse problem; see
Carrasco, Florens, and Renault (2007), Horowitz and Lee (2007), Gagliardini and Scaillet
(2012), and Dunker, Florens, Hohage, Johannes, and Mammen (2014).

Despite the significant efforts focused on understanding the identification and estima-
tion of nonseparable IV models and the widespread use of separable IV models, little work
has been done on developing formal testing procedures that could discriminate empirically
between the two. Lu and White (2014) and Su, Tu, and Ullah (2015) are two notable
exceptions that focus on separability tests under the conditional independence restriction.
The conditional independence restriction is different from the mean-independence restric-
tion imposed by the separable nonparametric IV model that we are interested in here.
Other recently developed specification tests include the monotonicity test of Hoderlein, Su,
White, and Yang (2016), the endogeneity test of Feve, Florens, and Van Keilegom (2018),
and the specification test for the quantile IV regression of Breunig (2020).

In this paper, we design a novel fully nonparametric separability test. The test is based

IFor treatment effect models, the applied researcher often has a nonseparable model in mind; see Imbens
and Angrist (1994) or Heckman and Vytlacil (2001).



on the independence condition of a nonseparable IV model. We build on an insight that
the structural function in the separable IV model can be estimated using the nonparamet-
ric IV approach; see Florens (2003), Newey and Powell (2003), Hall and Horowitz (2005),
Blundell, Chen, and Kristensen (2007), Darolles, Fan, Florens, and Renault (2011), and
Chen and Christensen (2018) among others. If the separable model is correct, then the
nonparametric IV residuals should approximate the unobserved error that should be in-
dependent of instrumental variables. This intuition suggests that it should be possible to
detect the separability with the classical Kolmogorov-Smirnov or Cramér-von Mises test.
To the best of our knowledge, no such test is currently available in the literature, and it is
not known whether the empirical distribution of nonparametric IV residuals satisfies the
Donsker property.

Formalizing this intuition is far from trivial because the regression residuals are different
from the true regression errors and the nonparametric IV regression is an example of a linear
ill-posed inverse problem. Moreover, the empirical distribution function of nonparametric
IV residuals is a non-smooth function. The uniform central limit theorem for the empirical
distribution of regression residuals in the parametric linear case is a classical problem in
statistics; e.g., Durbin (1973), Loynes (1980), and Mammen (1996). The nonparametric
extension is more challenging, and it is remarkable that the empirical distribution of non-
parametric regression residuals also satisfies the uniform central limit theorem; see Akritas
and Van Keilegom (2001). The additively separable nonparametric IV regression differs
from the problems discussed above in two important ways. First, its asymptotic properties
depend on both the smoothness of the regression function and the smoothing properties
of the conditional expectation operator. Second, the regression error is not independent of
endogenous regressors.

In this paper, we show that the empirical distribution function of nonparametric IV
residuals satisfies the uniform central limit theorem. To the best of our knowledge, this is
the first result on the distribution of the nonparametric IV residuals. The result can be
used to develop various residual-based specification tests and is of independent interest.
Building on this result, we obtain a large sample approximation to the distributions of our

test statistics. The distribution is non-standard and the critical values can be estimated



with resampling techniques.

Our results are based on an insight that the Tikhonov regularization in Sobolev spaces,
considered in Florens, Johannes, and Van Bellegem (2011), Gagliardini and Scaillet (2012,
2017), and Carrasco, Florens, and Renault (2014) among others, provides a natural link
between the modern empirical process theory and the theory of ill-posed inverse problems.
In contrast to this literature, we obtain new results for the Tikhonov regularization with a
Sobolev penalty.

The paper is organized as follows. In Section 2, we introduce the problem and discuss
the main testable implication. In Section 3, we characterize a large sample approximation
to the distribution of the residual-based Kolmogorov-Smirnov and Cramér-von Mises in-
dependence tests. In Section 4, we report on a Monte Carlo study which provides insights
about the validity of our asymptotic approximations in finite samples. In Section 5, we
test the separability of Engel curves for a large set of commodities. Conclusions appear in

Section 6. All technical details, auxiliary results, and proofs are collected in the Appendix.

2 Separability of unobservables

Let (Y, Z, W) be observed random variables satisfying the nonseparable model
Y =®(Z,¢), el W, (1)

where Y € R is an outcome, Z € RP are regressors, € € R is an unobservable, W € R is a
vector of instrumental variables, and ® : R? x R — R is a structural function. We assume
that W are valid instrumental variables satisfying the exclusion restriction, ¢ 1L W, and the
relevance condition, W /I Z. Note that the independence restriction is a commonly used
identifying condition for nonseparable models; see Chernozhukov, Fernandez-Val, Newey,
Stouli, and Vella (2020), Blundell, Horowitz, and Parey (2017), Torgovitsky (2017), Tor-
govitsky (2015), D’Haultfeeuille and Février (2015), Dunker, Florens, Hohage, Johannes,
and Mammen (2014), Gagliardini and Scaillet (2012), and Horowitz and Lee (2007) for
recent examples and applications, as well as Chernozhukov and Hansen (2013), Matzkin

(2013), and Imbens (2010) for a review of earlier econometric literature on the identification



of nonseparable models.

The independence condition € L W does not rule out heteroskedasticity in the dis-
tribution of Y conditionally on Z or W, which is often observed in empirical practice. It
does not rule out heteroskedasticity in the distribution of unobservables ¢ conditionally on
covariates Z. However, it rules out heteroskedasticity of unobservables conditionally on the
instrumental variable.

Testing separability can be done in several different ways. For instance, one could fit the
nonseparable model and check whether the estimated function is separable. This approach
corresponds to the principle behind the Wald test for parametric models. Alternatively, one
could estimate the separable model and check the independence restriction. This approach
corresponds to the principle behind Rao’s score test in the parametric setting and is the
one adopted in this paper.

We say that the model in equation (1) has a separable representation if there exist

measurable functions ¢ : R» — R and ¢ : R — R such that

Y =4(Z) + g(e).

If the model has such representation, then ¢ can be estimated consistently using the
nonparametric IV approach; see Darolles, Fan, Florens, and Renault (2011), Blundell,
Chen, and Kristensen (2007), Horowitz and Lee (2007), and Newey and Powell (2003).

The nonparametric IV regression function ¢ : R? — R solves the functional equation
r(w) £ E[Y|W = w]fi(w) = /so(Z)fzw(z,w)dz = (Ty)(w), (2)

where T : Ly(RP?) — Ly(RY) is an integral operator. Let U £ Y — ¢(Z) be the non-
parametric IV regression error. Note that even if the model is nonseparable, we still have
E[U|W] = 0 with U =Y — ¢(Z) for ¢ solving the functional equation (2).> The follow-
ing result provides a convenient testable implication of separability, provided that U is

unambiguously defined; see Appendix for a formal proof.

2Here and later we assume that r belongs to the range of the operator T, which is a relatively mild
restriction on the regression function.



Proposition 2.1. Suppose that there exists a unique solution to equation (2). If the model

in equation (1) admits a separable representation, then U 1 W.

The independence between U and W is only a testable implication of additive sep-
arability of unobservables. However, when the model is nonseparable, we have U =
®(Z,e) — p(Z) & h(Z,e), for some non-degenerate function h of (Z,¢), which in many
cases is not independent of W, because Z /I W by the relevance condition. Therefore, the
independence test between U and W will have power against many interesting deviations
from the separability. Note also that Proposition 2.1 relies on the injectivity of 7', which
is known as a completeness condition, see Newey and Powell (2003) and Babii and Florens
(2020), and does not require that the nonseparable model is identified; e.g., Chernozhukov

and Hansen (2005) and Chen, Chernozhukov, Lee, and Newey (2014).

3 Independence test

In this section, we introduce tests of independence; see Proposition 2.1. Formally, we focus

on testing

Hy: UL W VS. H: U /LW

The null hypothesis Hy is testable, provided that the nuisance parameter ¢ in U = Y —p(Z2)

is replaced by a consistent estimator.

