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Abstract. Cross-validation is a well-known and widely used bandwidth selection method
in nonparametric regression estimation. However, this technique has two remarkable
drawbacks: (i) the large variability of the selected bandwidths, and (ii) the inability to
provide results in a reasonable time for very large sample sizes. To overcome these
problems, bagging cross-validation bandwidths are analyzed in this paper. This approach
consists in computing the cross-validation bandwidths for a finite number of subsamples
and then rescaling the averaged smoothing parameters to the original sample size. Un-
der a random-design regression model, asymptotic expressions up to a second-order for
the bias and variance of the leave-one-out cross-validation bandwidth for the Nadaraya—
Watson estimator are obtained. Subsequently, the asymptotic bias and variance and the
limit distribution for the bagged cross-validation selector are derived. Suitable choices
of the number of subsamples and the subsample size lead to an n~'/2 rate for the con-
vergence in distribution of the bagging cross-validation selector, outperforming the rate
n—3/10 of leave-one-out cross-validation. Several simulations and an illustration on a real
dataset related to the COVID-19 pandemic show the behavior of our proposal and its bet-
ter performance, in terms of statistical efficiency and computing time, when compared to
leave-one-out cross-validation.
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1. Introduction

The study of a variable of interest depending on other variable(s) is a common problem
that appears in many disciplines. To deal with this issue, an appropriate regression
model setting up the possible functional relationship between the variables is usually
formulated. As part of this analysis, the unknown regression function, describing the
general relationship between the variable of interest and the explanatory variable(s), has
to be estimated. This task can be carried out using nonparametric methods that do not
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assume any parametric form for the regression function, providing flexible procedures
and avoiding misspecification problems. Among the available nonparametric approaches,
kernel-type regression estimators (Wand and Jones, 1995)) are perhaps the most popular.
To compute this type of estimators the user has to select a kernel function (typically a
density function) and a bandwidth or smoothing parameter that regulates the amount
of smoothing to be used, which in turn determines the trade-off between the bias and
the variance of the estimator. Although the choice of the kernel function is of secondary
importance, the smoothing parameter plays a crucial role. In this regard, numerous
contributions have been made over the last decades, providing methods to select the
bandwidth. These approaches include, among others, cross-validation methods (Hardle
et al., 1988) and plug-in selectors (Ruppert et al., 1995). In Kohler et al. (2014), a
complete review and an extensive simulation study of different data-driven bandwidth
selectors for kernel regression are presented. Due to their wide applicability and the
good performance obtained in this complete comparison, in the present paper, we focus
on analyzing cross-validation bandwidth selection techniques.

Cross-validation is a popular method of model selection that precedes an early dis-
cussion of the method by [Stone (1974). In its simplest form, cross-validation consists
of splitting the dataset under study into two parts, using one part to fit one or more
models, and then predicting the data in the second part with the models so-built. In
this way, by not using the same data to fit and validate the models, it is possible to
objectively compare the predictive capacity of different models. The leave-one-out ver-
sion of cross-validation (of interest in the present paper) is somewhat more involved. It
excludes one datum from the dataset, fits a model from the remaining observations, uses
this model to predict the datum left out, and then repeats this process for all the data.

The present paper studies the leave-one-out cross-validation bandwidth selection
method and the application of bagging (Breiman, 1996) to this procedure. We derive
some asymptotic properties of the corresponding selectors when considering a random-
design regression model and the Nadaraya—Watson kernel-type estimator is used. The
Nadaraya—Watson estimator can be seen as a particular case of a wider class of nonpara-
metric estimators, the so-called local polynomial estimators (Stone, 1977; |Cleveland,
1979; Fan, 1992), when performing a local constant fit. Given a random sample of size
n, bagging cross-validation consists of selecting N subsamples of size r < n, each without
replacement, from the n observations. One then computes a cross-validation bandwidth
from each of the N subsets, averages them, and then scales the average down appro-
priately to account for the fact that » < n. It is well-known that the use of bagging
can lead to substantial reductions in the variability of an estimator that is nonlinear
in the observations (see Friedman and Hall, 2007)), as occurs in the case of the cross-
validation criterion function. The use of bagging in conjunction with cross-validation for
bandwidth selection has already been studied in the case of kernel density estimation by
several authors (see, for example Barreiro-Ures et al., 2020; Hall and Robinson, 2009)). In
addition to the potential improvement in statistical precision, even in the case of small
sample sizes, the use of bagging (with appropriate elections of r and N) can drastically
reduce computation times, especially for very large sample sizes. Note that the com-
plexity of cross-validation is O(n?), while the complexity of bagging cross-validation is
O(N7?). Larger reductions in computation time can also be additionally achieved with
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the application of binning techniques in the bagging procedure.