3.1 Tikhonov regularization in Sobolev spaces

We focus on the Tikhonov regularization in Hilbert scales to estimate the nuisance param-
eter p; see Carrasco, Florens, and Renault (2014), Gagliardini and Scaillet (2012), and
Florens, Johannes, and Van Bellegem (2011). The attractive feature of this estimator is
that it does not suffer from the well-known saturation bias and can achieve a sufficiently fast
convergence rate under sufficient smoothness assumptions and restrictions on the degree of
ill-posedness. This makes it appropriate for our test and more generally for semiparametric
applications; see Corollary A.1.1 in the Appendix.

We first recall the definition of Hilbert scales. A family of Hilbert spaces (H®, (., .)s)ser

is called a Hilbert scale if H' C H® for every t > s and the inclusion is a continuous



embedding, i.e. [|@]ls < ¢||¢||; for every ¢ € H'. Let (Lo(RP),||.||) be a space of square-
integrable functions with respect to the Lebesgue measure and let |.| be the Euclidean norm
on RP. Let also f(&) = (2m) /2 oo e~ '€ f(z)dz be the Fourier transform of f. Then the

Sobolev space®

) = { e L) [ igpriford <oof

is a Hilbert space with inner product

(f.g). = /R ERYSRRIGHGES

and the induced norm ||.||s = /(. .)s. It is known that the inclusion H*(R?) C H*(R?)
is a continuous embedding for ¢ > s, so that (H*(R”))scr is a Hilbert scale. Note that
the Hilbert scale (H*(RP))scgr is essentially generated by powers of the operator L® =
F~1(1+|.|2)*/2F with the inner product (f, g), = (L*f, L*g), where (F f)(£) = f(€) denotes
the Fourier transform and F~ its inverse; see Carrasco, Florens, and Renault (2014), Nair
(2015), and Krein and Petunin (1966) for more details and examples.

Let (T, 7) be the kernel estimators of (T, r) in equation (2) computed as

Fw) = nzz SOViky (b Wi—w)),  (Fo)w) = / 6(2) fw (2, w)dz,
=1 . (3>
fzw(Z, w) = # Z K, (h;l(Zl — Z)) K, (h;l(Wl — UJ)) ,

where K, : R» —+ R and K,, : R? — R are kernel functions and h,, — 0 is a sequence of
bandwidth parameters.

We estimate ¢ using the Tikhonov-regularized estimator penalized by a Sobolev norm

2
+ anl9l3,

» = arg min HTQS -7
¢

3The definition of Sobolev spaces via the Fourier transform is equivalent to the one based on weak
derivatives; see Evans (2010), section 5.8.5 for more details. The Sobolev space is usually defined for s > 0
and can be extended to s € R using a concept of Gelfand triple; see Nair (2015) for more details.



for some s > 0. It is easy to see that this problem has a closed-form solution
¢ = L™ (od + TXT,) V7,
where T, = TL™* and TS* is the adjoint operator to 7.

3.2 Distribution of statistics

Let U =Y, — &(Z;) be the nonparametric IV residual and let

n

. 1 . 1 < . 1 <

Foyy (u,w) = — Y Vpcuwicwy  Fo(u) = - > Ve Fw(w) = - D Twi<wy (4)
i=1 i=1 i=1

be the empirical distribution functions. We focus on the following residual-based indepen-

dence empirical process

G, w) = Vit (g (u,0) = By (w) B (w) ). (5)

Note that this process involves residuals U; instead of the true regression errors U;, hence, its
asymptotic behavior can be significantly different from the asymptotic behavior of classical
independence empirical processes; see van der Vaart and Wellner (1996), Chapter 3.8. In
particular, the estimation of ¢ may affect the asymptotic distribution of the independence
empirical process.

To understand the behavior of G,,, we introduce several assumptions.
Assumption 3.1. For some a,b > 0

(i) Operator smoothing: ||T'¢||, ~ ||@|lv—a for all ¢ € Ly(RP) and v € R.

(ii) Parameter smoothness: ¢ € H°(RP).

Assumption 3.1 (i) describes the smoothing property of T'. Roughly speaking, the action
of T increases the Sobolev smoothness by a which is called the degree of ill-posedness.
Intuitively, the more T smooths out the features of ¢, the harder it is to recover T' from
the equation (2). Condition (ii) describes the smoothness of the structural function ¢ and

is standard in the nonparametric literature; see Chen (2007) or Giné and Nickl (2015).
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Assumption 3.2. (i) (Y;, Z;, W;)?_, are i.i.d. observations of (Y, Z, W) with E|W|| < oo,
E|Z]| < oo, E[¢*(2)|W] < C, and E[Y?|W] < C for some C < oo; (ii) the distribution
of (Y, Z,W) is absolutely continuous with respect to the Lebesque measure with densities
fz, fw, fzw, friz € Leo and fz, fzw € La; (iii) fzw € H'(RPF9) for some t > 0; (iv)
K, and K,, products of a univariate continuous kernel K € La(R) N Ly(R) of bounded
variation with [ K(u)du =1, [|ul'|K(u)|du < oo, and [u*K(u)du =0 for k € {1,...,1}
and | > t.

Assumption 3.2 is standard for kernel estimators; see also Darolles, Fan, Florens, and
Renault (2011), Appendix B for a discussion of generalized boundary kernels that can be
used when supports are bounded. We could also allow for discrete regressors provided that
the instrumental variables are continuous following the approach of Das (2005).

To introduce the next assumption, let 0, be a partial derivative with respect to the

variable u, let ||.||.c denote the uniform norm, and put x Vy = max{z,y} and 2 Ay =

min{z, y}.

Assumption 3.3. (i) ||0ufuzl|lec < 00 and sup, ||fuz(u,.)|s < 0o with kK > 2aV (a+q/2);

(ii) || oy Ou S (s v) 0]
2aV (a+q/2);

< 00 and sup,,, Hfiuoo fUzw(u,.,U)dUH < oo with k >
oo K

Note that since fyzw(u,z,w) = fyzw(u+ ¢(2), z,w), Assumption 3.3 imposes equiva-

lently several mild smoothness restrictions on fyzy and .

Assumption 3.4. h, — 0 and o,, — 0 as n — oo are such that (i) nhgai(a+c)/(a+b) —

00, nhP*a, — oo, and k¥ Jo, — 0; (i) Va2 = 0, Vahia?/@) - oo, and
VIh2 ol s 0: (i) na2 — 0, nha™* 0, and nh?T2 — co; where 25 = b—a > 0,

b>c,s>c>p/2,t>(p+q)/2, a,b,t,p,q are as in Assumptions 3.1 and 3.2.

Assumption 3.4 (i) provides a set of sufficient conditions for the Sobolev norm consis-
tency, ||p—||. = op(1) with ¢ > p/2. Assumption 3.4 (ii) ensures that ||¢—¢p|| = op(n=/*),
which is a standard rate requirement in the semiparametric literature.* Our proof strategy

relies on the consistency in the Sobolev norm and does not require uniform consistency;

4This condition may be restrictive for the severely ill-posed inverse problems if the structural function
is not sufficiently smooth.



cf. Akritas and Van Keilegom (2001). Lastly, condition (iii) ensures that a certain uniform
asymptotic expansion holds.?
The following result describes a large sample approximation to the residual-based inde-

pendence empirical process:
Theorem 3.1. Suppose that Assumptions 3.1, 3.2, 3.3, and 3.4 are satisfied. Then
1 n
Gn(u,w) = 7n Y Yoicuwicwt = Lviuy Fw (W) = Liw, <oy Fo () + Fow (u,w) + 84,0 (Ui, Wi) + 0p(1)
i=1

uniformly over (u,w) € R x R? with

5u,w(Uia VVZ) = U’L (T(T*T)_lp(u, 7w)) (VVZ)a

plu, z,w) = /w fozw (u, z,0)dw — fuz(u, z) Fy (w).