Apart from the theoretical analysis of the cross-validation bandwidth selection meth-
ods, another goal of this study is to apply the techniques studied in the present paper
to a dataset related to the current COVID-19 pandemic. In particular, using a mod-
erately large sample, provided by the Spanish Center for Coordinating Sanitary Alerts
and Emergencies, consisting of the age and the time in hospital of people infected with
COVID-19 in Spain, we are interested in studying the relationship between those two
variables by means of the Nadaraya—Watson estimator. Apart from its purely epidemio-
logical interest and due to the considerable size of the sample, this dataset is also useful
to put into practice the techniques analyzed in the present paper.

The remainder of the paper is as follows. In Section [2 the regression model consid-
ered, the Nadaraya—Watson regression estimator and the important problem of band-
width selection are presented. In Section[3] the leave-one-out cross-validation bandwidth
selection method is described and some asymptotic properties of the corresponding se-
lector are provided when the Nadaraya—Watson estimator is used. Section [4] considers
the use of bagging for cross-validation in bandwidth selection for the Nadaraya—Watson
estimator. Asymptotic expressions for the bias and the variance of the proposed band-
width selector, as well as for its limit distribution, are also derived in this section. In
Section [5] an algorithm is proposed to automatically choose the subsample size for the
bandwidth selector studied in Section[dl The techniques proposed are empirically tested
through several simulation studies in Section [6] and applied to the previously mentioned
COVID-19 dataset in Section[7] Finally, concluding remarks are given in Section[8] The
detailed proofs and some additional plots concerning the simulation study are included
in the accompanying supplementary materials.

2. Regression model and Nadaraya—Watson estimator

Let X = {(X1,Y1),...,(Xn,Yn)} be an independent and identically distributed (i.i.d.)
sample of size n of the two-dimensional random variable (X,Y’), drawn from the non-
parametric regression model:

Y =m(X) +e¢, (1)

where m(z) = E(Y | X = z) denotes the regression function, and ¢ is the error term,
satisfying that E(¢ | X =2) =0 and E (¢? | X = z) = o%(a).

The Nadaraya—Watson estimator or local constant estimator (Nadaraya, 1964; |Wat-
son, 1964)) offers a nonparametric way to estimate the unknown regression function, m.
It is given by:

S K (2 — X,) Vi
mh(x) == ) (2>

éKh (¢ — X))

where h > 0 denotes the bandwidth or smoothing parameter and K the kernel function.
As pointed out in the introduction, the value of the bandwidth is of great importance
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since it determines the amount of smoothing performed by the estimator and, there-
fore, heavily influences its behavior. Thus, in practice, data-driven bandwidth selection
methods are needed.

Optimal bandwidths often refer to smoothing parameter values that mimize some er-
ror criterion function. These functions are typically expected loss, in some sense. When
the aim is predicting the response variable, Y, given the value of the explanatory vari-
able, X, it is natural to consider expectations conditionally on the observed explanatory
sample, (X1,..., X, ). However, the focus of this paper is estimating the regression func-
tion on its own. Thus an unconditional expected loss view is adopted. Of course, there
exist arguments in favor of both type of criteria. More details on this issue can be found
in Kohler et al. (2014).

When adopting an unconditional view, a possible way to select a (global) optimal
bandwidth for consists in minimizing, for instance, the mean integrated squared
error (MISE), a (global) optimality criterion defined as:

M, (h) = E [ [ i) = mia))? sy o] 3)

where f denotes the marginal density function of X. The bandwidth that minimizes
is called the MISE bandwidth and it will be denoted by h,g, that is,
hno = arg min M, (h). (4)
h>0

The MISE bandwidth depends on m and f and, since in practice both functions are
often unknown, h,o cannot be directly calculated. However, it can be estimated, for
example, using the cross-validation method.

In the following section, we present the leave-one-out cross-validation bandwidth
selection criterion and provide the asymptotic properties of the corresponding selector
when using the estimator and considering the regression model .

3. Cross-validation bandwidth

Cross-validation is a method that offers a criterion for optimality which works as an
empirical analogue of the MISE and so it allows us to estimate hyg. The cross-validation
function is defined as:

CViu(h) = % 3 {mﬁj") (Xi) — Y;}2 : (5)
=1

where 7! " denotes the Nadaraya—Watson estimator constructed using X'\ {(X;, Y;)},
that is, leaving out the i-th observation,

> Kn(z—X;)Y;
=1

(@) = 72 - (6)
; Kh ([E — X])

].7 .
J#i
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Hence, the cross-validation bandwidth, }A‘chm, can be defined as

hevn = argmin CVp, (h). (7)
h>0

It is well-known that under suitable regularity conditions, up to first order,
My(h) = Bih* + Vin 'h™t + O (h° +n~'h),

where

By = 4uz(K>2/{m”<x>+2
M= REK) [ o) ds,

with R(g) = [¢*(z)dz and uj(g) = [a/g(z)dz, j = 0,1,..., provided that these
integrals, as well as By and Vi, exist finite. Then, the first-order term of the MISE
bandwidth, h,, has the expression h,, = Con~/%, where

1/5
Co= ()"
4B,

In order to obtain the asymptotic properties of as an estimator of (4f), it is
necessary to study certain moments of and its derivatives. However, the fact that
the Nadaraya—Watson estimator has a random denominator makes this a very difficult
task. To overcome this problem, it will be useful to work with an approximation of
mp(x). For this, note that the Nadaraya—Watson estimator can be written as

n(x) = A+B+C+D+E+F, 8)
where
a =2
e
ale — é)
B =
ez
oo (&—a)z(e—é)’
e
)2
D - ae 26)’
e e
E - dfa(efQé)27
e e
g =y
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with
a m(z)f(z),
f(=),
a = 1Zzz(h(gc—xz)yl,
=1
1 n

Expression splits 7y () as a sum of five ratios with no random denominator plus
an additional term, F', which has a random denominator. However, both E and F' are
negligible with respect to the other terms. Thus, one may consider the modified version
of the Nadaraya—Watson estimator given by my(x) =A + B + C + D, that is:

() = m(x) ngf QZZKh X {Y; —m(x)}{2f(x) — Kn (x — Xi)}, (9)

7j=1 k=1

which can be seen as a quadratic approximation of 7y (x), where the terms E and F
are omitted due to their “cubic negligibility”. In practice, @D is unobservable and,
therefore, it does not define an estimator but a theoretical approximation of . This
decomposition of 7 (x) is in turn inspired by a similar approach proposed in Barbeito
(2020). There, a linear approximation of the Nadaraya—Watson estimator was considered
and so only the terms A and B were taken into account, leading to the simpler expression

Xi){Yi —m(x)}. (10)

mp(z) =

Following this approach, @ could be used to define a theoretical approximation of
the MISE function defined in , namely

1,(0) = [ 18 Gn )}~ m@) ) di+ [ v (2} 1 0)

The bandwidth that minimizes Mn(h) will be denoted by hno. On the other hand,
@D can also be used to define a modified version of the cross-validation criterion,

CVa(h) = ii{mgm) —Yi}z, (11)

=1

(

where Thhfi) denotes the leave-one-out version of @ without the i-th observation, that
is,

m,(;i)(x) = m@)+ ———— (n—l IE ZZK’L r— X;){Y; —m(z)}
?#1 ki

{2f(z) = Kp (x — Xg)} . (12)
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The bandwidth that minimizes will be denoted by iLCV’n. Using Taylor expan-
sions, the following approximation can be obtained:

— o~ ~ ~
~ ~ OV, (hno) — M/ (hy,
hovin — o =~ — n(ftno) n( 0)

{ OV (haw) = 8, () | { OV (hao) = 313 (Buo) }

+ : (13)

Mv’z’(ﬁno)Q

where the second term of (13)) is negligible with respect to the first one and is assumed
not to contribute to the bias and the variance of hcv,,. Since the first-order terms of

—k -
E {Cvn)(h)} and Mrlf)(h) coincide for every k > 1, we need to calculate the second-

order terms of both E {5‘7 / (A )} and M/ (hno) in order to analyze the bias of the

modified cross-validation bandwidth. As for the varlance of the modified cross-validation
bandwidth, calculating the first-order term of var v, (h )} will be enough and so

it will be useful to work with the simpler, linear approximation of 1y, (z) given by (|10} .

3.1.  Asymptotic results

The asymptotic bias and variance of the cross-validation bandwidth minimizing are
derived in this section. For this, some previous lemmas are proved. The detailed proof
of these results can be found in the supplementary material. The following assumptions
are needed:

Al. K is a symmetric and differentiable kernel function.

A2. For every j =0,...,6, the integrals u;(K), u;(K’) and p;(K?) exist and are finite.
A3. The functions m and f are eight times differentiable.

A4. The function o? is four times differentiable.

Lemma [3.I] provides expressions for the first and second order terms of both the bias
and the variance of

LEMMA 3.1. Under assumptions A1-A4, the bias and the variance of the modified
version of the Nadaraya—Watson estimator defined in @ satisfy:

E{mp(x)} —m(z) = MQ(K){;m//($)+WW}h2
N
L) f"(2) | _ 2 @) [y @ (@)
L e Rl o U Ry T

+ O (h6 + nfl)
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and

var {my(z)} = R(K)o*(x)f(z) n"th™!

b )@ {oala) + gmal s @) - 20 @mie) ) |

— RE)pa(K)o? (@) f(x) 72 f"(x)] n~"h
+ O 'A? +n2h 2 +n3n73).

It follows from Lemma [3.1] that

My (h)

where

By =
_|_

Vo =

=B1h* + Vin "W 4+ Boh® + Van T th+ O (S +n7th? + n?h TR 4 iR

QM(K)/{lm//(x)er’(x)f'(x)} [M(K){l 4)(x)+}M

2 /() 24" 6 /()
4 (f();‘")( f a:)} f x {im,,(x)+m(;()§)(x)}] Fa) da,
[ [ratwis { "(a)o(a) + 0 (0) + 30 (0)0) + 1 )0 ()}

— RE)p2(K)o®(2)f(2) 72 f"(2)] f() dx.

are assumed to exist finite.