Theorem 3.1 does not require U 1L W. The proof of this result can be found in the
Appendix and relies on asymptotic equicontinuity arguments. Roughly speaking, we show
that the consistency of the nonparametric IV estimator in the Sobolev norm together with
the Donsker property of Sobolev balls imply that certain terms associated with residuals
are asymptotically negligible. The estimation of the nuisance component ¢ has a first-order
asymptotic effect through the 6, .,(U;, W;) term, while the higher-order terms are negligible
provided that || — ¢|| = op(n~'/*). This rate condition is typically encountered for the
semiparametric problems; see Chernozhukov, Chetverikov, Demirer, Duflo, Hansen, Newey,
and Robins (2018) and Chernozhukov, Escanciano, Ichimura, Newey, and Robins (2022)
for recent contributions, Andrews (1994) for earlier treatment, and Babii (2022), Section
3.3 for a related discussion in the setting of ill-posed inverse problems.

Theorem 3.1 can be readily used to construct the residual-based Cramér-von Mises and

Kolmogorov-Smirnov statistics:

T2,n = / |(G}n(u, w)|2dFUW(U, w) and Toom = Sup |Gn(u’ w)' (6)

u,W

To understand the behavior of the two statistics under the null and the alternative hy-

°Tt is easy to see that when p = ¢ = ¢ = 1, there exist ¢1,c2 € (0,1) such that Assumption 3.4 holds for
hp ~n~° and o, ~ n~° provided that ¢ and b are sufficiently large.



potheses, consider a centered version of the process in Theorem 3.1
1 n
Hn(ua U)) = = hu,w(Uiv VI/Z) - E[hu,w(Uh Wz)]a
i
where hu,w(Ua W) = :H-{Ugu,Wgw} — ]]-{Ugu}FW(w) — :H-{Wgw}FU(u) + FU[/V(U, w) + 6u,w(Ua W)

The following Donsker-type central limit theorem holds:

Proposition 3.1. Suppose that assumptions of Theorem 3.1 are satisfied. Then
H,, ~ H in Lo(R x RY),

where H is a centered Gaussian process with uniformly continuous sample paths and the

covariance function
(u, w, v, w") = E[(hyw (U, W) = Bl (U, W)]) (hy i (U, W) = E[ By 0 (U, W)])]

Note that under the null hypothesis Hy : U 1L W, we have E[h,,.,(U, W)] = 0 and the

covariance function of H simplifies to

(u, w, v, w") =B [(Lv<ww<wy — Lu<wy Fw (W) — Liw<wy Fu (u) + Fow (u, w) + 64,0 (U, W)) x
X (Lw<w,wewy = Lv<wy Fw (W) = Liw<wy Fo (W) + Fyw (0, w") + 6w 0 (U, W))] -

For the alternative hypothesis, H; : U /L. W, put

b= // | Fow (u,w) — Fy(u) Fw (w)PdFyw (u, w),  dos = sup | Fyw (u, w) — Fyr(u) Fyy (w)].

u,W

Consider also a sequence of local alternative hypotheses
Hy,: Fyw(u,w) = Fy(u)Fy(w) +n"Y2H(u,w), Yu, w,

where the function H is such that Fyy is a proper CDF. There exist several ways to
construct such local alternatives with prespecified marginal distributions Fy and Fy,. For
instance, Fyw (u,w) = Fy(u)Fy(w) + aFy(u)Fy(w)(1 — Fy(u))(1 — Fy(w)) with a €
[—1,1]; see Devroye (1986), Chapter XI, Theorem 3.2.

10



The following corollary describes the behavior of our test under the null and fixed /local

alternative hypotheses:

Corollary 3.1. Suppose that assumptions of Theorem 3.1 are satisfied. Then under Hy

T~ // |H(u, w)[*d Fyw (u, w) and  Toop ~> sup [H(u, w)],

U,W

while under Hy we have Ty, T 25 00, provided that dy, ds > 0. Moreover, under H ,

Ty ~ // H(u, w)+2H (u, w)[*d Fyw (u, w) and Toon ~ sup |H(u, w)+2H (u, w)|.

uU,W

Corollary 3.1 shows that the residual-based independence tests can detect parametric
local alternatives. The asymptotic distributions under H, are not pivotal, in contrast
to nonparametric regression without endogeneity, cf. Einmahl and Van Keilegom (2008).
While obtaining the distribution-free statistics is possible in simpler residual-based testing
problems, see Escanciano, Pardo-Fernandez, and Van Keilegom (2018), these methods do
not seem to extend naturally to our setting. Therefore, we focus on resampling methods
to compute the critical values.

We conclude this section with instructions on how to implement the test in practice:

1. Compute the nonparametric IV regression ¢ based on the kernel estimators in equa-
tion (3). One could use, e.g. the product of 6th order Epanechnikov kernels for
which the Silverman’s rule of thumb bandwidth choices based on sample standard

deviations are: h, = 3.536,n~ Y13 and h,, = 3.536,n"/13.

N

2. Compute the nonparametric IV residuals, U; = Y; — ¢(Z;) and the residual-based

independence empirical process G,, in equations (4)-(5).

3. Compute either the Kolmogorov-Smirnov or the Cramér-von Mises statistics, denoted
Ty, and T ,; see equation (6). The integrals and suprema are evaluated on a discrete

grid of 100 points.

4. Compute the bootstrap critical values as 1 — « empirical quantile of bootstrapped

statistics T3, or T, ,,, denoted ¢y _,,, where the process G is replaced by its bootstrap

o0,n?

11



counterpart G*; see equation (7). The bootstrap counterparts are obtained drawing,

e.g. 5,000 samples of size n with replacements from (Y;, W;, Z;) .

5. Reject separability if the observed statistics exceeds the critical value ¢j_,,.

4 Monte Carlo experiments

To evaluate the finite-sample performance, we simulate samples as

A 0 1 04 03
Y=0(2)+0Zc +e, W ~ia N[|of.]0o4 1 0
€ 0 03 0 1
We set p(z) = cos(x) and consider samples of size n = 500 and n = 1,000 observa-

tions; see Appendix A.5 for additional simulation results. Note that the degree of sep-
arability of unobservables is governed by 6§ € R. The separable model corresponds to
6 = 0, while any 6 # 0 corresponds to the alternative nonseparable model. Under Hy, the
nonparametric IV regression does not estimate consistently the nonseparable structural
function (z,e) — cos(z) + 0ze + e, which depends on unobservables. The nonparamet-
ric IV regression estimates instead a function z +— ¢(z) solving the functional equation
E[Y|W] = E[¢(Z)|W]. The difference between the two functions is precisely what gives
the power to the test.

We set the number of Monte Carlo replications and the number of bootstrap replications
to 1,000 through all our experiments. We also discretize all continuous quantities on the
grid of 100 equidistant points in [—4, 4]. The estimates 7 and T in equation (3) are obtained
using the sixth-order Epanechnikov kernel. The corresponding bandwidth parameters are
computed using Silverman’s rule of thumb: h, = 3.536.n"/*® and h, = 3.536,n /13,
where &, and 6, are sample standard deviations of observed Z and W. This choice satisfies
Assumption 3.4 and requires that the regularization parameter is «, ~ n~ with c; €
(0.5,11/13). To satisfy this requirement, we set a,, = n=4/°.

We look at the distributions of Kolmogorov-Smirnov and Cramér-von Mises statistics,

12



computed respectively as

Toon = sup |Gy, (u, w)| and Ty, = / |G (u, ) PAEyy (u, w),
where G, (u,w) = \/E(FUW(U, w) — FU(u)Fw(w)) Lastly, we compute the critical values
using the nonparametric bootstrap, replacing the empirical process G,, by the bootstrapped

process

A A A

Gy (,w) = Vi (B w) = B () iy (1) = (P (w,w0) = Eg(w) By (), (7)

where Fg,W’ Fg, and FI;“V are computed via resampling (Y;, Z;, W;)™,.0

Figure 1 shows the distribution of the test statistics under the null and the two al-
ternative hypotheses for different sample sizes. The distributions under H, and H; are
sufficiently distinct when there is a larger separation as measured by 6.