Lemma provides expressions for the first and second order terms of both the

—
expectation and variance of CV,(h).

LEMMA 3.2. Let us define

A =

+

Ay =

12M2 /1,4 K /f { f(ac) + ém///(x)f/(z) + imn(l’)f”(l’)

s @@} { G @05 + m’(x)f’(x)} &a
61t [ 1)1 {3 @)+ @)
1

i (52) [ 107 57 @)0%@) + 100 @
1) {3102 @) + '@} o
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Then, under assumptions A1-A4, and assuming that B1, Vi, A1, A2, Ry and Rs
exist finite:
E {517;(;1)} = 4Bh3 —Vin 'R AR 4 Agn O (BT + T R?)
var {CV, ()} = Rin™'h?+ Ron 0™ + 0 (n™'h* 4 n2n7").

Finally, Theorem which can be derived from , Lemma and Lemma,
provides the asymptotic bias and variance of the cross-validation bandwidth that mini-

mizes .

THEOREM 3.1. Under the assumptions of Lemma[3.9 and assuming that By and Vs
exist finite, the asymptotic bias and variance of the bandwidth that minimizes are:

B (feva) ~hmo = Bu=¥ 4o (n™%).
var (BCV,n> = Vvn 34, (n—3/5> ’

where

B — GBQCS + Vs —Ang’ — Ay
12B1C? + 241Gy
Rng + RQC&S

(12B1C2 + 2ViCy %)

vV =

COROLLARY 3.1. Under the assumptions of Theorem[3.1], the asymptotic distribution
of the bandwidth that minimizes s given by:

n3/10 (ECV,n — }~an> i) N(O7 V),
where the constant V was defined in Theorem[3.1].

REMARK 3.1. Although the results presented so far involve only the modified cross-
validation bandwidth, defined as the bandwidth that minimizes , it seems reasonable
to think that these asymptotic results also apply to the standard cross-validation band-
width defined in , this being the rationale behind the decomposition of the Nadaraya—
Watson estimator proposed in . Under suitable assumptions, it can be proved that,
as the sample size increases,

ECV,n - iLnO = iLCV,n - hnO + Op (n_2/5) . (14)
Moreover, since iZnO —hpo =0 (n_4/5), it follows that
BCV,n = iLCV,n + Op (n_2/5) .

A sketch of the proof of and some other related results are included in the supple-
mentary material.
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4. Bagged cross-validation bandwidth

While the cross-validation method is very useful to select reliable bandwidths in non-
parametric regression, it also has the handicap of requiring a high computing time if the
sample size is very large. This problem can be partially circumvented by using bagging
(Breiman, 1996)), a statistical technique belonging to the family of ensemble methods
(Opitz and Maclin, 1999), in the bandwidth selection procedure. In this section, we
explain how bagging may be applied in the cross-validation context. Additionally, the
asymptotic properties of the corresponding selector are obtained. Apart from the ob-
vious reductions in computing time, the bagging cross-validation selector also presents
better theoretical properties than the leave-one-out cross-validation bandwidth. This
will be corroborated in the numerical studies presented in Sections [6] and

Let X* = {(X7,Y{),..., (X}, Y)} be a random sample of size r < n drawn without
replacement from the i.i.d sample X" defined in Section This subsample is used to
calculate a cross-validation bandwidth, hcy,. A rescaled version of hcy,, given by
(r/n)l/ 5iLCV,7"a can be viewed as a feasible estimator of the optimal MISE bandwidth,
hno, for my. Bagging consists of repeating this resampling procedure independently
N times, leading to N rescaled bandwidths, (r/n)l/f’iLCV’T,l, oy (/) Phoy, . The
bagging bandwidth is then defined as:

h(r,N) = ( )1/52 hev,i- (15)

In the case of kernel density estimation, both the asymptotic properties and the
empirical behavior of this type of bandwidth selector have been studied in |[Hall and
Robinson (2009) for N = co and generalized in Barreiro-Ures et al. (2020), where the
asymptotic properties of the bandwidth selector are derived for the more practical case
of a finite N. Furthermore, as discussed there, an alternative approach is to apply
bagging to the cross-validation curves, wherein one averages the cross-validation curves
from IV independent resamples of size r, finds the minimizer of the average curve, and
then rescales the minimizer as before. The asymptotic properties of the two approaches
are equivalent, but we prefer bagging the bandwidths since doing so does not require as
much communication between resamples and allows for parallel computing.

Following the same ideas employed in the previous section, a modified version of
can be defined. This modified bagged bandwidth uses modified cross-validation

bandw1dths hcvm instead of hcvm, fori=1,...,N, and it is given by
1/5
h(’l" N) ( ) Z CV,ri- (16)

In the next section, the asymptotic bias and variance of the bagging bandwidth
(16) when using the Nadaraya—Watson estimator and the regression model are
obtained. Moreover, its asymptotic distribution is also derived. From these results and
considering Remark similar results for could be obtained.
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4.1. Asymptotic results
Expressions for the asymptotic bias and the variance of are given in Theorem
The following additional assumption is needed:

A5. Asr,n — oo, r = o(n) and N tends to a positive constant or co.

THEOREM 4.1. Under assumptions A1-A5, the asymptotic bias and the variance of
the bagged cross-validation bandwidth h(r, N) are:

E {fz(r, N)} —hn = (B+ C’l)r_2/5n_1/5 +0 (r_2/5n_1/5) ,
- 2 -1/5,-2/5
i} = v (e (o ().

where the constants B and V were defined in Theorem[3.1] and the constant Cy is defined
in expression (48) in the supplementary material.

COROLLARY 4.1. Under the assumptions of Theorem[{.1], the asymptotic distribution
of the bagged cross-validation bandwidth h(r, N) is:

F1/10,,1/5

1 2
v+ (&)
where the constant V was defined in Theorem [3.1 In particular, assuming that r =

0 (n/ﬁ), then,

{B(r, N)— Bno} 4 N(0, V),

r1/10n1/5\/ﬁ{i&(7§]\7) _ ibnO} 4, N(0, V).

Using in Remark it could be proved that similar results to those in Corollary
hold when considering h(r, N) — hyo instead of h(r, N) — hpo. It should be noted
that, while ilc’vm — hpo converges in distribution at the rate n~3/10_ this result can be
improved with the use of bagging and letting r and N tend to infinity at adequate rates.
For example, if both  and N tended to infinity at the rate \/n, then h(r, N) — hyo would
converge in distribution at the rate n~'/2, which is indeed a faster rate of convergence
than n—3/10,

5. Choosing an optimal subsample size

In practice, an important step of our approach is, for fixed values of n and N, choosing
the optimal subsample size, ro. A possible optimality criterion, considering the modified
bandwidths, could be to select the value of r that minimizes the main term of the
variance of h(r, N). In this case, we would get:

0 -

n
3VN
and the variance of the bagging bandwidth would converge to zero at the rate

var {fz (r(()l), N)} ~ ,173/5]\779/107
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which is a faster rate of convergence than that of the standard (modified) cross-validation

bandwidth. In particular,
var {ﬁ (’I“(()l), N) }
~ N—9/10.

var (ﬁcvm)

The obvious drawback of this criterion is that it would not allow any improvement
in terms of computational efficiency, since the complexity of the algorithm would be
the same as in the case of standard cross-validation, O(n?). This makes this choice of
ro inappropriate for very large sample sizes. Another possible criterion for selecting rg
would be to minimize, as a function of r, the asymptotic mean squared error (AMSE)
of h(r, N), given by:

~ 2
AMSE {h(r, N)} = (B + Cy)2r— 45205 4y /5205 {le + (%) } .

Since B, C1 and V are unknown, we propose the following method to estimate

ro = arg min AMSE {iL(T’, N)} .

r>1

Step 1. Consider s subsamples of size p < n, drawn without replacement from the original
sample of size n.

Step 2. For each of these subsamples, obtain an estimate, f , of the marginal density func-
tion of the explanatory variable (using kernel density estimation, for example) and
an estimate, m, of the regression function (for instance, by fitting a polynomial of
a certain degree). Do the same for the required derivatives of both f and m.

]

Step 3. Use the estimates obtained in the previous step to compute the constants Bl C{i
and VI for each subsample, where i (i =1,...,s) denotes the subsample index.

Step 4. Compute the bagged estimates of the unknown constants, that is,
1 S
5 -y
5=
1 i
¢ o= -y o,
5=
1 S
v - iy
s
i=1

and obtain AMSE {fz(r, N )} by plugging these bagged estimates into .
Step 5. Finally, estimate 1o by:

To = argminA/Mﬁ?l{fz(r, N)} .

r>1
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Additionally, assuming that r = o (n / VN ), then

2 5/3
O {_4(54‘;01) N}

and the rate of convergence to zero of the AMSE of the bagging bandwidth would be:
AMSE {7 (r{?, N} } ~ 023N =405,
Hence,
AMSE {& (7§, V) |

AMSE (hevn)

~nl/SN-A3,

and this ratio would tend to zero if N tended to infinity at a rate faster than n3/20.

3/20 and r = r(()z), then the computational complexity of

Furthermore, if we let N = n
the algorithm would be O (n13/ 20), much lower than that of standard cross-validation.
In fact, by selecting r¢ in this way, the complexity of the algorithm will only equal to

that of standard cross-validation when N tends to infinity at the rate n6/13,

6. Simulation studies

The behavior of the leave-one-out and bagged cross-validation bandwidths is evaluated
by simulation in this section. We considered the following regression models:

MI: Y = m(X) +¢, m(x) = 2z, X ~ Beta(3,3), e ~ N(0,0.12),
M2: Y = m(X) + ¢, m(x) = sin(27z)?, X ~ Beta(3,3), ¢ ~ N(0,0.12),
M3: YV = m(X) +¢, m(x) = x + 2?sin(87x)?, X ~ Beta(3,3), ¢ ~ N(0,0.1%),

whose regression functions are plotted in Figure The Gaussian kernel was used for
computing the Nadaraya—Watson estimator throughout this section. Moreover, to reduce
computing time in the simulations, we used binning to select the ordinary and the
bagged cross-validation bandwidths. The R (R Development Core Team, 2021) package
baggingbwsel (Barreiro-Ures et al., 2021) was employed to carry out the simulation
experiments.