In Figure 2, we plot the power curves when the level is fixed at 5%. The power increases
once alternative hypotheses become more distant from the null hypothesis. The Cramér-
von Mises test seems to have a higher power for the class of considered alternatives. The
figure also indicates that the tests are consistent.

In Figure 3, we explore the bootstrap performance. We plot the exact finite sample

distribution of both test statistics and the distribution of bootstrapped statistics under Hj,.

The bootstrap seems to mimic the finite sample distribution relatively well.

5 Are Engel curves separable?

Engel curves are fundamental for the analysis of consumers’ behavior and have implications

for aggregate economic outcomes. The Engel curve describes the relationship between de-

6 The validity of the bootstrap could be justified in light of Neumeyer (2009) and Neumeyer and
Van Keilegom (2019); see also Chen, Linton, and Van Keilegom (2003). For the empirical distribution
function (EDF) of regression residuals, the arguments reduce to the following decomposition: \/ﬁ(Fg —
FU) = \/ﬁ(ﬁ’;} - FU) + \/ﬁ(ﬁg — Fé) + \/ﬁ(FU - FU), where f?’; is the EDF of a sample bootstrapped
from a smoothed EDF, denoted FU' Neumeyer (2009) shows that the first term estimates consistently
the asymptotic distribution while Neumeyer and Van Keilegom (2019) show that the last two terms are
asymptotically negligible.
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Figure 1: Finite-sample distributions. The figure shows density estimates for the
Kolmogorov-Smirnov and Cramér-von Mises statistics under Hy, 6 = 0 (solid line), and the
two alternative hypotheses: 6 = 0.4 (dashed line) and 6 = 1 (dotted line).
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(a) Kolmogorov-Smirnov test (b) Cramér-von Mises test

Figure 2: Power curves. The figure shows the empirical rejection probabilities as a function
of the separability parameter 6 for samples of size n = 500 (solid line) and n = 1,000
(dashed line). The value § = 0 corresponds to the separable model, while § # 0 are
deviations from separability. The nominal level is set at 5%.
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Figure 3: Bootstrapped and simulated distributions. The figure shows density estimates of
simulated and bootstrapped Kolmogorov-Smirnov and Cramér-von Mises statistics under
Hy. Based on 1,000 bootstrap replications.
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Table 1: Testing separability of Engel curves. The table shows the bootstrap p-values of
Kolmogorov-Smirnov and Cramér-von Mises tests for 13 commodities.

Commodity KS CvM | Commodity KS CvM
Food home 0.00 0.00 Gas and oil 0.35 0.33

Food away 0.11 0.02 | Personal care 0.45 0.34
Clothing 0.20 0.17 Health 0.38 0.31
Tobacco 0.14 0.01 Insurance 0.38 0.20
Alcohol 0.36  0.36 Reading 0.39 0.41
Trips 0.20 0.02 | Transportation 0.00 0.00

Entertainment 0.22 0.00

mand for a particular commodity and a household’s budget. Interesting applications of En-
gel curve estimations include measurement of welfare losses associated with tax distortions
in Banks, Blundell, and Lewbel (1997), estimation of growth and inflation in Nakamura,
Steinsson, and Liu (2016), or estimation of income inequality across countries in Almas
(2012). The nonparametric IV approach to Engel curves is pioneered in the seminal paper
of Blundell, Chen, and Kristensen (2007), who focus on the estimation of Engel curves for
the UK.

We draw a dataset from the 2015 U.S. Consumer Expenditure Survey; see Babii (2020)
for the estimated Engel curves with the uniform confidence bands using this dataset. We
restrict our attention to married couples with a positive income during the last 12 months,
yielding 10,055 observations. The dependent variable is a share of expenditures on a par-
ticular commodity while the endogenous regressor is a natural logarithm of the total expen-
ditures. We instrument the expenditures using the gross income. In particular, Blundell,
Chen, and Kristensen (2007) point out that the gross income will be exogenous for con-
sumption expenditures assuming that heterogeneity in earnings is not related to unobserved
preferences over consumption.

In Table 1, we report the bootstrap p-values for the Kolmogorov-Smirnov (KS) and
Cramér-von Mises (CvM) tests for 13 different commodities. Our test provides some
evidence that the Engel curves for Food, Transportation, and possibly Tobacco may be

non-separable, and hence, heterogeneous in unobservables.
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6 Conclusions

This paper offers a new perspective on the separability of unobservables in econometric
models with endogeneity. Starting from a nonseparable model where the instrumental
variable is independent of unobservables, our first contribution is to develop a novel fully
nonparametric separability test. The test is based on the estimation of a separable non-
parametric IV regression and the verification of the independence restriction imposed by
the nonseparable IV model. To obtain a large sample approximation to the distribution of
our test statistics, we develop a novel uniform asymptotic expansion of the empirical dis-
tribution function of nonparametric IV residuals and obtain new results for the Tikhonov
regularization in Sobolev spaces. We show that despite the uncertainty coming from an
ill-posed inverse nonparametric IV regression, the empirical distribution function of residu-
als and the residual-based independence empirical process satisfy the Donsker central limit
theorem. In contrast to nonparametric regression without endogeneity, we find that pa-
rameter uncertainty affects the asymptotic distribution of the residual-based independence
tests, which are highly nonstandard.

Using the 2015 U.S. Consumer Expenditure Survey data, we find some evidence for non-
separable Engel curves for some commodities. This indicates that some Engel curves may
be heterogeneous in unobservables and that the nonseparable modeling of Engel curves may
be useful; see, e.g., Blundell, Horowitz, and Parey (2017) for the estimation of nonseparable
demand functions.

The paper offers several directions for future research. First, it might be interesting
to test the separability of unobservables in other structural relations that are commonly
estimated using the additively separable models in empirical practice, such as a produc-
tion function, a labor supply function, a demand function, or a wage equation. Second,
given the plethora of residual-based specification tests for regression models without en-
dogeneity, our results could also be used to develop similar tests for econometric models
with endogeneity; see Pardo-Fernandez, Van Keilegom, and Gonzalez-Manteiga (2007) and

Escanciano, Pardo-Ferndndez, and Van Keilegom (2018).
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APPENDIX

Notation. For two sequences (a,)nen and (b, )nen, we denote a,, < b, if a,, = O(b,) and
a, ~ by, if both a, < b, and b, < a,. For two sequences of random variables (X, ),en and

~Y

(Y2)nen, we denote X,, <p Y, for X,, = Op(Y,,). For a bounded linear operator T : X — )

on normed spaces, we use ||T||op = inf{c > 0 : ||Tz| < ¢||z||,Vz € X} to denote its
operator norm, where with some abuse of notation, we use ||.|| to denote the norm of both
spaces.

A.1 Tikhonov regularization in Hilbert scales

This section discusses convergence rates for the Tikhonov-regularized estimator in Sobolev
spaces. The following result extends Proposition 3.1 of Carrasco, Florens, and Renault

(2014) to the case of the unknown operator.

Theorem A.1.1. Suppose that Assumption 3.1 is satisfied, |T — T2, <p o, and 2s >
b—a. Then for every c € [0, s]

+
a+s

R 2 b—c
16 = ¢l Span ™ |7 = T +ai™.