In a first step, we empirically checked how close the bandwidths that minimize the
MISE of and @D are. For this, we simulated 100 samples of sizes 1000 and 5000 from
models M1, M2 and M3 and compute the corresponding MISE curves for the standard
Nadaraya—Watson estimator and for its modified version, given in @ For the sake of
brevity, the plot containing these curves is included in the accompanying supplementary
materials. That plot shows that the bandwidth that minimizes the MISE of @D and
the MISE of the standard Nadaraya—Watson estimator appear to be quite close for both
sample sizes, although the distance between the minima of both curves seems to tend to
zero as the sample size increases. Moreover, the standard cross-validation bandwidths
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Figure 1. Regression function of models M1 (top), M2 (middle) and M3 (bottom).

and the modified cross-validation selectors (using the standard and the modified version
of the Nadaraya—Watson estimator, respectively) are obtained for samples of sizes rang-
ing from 600 to 5000 drawn from model M2. The corresponding figure is also included
in the supplementary material. It shows that both bandwidth selectors provide similar
results, which in turn get closer as n increases.

In a second step, we checked how fast the statistic S, = n3/10 (iLCV,n — hn()) ap-

proaches its limit distribution. For this, 1000 samples of size n were simulated from
model M2 (with values of n ranging from 50 to 5000) and the corresponding values of S,
were computed. Figure [2[ shows the kernel density estimates and boxplots constructed
using these samples of S;,. The empirical behavior observed in Figure [2]is in agreement
with the result derived from Corollary (considering Remark , since the sampling
distribution of 5,, seems to tend to a normal distribution with zero mean and constant
variance. Similar plots were obtained when considering models M1 and M3. They are
not shown here for the sake of brevity.

In the next part of the study, we focused on empirically analyzing the performance
of the bagged cross-validation bandwidth h(r, N), given in , for different values of n,
r and N. Figure |3/ shows the sampling distribution of an /hno, where Bn denotes either
the ordinary or the bagged cross-validation bandwidth. For this, 1000 samples of size
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Figure 2. Sampling distribution of S, = n3/1%(hcy.,, — hno): kernel density estimates (left
panel) and boxplots (right panel), for samples drawn from model M2 and considering values of
n between 50 and 5000. In the left panel, sharper lines correspond to larger values of n. The
limit distribution of \S,, is also shown (dashed line).
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Figure 3. Sampling distribution of ﬁcv,n/hno (first boxplot on each panel) and fz(r, N)/hno
(second to sixth boxplots on each panel) for models M1 (left panel), M2 (central panel) and M3
(right panel), where the considered subsample sizes are r € {100, 500, 1000, 5000, 10*} and the
number of subsamples is N = 25. The original sample size is n = 10°. Dashed lines are plotted
at values 0.9 and 1.1 for reference.

n = 10° from models M1, M2 and M3 were generated, considering in the case of B(r, N)
the values r € {100,500, 1000, 5000, 10000} and N = 25. For all three models, it is
observed how the bias and variance of the bagging bandwidth decrease as the subsample
size increases and how its mean squared error seems to stabilize for values of r close
to 5000. Moreover, the behavior of the bagging selector turns out to be quite positive
even when considering subsample sizes as small as » = 100, perhaps excluding the case
of model M3 for which the variance of the bagging bandwidth is still relatively high for
r = 100, although it undergoes a rapid reduction as the subsample size increases slightly.

The effect that r has on the mean squared error of the bagged bandwidth is also
illustrated in Table [1}, which shows the ratio of the mean squared errors of the bagged
bandwidth and the ordinary cross-validation bandwidth, MSE{A(r, N)}/MSE(hcv,),
for the three models.

Apart from a better statistical precision of the cross-validation bandwidths selected
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Table 1. Ratio of the mean squared errors of the
bagged and the ordinary cross-validation bandwidths
for models M1-M3. Different values of r and N = 25
were considered, for a sample size of n = 10°.

Model
M1 M2 M3
Subsample size (r) MSE ratio

100 0.47 1.47 2.16

500 0.32 1.06 0.33

1,000 0.26 0.80 0.23

5,000 0.19 0.30 0.17
10,000 0.16 0.22 0.16

using bagging, another potential advantage of employing this approach is the reduction
of computing times, especially with large sample sizes. To analyze this issue, Figure
shows, as a function of the sample size, n, the CPU elapsed times for computing the
standard and the bagged cross-validation bandwidths. Both variables are shown on a
logarithmic scale. In the case of the bagging selector, three different subsample size
values, r, depending on n were considered: r = n%7, r = n%® and r = n%9. Calculations
were performed in parallel using an Intel Core i5-8600K 3.6GHz CPU. Different sample
sizes, n € {5000, 28750, 52500, 76250, 10°}, and a fixed number of subsamples, N = 25,
were used. In this experiment, binning techniques were employed using a number of
bins of 0.1n for standard cross-validation and 0.1r in the case of bagged cross-validation.
The time required to compute the bagged cross-validation bandwidth was measured

considering the three possible growth rates for r, mentioned above.

log(CPU elapsed time)

-1 0 1 2 3 4 5 6
|

Figure 4. CPU elapsed time (seconds) as a function of the sample size of standard cross-
validation (solid line-circles) and bagged cross-validation. Both variables are shown on a loga-
rithmic scale. A fixed number of subsamples was used, N = 25. Three growth rates for r were
considered, namely, » = n%7 (dashed line-triangles), » = n°8 (dotted line-pluses) and r = n’?
(dashed-dotted line-crosses).

Fitting an appropriate model, these CPU elapsed times could be used to predict the
computing times of the different selectors for larger sample sizes. Considering Figure
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Table 2. Predicted CPU elapsed time for the standard and the bagging cross-
validation method using three different choices for the subsample size.
Sample size (n)

108 107 108
Method Computing time
Standard CV 6 hours 24 days 7 years

Bagged CV (r =n®%7 N = 25) | 40 seconds 25 minutes 16 hours
Bagged CV (r = n%% N = 25) | 16 minutes 17 hours 45 days
Bagged CV (r = n%% N = 25) 3 hours 11 days 2 years

the following log-linear model was used:
T(n) = an”, (18)

where T'(n) denotes the CPU elapsed time as a function of the original sample size, n. In
the case of the bagged cross-validation bandwidths, there is a fixed time corresponding
to the one required for the setting up of the parallel socket cluster. This time, which
does not depend on n, r or N, but only on the CPU and the number of cores used
in the parallelization, was estimated to be 0.79. Using this value, the corrected CPU
elapsed times obtained for the bagged bandwidths, T' — 0.79, were employed to fit the
log-linear model estimating «, 8 > 0 by least squares and, subsequently, to make
predictions. Table [2| shows the predicted CPU elapsed time for ordinary and bagged
cross-validation for large sample sizes. Although we should take these predictions with
caution, the results in Table [2| serve to illustrate the important reductions in computing
time that bagging can provide for certain choices of r and N, especially for very large
sample sizes.

Next, the influence of the number of subsamples, N, in the computing times of the
bagged badwidths was studied. Similarly to Figure 4, Figure [5| shows the CPU elapsed
times for computing the cross-validation bandwidths (standard and bagged). For the
bagging method, the number of subsamples, N, was selected depending on the original
sample size (n) by N = y/n. The growth rates used for r are the same as in the case of
Figure [

It should also be stressed that although the quadratic complexity of the cross-validation
algorithm is not so critical in terms of computing time for small sample sizes, even in
these cases, the use of bagging can still lead to substantial reductions in mean squared
error of the corresponding bandwidth selector with respect to the one selected by or-
dinary cross-validation. In order to show this, 1000 samples from model M1 of sizes
n € {50, 500,5000} were simulated and the ordinary and bagged cross-validation band-
widths for each of these samples were computed. In the case of the bagged cross-
validation bandwidth, both the size of the subsamples and the number of subsamples
were selected depending on n, choosing r = N = 4/n. Figure @ shows the sampling dis-
tribution of izn /hno, where iAzn denotes either the ordinary or the bagged cross-validation
bandwidth. In the three scenarios, it can be observed the considerable reductions in vari-
ance produced by bagging more than offset the slight increases in bias, thus obtaining
significant reductions in mean squared error with respect to the ordinary cross-validation
bandwidth selector. Specifically, the relative reductions in mean squared error achieved
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log(CPU elapsed time)

Figure 5. CPU elapsed time (seconds) as a function of the sample size of standard cross-
validation (solid line-circles) and bagged cross-validation. Both variables are shown on a loga-
rithmic scale. The number of subsamples grows with n at the rate N = \/n. Three growth rates
for r were considered, namely, » = n®7 (dashed line-triangles), r = n°-8 (dotted line-pluses) and
r = n%? (dashed-dotted line-crosses).

by the bagged bandwidth turned out to be 69.3%, 90.1% and 93.8% for n = 50, n. = 500
and n = 5000, respectively. This experiment was repeated with models M2 and M3,
obtaining similar results.

15

1.0

05
L

T T T
Ordinary CV Bagged CV Ordinary CV Bagged CV Ordinary CV Bagged CV

Figure 6. Sampling distribution of £, /h,o, where h, denotes either the ordinary or bagged
cross-validation bandwidth, for samples of size n = 50 (left panel), n = 500 (central panel)
and n = 5,000 (right panel) drawn from model M1. The values of » and N were chosen as
r = N = 4,/n. Dashed lines are plotted at values 0.9 and 1.1 for reference.