Proof. Decompose

G— =1, +1I,+ I, + IV, +V,,

with

I, = L %(a, ] +TT. T+ — Ty),

T,)"
IT, = L™ (o] + TXT,) N (T — T (7 — Top),
I, = L7 (o + TXT) Y — (anl + TXT) 7Y TF (7 — T),
IV, = L™(an] + TIT) T T, L3 — L™ (an + TFT,) M T T, Lo,

V= L%, I + ToT) ' T T, Lo — .
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For the first term

~ 2
HIn”g = (anl"_Ts*TS)_lTs*(f —Ty) c—s
s—c ~ 2
< |7 @l + T T - T
s—c 2 ~ 2
< (T 2F ) (I + TET,)MTE|| ||F — T
op
_ \gEsr | . 2
<sw 25 0 -7
_atc N 2
San |l =Ty

where the second line follows by Engl, Hanke, and Neubauer (2000), Corollary 8.22 with
v = (s—c)/(a+s) <1; the third line by the definition of operator norm; the fourth line
by the isometry of functional calculus, see Cavalier (2011), Theorem 1.3; and the last since
supy [A?/(an, + )| < ad™L for all d € [0, 1].

Similarly, since for bounded linear operators A and B, ||AB|lop < || Allopll B|lop;

2

12 = ([(anT + T2T) (0 = )6 = Tp)

Cc—S

~ ~ 2
T =112, |7 - T

S H (T2T) %9 (] + T2T,)

2

2

op
_ 2a+s+c

<P (70 ot

Y

(e’ f—Tgo

a+tc
a+s

_ L2
< ap f—T(pH :

Next, since L¥¢ € H’™® and s > (b — a)/2, by Engl, Hanke, and Neubauer (2000),
Corollary 8.22, there exists ¢ € Ly such that Ly = (T TS)Q(ba_JrSSMZ). Therefore,

||Vn||z = H(an[ + Ts*TS)_lT:TsLSQD - LSSOHC_S

= HOén(OénI + T:Ts)_lLsngi—s

s—c s 2
< ||on(T 1) 55 0 4+ T (T
s—c —s 2
S ‘ (T2 T, T (] + TETy) (T2 T,) %o
op
)\ﬁ 2
(0% 2(a+s) b—c
< su _nt < 047(;+S-
=50 ap+A |~
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Next, decompose

A N R 2
110,12 = | [(@nl + TIT) ™ = (@l + T 7| T2 = Tp)
A A N N 2
= ([t + T @ T — T @l + BT TG - T
S 2R1n + 2R2n
with
N A N N 2
Rin = |[(anI + T*T) T (T, — T)(anl + T3T,) " T (7 — Tp)
s—c 2 N A R R 2
STy (I + TET) TS| 1T — Toll2p (o + T3T) M TE|2, |7 — T
op
_s—c _ 2 1 .12
< @15 (and + T )T an— |7 — TgoH
op n
_atc N 2
Span ™t =Ty
and
S—C A~ A~ A~ ~ A ~ 2
Ron = (T 555 (I + T2T) (T = T ool + T5F,) VT (7 — Tp) H
s—c 2 R R A R 2 N 2
< (T T) T (I + T T) Y| T2 = T2 | Tuland + ToT) T2 |17 = T
op op
s—c 2 ~ 2
< Ty 2@ (o + TET) | ||F =T
op
_ 2a4c+s N 2
Span T oa,|Ir=Te
_a+tc N 2
<pay f—TgoH .
Similarly, decompose
A A 2
11V, |2 = ‘ a, [(anl ST — (ol + TS*TS)‘l] Lo
A A 2
< H (anl +T7T,) ! (TS*TS _ TS*TS) (] + T2Ty) 1L

< 281n + 259,
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with Sy, and S5, defined below. In particular,

Stn = |[(@nd + T2T) T2 (T, = 1) an(and + TIT) Loy j_s
< (ol + 72T 2T (T _ TS> (] + T;Ts)—lmpu2
< (@t +7=7,) 1 zp 17— T2, |2 o (] + T2T2) " Lo
< (o] + T L]
< [Jonm T ™ (@l + T (T AR
2 | b
S| | S

where the last two lines follow by Engl, Hanke, and Neubauer (2000), Corollary 8.22 with

v =s/(a+ s) <1 and previous computations. Similarly,

o R 2
Sun = [0l + T2 (2 - T2 ) Tl + TT) L

c—S

s—c A A _s 2
< H(TS*TS)2<G+S> (ol +T2T,)7 ! anTs(an I + TS*TS)*l(TS*TS)‘mbTH)qu

2 ~
op HT: - Ts*ng

_ 2a+s+c N 9 bta
+ +
§P Qap ||T_T||opaﬁ ’
b—c
Spoagtt.
The result follows from combining all estimates. m

This result is not specific to the nonparametric IV regression and can be applied to a
generic ill-posed inverse problem T'¢ = r, where (T, r) is estimated with (7', 7). Moreover, in
the case of nonparametric IV regression, it can be easily applied to nonparametric/machine
learning estimators (T, 7) other than the kernel smoothing. Next, we specialize the generic
result of Theorem A.1.1 to the nonparametric IV regression with (7', 7) estimated via kernel

smoothing, see equation (3).

Corollary A.1.1. Suppose that Assumptions 5.1 and 3.2 are satisfied, —=Vh* = O (o),

nh’ly’;’!‘q

and 2s > b —a. Then for every ¢ € [0, s]

16—l = Op (an™ (=g +82) + i
¥ —@lle =Up|{an h n Qn .
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Proof. By the Cauchy-Schwartz inequality
. ) . 2
1T =T[5, < HfZW — fZWH

1 2t
= OP (nhfb—’—q + hn) 3

where the second line follows from the well-known risk bound; see, e.g., Giné and Nickl

(2015), pp. 403-404 under Assumption 3.2. Therefore, by Theorem A.1.1

b—c

12
f—Tng + st

atc
a+s

A 2 -
I = ¢lle Sp an

Lastly, by Babii and Florens (2020), Proposition A.1.1

under Assumption 3.2. O

A.2 Distribution of nonparametric IV residuals

In this section, we present results on the weak convergence of the empirical distribu-
tion of nonparametric IV residuals. These results are used to obtain the large sample
approximation to the distribution of independence tests and are of independent inter-
est. For instance, they may ensure that we can estimate the structural quantile function

®(z,e) = ¢(2) + Fj;'(e) in the separable IV model
Y =o(2) + Fy'(e),

where ¢ ~ U(0,1) without loss of generality; see Chernozhukov, Fernandez-Val, Newey,

Stouli, and Vella (2020).

Theorem A.2.1. Suppose that Assumptions 3.1, 3.2, and 3.3 (i), and 3.4 are satisfied.
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Vin(Ey(u) = Fy(u \/—Z{H{Um} Fy(u) + U; [T(T*T) " fuz(u, )] (W) } + op(1)

uniformly over u € R.

Proof. By Lemma A.4.1, the following expansion holds uniformly in © € R

Vi Fy ()~ Fy (w) = V(B ()~ Fy(u)+v/n (Pr (U < u+ A(2)|2) = Fu(w)) +op(1).
By Taylor’s theorem, there exists some 7 € [0, 1] such that

Jn (Pr (U <u+ A(Z)|3{> ~Pr(U < u))

— \/ﬁ/ {/:A(Z) foz(v, z)dv — /ZO fUZ(’U,Z)dU} dz

_ /i / { Fun(u 2)A(2) + %au ozl +TA(), Z)AQ(Z)} ds
= Vil . foaw)) iy [ Buuztut mAG:), M%)

2 Ty (u) + Ton(u).

By Lemma A.4.3 in Appendix A .4,
Ty (u Z Ui [T(T*T) " fuz(u,.)] (W3) + op(1),
\/_
while under Assumptions 3.3 (i) and 3.4
1 Tonlloe < 10ufrrzllocv/nll@ = @ll* = 0p(1).
Combining all estimates, we obtain uniformly in u € R
Vi(Fy(u) = Fy(u) = vn(Fy(u) — ZU T) fuz(u, )|(W;) + op(1).

]
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As a consequence of Theorem A.2.1, we obtain the following Donsker-type central limit

theorem for the empirical distribution of nonparametric IV residuals.

Corollary A.2.1. Suppose that assumptions of Theorem A.2.1 are satisfied. Then
V(EF; —Fy)~G in Lyo(R),

where G is a centered Gaussian process with uniformly continuous sample paths and co-
variance

(u, ) = Fy(u ) — Fy(u)Fy () + E [U? [T(T*T) " fuz(u, )] (W) [T(T*T) " fuz (', )] (W)]

B (LU [TTT) ™ foz (. )] (W) + LU [TTT) ™ fuz(w,.)] (W)

Proof. The process given in Theorem A.2.1 is an empirical process indexed by the following
class of functions F = {(v,w) — Ly<uy + v (T(T*T) " fuz(u,.)) (w), v € R}, which is a
sum of a Donsker class and H = {(v,w) — v (T(T*T) " frz(u,.)) (w), u € R}. By van der
Vaart and Wellner (1996), Example 2.10.5, it is enough to show that H is Donsker. The

former statement follows from the fact that under Assumption 3.1 by Engl, Hanke, and

Neubauer (2000), since for k —a > q/2

sup | T(T*T) ™ fuz(u, )ls—a S sup || foz(u, )]s < M < oo,
ueER ueR

where the last inequality follows under Assumption 3.3 (i). Therefore, H C {(v,w) —
vg(w) : g € Hy *}, where Hy, ® is a Sobolev ball of radius M. Since k > a + ¢/2, this
shows that the class H is Donsker; see Nickl and Pétscher (2007), Corollaries 4 and 5. The

covariance simplifies since E[U|W] = 0. O

A.3 Proofs of the main results

In this section we provide proofs of the main results of the paper.

Proof of Proposition 2.1. Since ¢ is unique by assumption, U =Y — ¢(Z) is a well-defined

unique random variable. If the model in equation (1) admits a separable representation,
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then since ¢ 1L W
EY|W] = E[p(Z) + g(e)|W]

— E[)(2) + Eg(e)| V).

Therefore, p(Z) = (Z) + Eg(e) by the injectivity of T, and thus U = g(¢) — Eg(e). This
shows that U 1L W because ¢ 1L W. O

Proof of Theorem 3.1. By Lemma A.4.2, uniformly in (u,w)
Gn(u, w) = Tip(u, w) + Ty (u, w) — Tap(u, w) + op(1),

where

Tinu, w) = v/n (FUW(u,w) _ FU(U)FW(w)) ,
Ty, (u,w) = +/n <Pr (U <u-+ A(Z),W < w|%> — FUW(u,w)> ,
Tyn(u,w) = v/ (Pr (U < u+ A(Z2)|2) = Fu(w)) Fir(w).

The first term is a classical independence empirical process
T'in(u, w) f Z {1, <uwi<wt — Livi<ay Fw (w) — L, <w) Fu(u) + Fu(u) Fy (w)
P Z {Tiw,<w) = Fiw(w)} — Z {Vv<wy — Fo(w)}
i=1
1
= Z (Lt <uwi<wy — Liv<uy Fw (w) — Lw, <u) For (u) + Fy(u) Fi (w) } + op(1),
i=1

where the second line follows by the maximal inequality.

Next, under Assumption 3.3 (i), by Taylor’s theorem, for some 7 € [0, 1]

it = v [ { /“*A foavti = - [ fUZW@,Z,@dﬂ}dwdz

= \/ﬁ//_oo {fUZW(Ua 2, W)A(z) + %aufUZW(U +7A(2), Z,@)Az(z)} dwdz
—Vn <¢ — o, /_: fozw (u, ., w)dw> + ‘/2"7 / _: Oufvzw (u+ TA(2), z,0)dwA?(2)dz

2 Sin(u, w) + Son(u, w).
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Under Assumptions 3.3 by Corollary A.1.1

||S2n||oo S sup

W, U, 2

/ Oufuzw (u, z,0)dd| v ||p — ¢||> = op(1)

Similarly, we have uniformly in (u,w)

T (u, w) = V1@ — ¢, fuz(u,.)) Fw(w) + op(1).
Therefore, uniformly in (u,w) € R x R?

Ton(u, w) — Ty (u, w)
Vit [0~ ol { [ ol s )0 - foztu ) Futw) [ @z + on)

— Vi [ (@(2) - p(2))plu, 2, w)dz + 0p(1)

n

where the last line follows by the same argument as in the proof of Theorem A.2.1 under

Assumption 3.3 (i). O

Proof of Proposition 3.1. H,, is an empirical process indexed by the class of functions
F={(w) = Lo wza) — Lvoy Fw (@) — Lwzay Fu (9) + Fow (0,) + 0.5 (v,w) « (5,0) € R}

By van der Vaart and Wellner (1996), Example 2.10.7 it suffices to show that each of
the functions in the sum constitutes a Donsker class. To that end, recall first that the
indicator functions are classical examples of Donsker classes. Therefore, all terms in F but
the last one are either Donsker or can be factored as Donsker classes and a deterministic
bounded function not depending on the argument of the indicator function. Lastly, under
Assumptions 3.1 (i) by Engl, Hanke, and Neubauer (2000), Corollary 8.22

HT(T*T)_lg(%w» ')”H—a S sup Hg(vawa )HN < M < oo,

~

(v,w)eRIF

where the latter follows under Assumption 3.3 (ii). Therefore, we obtain that {(v,w) —
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o(T(T*T) 1 g(0,w,.))(w) : © € Ryw € R} C {(v,w) — vg(w) : g € Hy;“}, where Hy ®
is a Sobolev ball of radius M. Since k > a + ¢/2, this shows that F is Donsker; see Nickl
and Potscher (2007), Corollaries 4 and 5. O

Proof of Corollary 5.1. Since under Hy, G,, ~» H by Proposition 3.1, the asymptotic dis-
tribution of T, under Hy is readily obtained by the continuous mapping theorem; see
van der Vaart and Wellner (1996), Theorem 1.3.6. For the Cramér-von Mises statistics,
write

Ty = / H? (u, w)d Fyw (u, w) + Ry, + Ray
with
Fio= [ (8300w~ B ) g )
Fou = [ B9 ) 00) ~ P, 0]

By Proposition 3.1, under Hy, G, ~ H and v/n(Fyy (u, w) — Fyw(u,w)) also converges
weakly by Proposition 3.1 and Theorem A.2.1, thus by the Skorokhod construction

n~ Y2 sup |G, (u, w)| £ 0 and sup | Eyyy (u, w) — Fow (u, w)| 22 0. (A1)

u,W

The first expression in Eq. A.1 implies that Ry, == 0. Since H has a.s. bounded and
continuous trajectories, the second expression in Eq. A.1 in conjunction with the Helly-Bray
theorem show that Ry, —= 0. Therefore, the asymptotic distribution of the Cramér-von
Mises test follows by the continuous mapping theorem.

Under the fixed alternative hypothesis, since E[U|W] = 0, by Theorem 3.1, the Glivenko-

Cantelli theorem, and a similar argument we obtain

n~ V2T, = / Y26, (u, w) PAEyy (u, w) 225 2dy > 0

n V2T, = sup [n 2G,, (u, w)| 22 2d, > 0.

uU,W

Therefore, by Slutsky’s theorem 75, 2% o0 and Toom 2%, 50, which proves the second
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statement. For the local alternatives, note that
B[Ry (U, W) = 2 (Fyw (u, w) — Fy(u)Fy (w)) = 2n~ Y2 H (u, w).
Therefore, by Corollary 3.1 and continuous mapping theorem
Toon = sup |Gy, (u, w)|

= sup |Gy, (u, w) — V/nE[hy (U, W)] 4+ 2H (u, w)]

~» sup |H(u, w) + 2H (u, w)].

u,w

For the Cramér-von Mises statistics, write
Ty — / [ (u, w) + 2H (1, w) Pd Fyny (1, ) + St + S,

where

A

Sin = / / {1Gn(ut,w) = VAl (U, W) + 2H (w,0)[* = B, w) + 28 (u,0)* b d By (u, w)

S = / H(u, w) + 2H (u, w)[2d Fﬁw(u,w)—FUW(u,w)]

Therefore, the result follows by Proposition 3.1 and the same argument as under H, with

the only difference that now we have the bias 2H in the limiting distribution. O]

A.4 Additional technical results and proofs

In this section, we provide several auxiliary technical results.

Lemma A.4.1. Suppose that Assumption 3.1, 3.2, 3.3, and 3./. Then
sup | Fyy (u) — Fy(u) — Pr(U < u+ A(Z2)|Z) + FU(U)‘ = op (n_l/Q) : (A.2)

where A = ¢ — @ and X = (Y;, Zi, W),
Proof. The main idea of the proof is to embed the process inside the supremum into an
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empirical process indexed by u and a Sobolev ball containing A with a probability tending
to one. We first show that the process is Donsker, thus the supremum in Eq. A.2 is
Op(n~1/%). Finally, the required op(n~1/2) order will follow from the fact that the process
is degenerate.

Let HS, be a ball of radius M < oo in the Sobolev space H¢(R?). For v € R and
A € Hj;, define fun(U,Z) = 1coouraz)(U), Gi = {fuar: ve R, A e Hj(RP)}, Gy =
{fuo: ue R}, and G = G; — Go. Note that G, is a classical Donsker class of indicator
functions. If we can show that G; is Donsker, then G will be Donsker by van der Vaart
and Wellner (1996), Theorem 2.10.6. To this end, we check that the bracketing entropy
condition is satisfied for G;.

By Nickl and Potscher (2007), Corollary 4 the bracketing number of H§, satisfies
log N(e, Hy;, ||||L2Z) < e7Ple; where (L%, ||||Lzz) denotes the space of functions, square-
integrable with respect to fz. Put M. = Njj(e, H;, [|-[|12) and fix u € R. Let [éj,zj];‘i:
be a collection of e-brackets for Hf,, i.e., for any A € Hf,, there exists 1 < j < M, such
that A; <A < Zj and ||Zj — éjHLQZ < ¢, and thus I]‘(foo,quéj] < Tooura) < ]l(foo,quZj]'
Now for each 1 < j < M., partition the real line into intervals defined by grids of points
—00 = Uiy < Ujy < 00 < Uy, =00 and —00 = Ujy < Ujo < -+ < U, = 00, SO that

each segment has probabilities

lI>

Pr(U—A;(Z2) <wjy) —Pr(U—2;(2) <wpy) <€2/2, 2

J

IN

k

IA

2
g2
2

(1>

M1€7
Mo,

Pr (U - 4,(2)

IA
2

i) —Pr(U—2;(2) <ujp) <2/2, 2

IN

k

IN

2

™

Denote the largest Ui, such that Ui S u by u_;‘ and the smallest % such that u < uy,

by uj. Consider the following family of brackets [Il(_oo,y; 14, 1 (—oom} +5,] " . Under

j=1
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Assumption 3.2 (ii)

2

1 emom) = 1 agea)

< ||ZJ' _éjHLzz | fu12]] 0o +e2=0 (52) )

Therefore, we constructed brackets of size O(e), covering G;, and we have used at most

O (e72M.) such brackets. Since ¢ > p/2, we have f01 \/log Niy(e,G, I ll13 )de < oo. This

shows that the empirical process \/n(P, — P)g,g € G is Donsker, hence, asymptotically

equicontinuous; see van der Vaart and Wellner (1996), Theorem 1.5.7. Then for any € > 0

lgﬁ}hm sup Pr” ( sup IVn(P, — P)(f —g)| > 5) =0, (A.3)

n—00 1,9€G: p(f—g)<é

where Pr* denotes the outer probability measure.
Next, we show that for every u € R, p*(f.) = E[f?] — (E[f.])? = op(1) with f, =
1 ouraz)(U) = L—oou)(U), where the expectation is computed with respect to (U, Z)

only. Indeed,
E[f,) =Pru<U <u+A(2)|2)

//HA fU\Z )dvfz( )

< ozl 2 1Al = op(1),

where the third line follows by the Cauchy-Schwartz inequality and Corollary A.1.1 under
Assumptions 3.1, 3.2, and 3.4. Similarly,

E[f?] = Pr(U < u+ A(Z)|.2) + Pr(U < u) —2Pr(U < (u+ A(Z)) Au|Z)

u+A(z)
</ T s el)dufs(2)dz < A = op(1).
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Lastly, let ||, || denote the supremum in Eq A.2. Then

Pr(Vallialle > 2) < Pr* (Vallinlloe > &, p(fa) < 8,A € Hy, ) + Pr* (p(f) > 9)
+Prt (A ¢ wa> ,
where the second probability tends to zero as we have just shown and the last proba-
bility tends to zero since under the maintained assumptions, by Corollary A.1.1, ||¢ —

¢lle = op(1). Therefore, it follows from the asymptotic equicontinuity in Eq. A.3 that
lim sup,,_, . Pr*(v/n||on]|l > €) = 0, which concludes the proof. O

Lemma A.4.2. Suppose that Assumptions 3.1, 3.2, 3.3, and 3.4 are satisfied. Then uni-
formly over (u,w) € R x RY

A ~

(FU(U) — Fy(u))Fy (w) — (Pr(U <u+ A(Z)]%) + FU(“)) Fy (w) = op (n—1/2)

and

A

Fyy (u,w) = Fow (u,w) = Pr(U < u+ A(Z),W < w|27) + Fyw(u,w) = op (n7/%) |

where A = ¢ — ¢ and X = (Y, Z;, Wi)$2,.

Proof. Note that the first expression and the expression in the statement of Lemma A .4.1

multiplied by Fy differ only by

~

(£ (w) = F(u)(Fw(w) — Fi (w)),

which is Op(n™') by Corollary A.2.1 and the classical Donsker central limit theorem. By
Lemma A.4.1, we obtain the first statement since Fy, is uniformly bounded by one.
The proof of the second statement is similar to the proof of Lemma A.4.1 and is omitted.

O

Lemma A.4.3. Suppose that Assumptions 3.1, 3.2, 3.3, and 3.4, and are satisfied. Then

(6 — o fun(u, ) = % S [T T)™ s, )] (W) + op(1).
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Proof. Similarly to the proof of Theorem A.1.1, decompose

Ve — o, fuz(u,.)) = L,(u) + I, (u) + I11L,(u) + IV, (u) + V,(u)
with

L(w) = Vi { L5 (an] + T*T) "\ T* (¢ — T), fus(u, .)> ,

<
I (w) = /i (L™ (o] + TIT) (T2 = T2 = 1), fuz(u,.)).
<

IV, (u) = vn <L‘s(anl + T ) T T, L0 — L3 (o ] + TXT) "\ T T, Lo, fuz(u, .)> ,

Vi(u) = vn (L™ (an] + T;T,) ' TiT Lo — o, fuz(u,.)) .
We show below that |11, + 11,4+ IV, 4+ V,||cc = op(1). To that end, first since Ty = T'L™*
Il = Vavsup ((anl +T*T)H(T" = T = 1), fuz(u,.))
<V H(T T — T}p)H sup || (anl + T°T) " fuz(u, )|

5 \/EHT* - T*HOP

P = Tg|| [l + )T,
1

1
~P \/ﬁ ( /—nhﬁ_i_q + h’n) ( nh% + hn) OP(l)a

where the third line follows under Assumptions 3.1 (i) and 3.3 (i); and the fourth by

arguments as in the proof of Corollary A.1.1 under Assumptions 3.2 and 3.4 (ii).
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Second,

Valloo = vrsup [ (L™ [(o ] + T2T,) ' TIT, — 1) Lo, L fuz(u, )|
SV Ty [(ond + TIT) ' TIT, — 1] L]

<n ‘ Tyan(anl + T5T,) " (T2T,) %

op
ozn)\ﬁ+%
o, + A
QA
a,, + /\‘

< v/nsup
A

= /N sup
A

S \/ﬁan = 0(1)7

where the first equality follows since L is self-adjoint; the second line by the Cauchy-
Schwartz inequality since sup, ||L®fuz(u,.)|| < oo under Assumption 3.3 (i) and by As-
sumption 3.1 (i); the third since L%p = (T;Ts)ﬁd) for some 1) € Ly by Engl, Hanke,
and Neubauer (2000), Corollary 8.22; the fourth by the isometry of the functional calculus,
see Cavalier (2011), Theorem 1.3; and the last since 2s = b — a and since na? — 0 under
Assumption 3.4 (iii).

Next, decompose 111, (u) = Rip(u) + Rop(u) with

Rin(u) = v <7~ — P, T(an + TT) YT (T — T)(an + T*T) " fuz(u, .)> ,

Ron(u) = v <q~ — T, T(an + T*T)"NT* — T)T(anl + T*T) " fu4(u, .)> .
By the Cauchy-Schwartz inequality and previous computations

P = T 17 (@l + T T) " T opIT = Tllop sup [ (@] +T*T) ™ fuz(w, )]

S Vi [f =T IT = Tlop
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and

1Rzalloe < Va||7 =T 1T (and +T* 1) lopl T = T*llop sup | T (el +T7T) ™ furz(u, )|

SVt =To| a' IT = Tllop| T(cn +TT) " (T T)* op

SV |[f =Tl IT = Tllopey** .
Therefore, under Assumption 3.4 since K > 2a

M Tl S V|7 = T 0 21T = Tlop
Vit | et 1) (g 4 1) = 00 ()

Similarly, decompose I'V,,(u) = Sy, (u) + Sa,(u) with

Sin(t) = Vi <L’S(an[ F T ITH(T, — T)an(and + T Lo, fuz(u, .)> :

Son(w) = /72 <L’S(Oznl F ) YT — THTaam(anl + T Lo, fua(u, .)> .

Likewise, by the Cauchy-Schwartz inequality and previous computations

|

(ol + TS*TS)‘l(T;"TS)i?&_:s)@ZJH <p Vnam = op(1)

|

Ty(anl + T5T,) VT (T . TS> (] + TPTy) 1L

Simlloe S V7 |

Sp \/5091/2 )

and

Tyl + TIT) 7 (T = T2 ) e Taand + TT) 7 L

s

[S2alloe S V7|
SP \/E ||anTs<anI + TS*TS)_ILSQOH SP \/ﬁan - OP(l)a

where we use |7 — Tlop <p ar/? and 2s = b — a; see also the proof of Theorem A.1.1.

Therefore, [ IV,||c = op(1).
Combining all estimates, we obtain uniformly over u € R

Io(u) = v <T*(f — 7Y, (ol +T*T) " fuz(u, .)> +op(1). (A.4)
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Next, note that
(7~ To)(w) = = 3 (Vi = [ K (Z)hi Ko (b (Wi — )
with [p* K.](2) 2 [ @()h;?K. (h;'(z — v)) dv, thus
T = Tp) = = 3 (Vi = [ K (Z0) fw * Kol (W)

with [fzw * Ku|(z,w) £ [ fzw(z,0)h, 7K, (h;'(w — v))dv. Using this observation, de-

compose equation (A.4) further
) = - Z Us (W20, (7)™ iz0,.)) + Qun + @i + Qa0 (1)
with
Qunl) = <7 iw o x K2 Kl Wi (ol + TT) fus .>> ,
Qonl) < fiv (o + K () —fzw<.,wi>},<%1+T*T>1fUZ<u,.>>,
ZUfZW

Q3n - <

By the Cauchy-Schwartz inequality

D), [ + T = (T*T) 7] fuz(u, .)> .

El|Qunllec < E sup || (and +T*T) " fuz(u, )|

% Z[gp — o x I Z) [ faw * Kul(L, W)

< %;E![so—w&](&)\ \Lfow * Kl W)

<Vl — @« K|l fzw * Kol
< Vil

where the second line follows by the triangle inequality and Assumption 3.3 (i); the third

by Assumption 3.2 (i), Cauchy-Schwartz inequality, and since fz and fy are uniformly
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bounded under Assumption 3.2 (ii); and the last by the standard bias computations under
Assumptions 3.1 (ii) and 3.2, and Young’s inequality under Assumption 3.2 (ii) and (iv).
Similarly, by the Cauchy-Schwartz inequality and Assumption 3.1 (i)

2

% Z Ui {[fzw * Ko) (s Wi) — Fow (., W)}

= E U A{[fzw * Ku](- W) = fzw (., W)}

S E[faw — faw * Ku](, W)

S Wfzw = faw * Kul?

< hy

where the second line follows under the ii.d. assumption; the third since E[U|W] < C
under Assumption 3.2 (i); the fourth since fy is uniformly bounded under Assumption 3.2
(ii); and the last by the standard bias computations under Assumptions 3.1 (ii) and 3.2
(iv).

Lastly, by the Cauchy-Schwartz inequality

2

E||Qs.|% = E sup || [(anl + T*T) " = (T*T)Y] fuz(u, )|’

1 n
%;Uifm(.,wi)
= E||Ui fzw (., W) |2sup || an(anl + T*T) " HT*T) " fuz(u, ) ||

< Han(anf —l—T*T)’I(T*T)"/Q“’lHOID
Oén)\ﬁ/ml_l

< a(n/Za—l)/\l
an+A |~ ’

< sup
A

where the second inequality follows under Assumptions 3.2 (i); the third line under As-

sumptions 3.1, 3.2 (i)-(ii), and 3.3 (i); and the last by the isometry of functional calculus;
see Cavalier (2011), Theorem 1.3.
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Combining these estimates under Assumptions 3.3 (i) and 3.4, we obtain the result

I[n(u) = % Z []2 <fzw(., I/Vl>, (T*T)*lfUZ(u, )> + OP (\/ﬁhz + hfl + 047({”»/2(171)/\1) + OP(1>

— % Z U T(T*T) " fuz(u, ))(W;) + op(1).

A.5 Additional Monte Carlo experiments

In this section, we report results of additional Monte Carlo experiments when the structural
function is ¢(z) = exp(—x%/4). The rest of the data-generating process is the same as in
the main part of the paper.

Figure A.1 shows the distribution of the test statistics under the null hypothesis and the
two alternative hypotheses for different sample sizes. The two distributions are sufficiently
distinct once the alternative hypothesis becomes more separated from the null hypothesis.
We plot in Figure A.2 the power curves when the level of the test is fixed at 5%. The
power of the test increases once alternative hypotheses become more distant from the null
hypothesis and when the sample size is larger. The Cramér-von Mises test seems to have
a higher power for the class of considered alternatives. Overall, the findings are largely
similar to the findings of experiments presented in the main part of the paper.

Lastly, Figure A.3 plots the values of the instrumental variable, W;, and the fitted
nonparametric IV residuals, Ui, under the null hypothesis, Hy (6 = 0), and under the
alternative hypothesis, H; (6 = 1). The figure hints that the two are indeed independent

under the null and dependent under the alternative.
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Figure A.1: Finite-sample distribution of the test — density estimates of the distribution
of Kolmogorov-Smirnov and Cramér-von Mises statistics under Hy, # = 0 (solid line), and
two alternative hypotheses, § = 0.4 (dashed line) and § = 1 (dotted line).
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(a) Kolmogorov-Smirnov test (b) Cramér-von Mises test

Figure A.2: Power curves. The figure shows empirical rejection probabilities as a function
of degree of separability 6 for samples of size n = 500 (solid line) and n = 1,000 (dashed
line). The value 6 = 0 corresponds to the separable model, while 6 # 0 are deviations from
separability. The nominal level of the test is set at 5%.

(a) Data under Hy (b) Data under H;

Figure A.3: Scatter plot of residuals and instruments. The value § = 0 corresponds to the
separable model and # = 1 to the nonseparable model. Sample size, n = 1, 000.
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