7. Application to COVID-19 data

In order to illustrate the performance of the techniques studied in the previous sections,
the COVID-19 dataset briefly mentioned in the introduction is considered. It consists of
a sample of size n = 105,235 which contains the age (the explanatory variable) and the
time in hospital (the response variable) of people infected with COVID-19 in Spain from
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January 1, 2020 to December 20, 2020. Due to the high number of ties in this dataset and
in order to avoid problems when performing cross-validation, we decided to remove the
ties by jittering the data. The actual age differs from the observed age, rounded down
to years, by an amount that is in the interval (0, 1). Thus, it is reasonable to model this
difference between actual and observed age using the uniform distribution in the interval
(0,1). On the other hand, the hospitalization time was calculated as the difference
between the day of discharge and the day of admission to the hospital. The specific time
of discharge and admission would be obtained by adding uniform variables, with support
in the interval (0, 1), to each of the two dates. In particular, three independent random
samples of size n, Uy, Uy and Us, drawn from a continuous uniform distribution defined
on the interval (0, 1), were generated. Then, U; was added to the original explanatory
variable and Uy — Us to the original response variable. Figure [7] shows scatterplots for
the complete sample as well as for three randomly chosen subsamples of size 1, 000.

Hosp. time (days)
150 200 250 300
| | | |
Hosp. time (days)
@
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0 20 40 60 80 100 [ 20 40 60 80 100
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Hosp. time (days)
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Figure 7. Whole COVID-19 sample (top left panel) as well as three randomly chosen subsam-
ples of size 1000.

To compute the standard cross-validation bandwidth using binning, the number of
bins was set to 10,000, that is, roughly 10% of the sample size. The value of the band-
width thus obtained was 1.84 and computing it took 72 seconds. For the bagged band-
width, 10 subsamples of size 30,000 were considered. Binning was used again for each
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subsample, fixing the number of bins to 3,000. The calculations associated with each
subsample were performed in parallel using 5 cores. The value of the bagged bandwidth
was 1.52 and its computing time was 33 seconds. Figure [§| shows the Nadaraya—Watson
estimates with both standard and bagged cross-validation bandwidths. For comparative
purposes, the local linear regression estimate with direct plug-in bandwidth (Ruppert
et al., 1995) was also computed.
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Figure 8. Kernel regression estimates for the COVID-19 data. The Nadaraya—Watson estimator
with standard (dashed line) and bagged (solid line) cross-validation bandwidths are shown.
Additionally, the local linear estimator with plug-in bandwidth (dotted line) is also presented.

Figure [§ shows that the Nadaraya—Watson estimator with standard cross-validation
bandwidth produces a slightly smoother estimate than the one obtained with the bagged
bandwidth, the latter being almost indistinguishable from the local linear estimate com-
puted with direct plug-in bandwidth. One can conclude that the expected time that a
person infected with COVID-19 will remain in hospital increases non-linearly with age
for people under approximately 70 years. This trend is reversed for people aged between
70 and 100 years. This could be due to the fact that patients in this age group are
more likely to die and, therefore, end the hospitalization period prematurely. Finally,
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the expected hospitalization time grows again very rapidly with age for people over 100
years of age, although this could be caused by some boundary effect, since the num-
ber of observations for people over 100 years old is very small, specifically 155, which
corresponds to roughly 0.15% of the total number of observations. In order to avoid
this possible boundary effect, the estimators were also fitted to a modified version of the
sample in which the explanatory variable was transformed using its own empirical distri-
bution function. The resulting estimators are shown in Figure [9] where the explanatory
variable was returned to its original scale by means of its empirical quantile function.
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Figure 9. Kernel regression estimators for the COVID-19 data, removing boundary effects. The
Nadaraya—Watson estimator with standard (dashed line) and bagged (solid line) cross-validation
bandwidths are shown.

Finally, the same procedure was followed to estimate the expected time in hospital
but splitting the patients by gender, as shown in Figure This figure shows that the
expected time in hospital is generally shorter for women, except for ages less than 30
years or between 65 and 85 years. Anyhow, the difference in mean time in hospital for
men and women never seems to exceed one day. In Figure only the Nadaraya—Watson
estimates computed with the bagged cross-validation bandwidths (A = 0.03 for men and
h = 0.028 for women) are shown. Both the Nadaraya-Watson estimates with standard
cross-validation bandwidths (A = 0.028 for men and ~ = 0.023 for women) and the local
linear estimates with direct plug-in bandwidths produced very similar and graphically
indistinguishable results from those shown in Figure
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Figure 10. Kernel regression estimators for the COVID-19 data by gender, removing boundary
effects. The Nadaraya—Watson estimators with bagged cross-validation bandwidths are shown
for male (solid line) and female (dashed line) patients.

8. Discussion

The asymptotic properties of the leave-one-out cross-validation bandwidth for the Na-
daraya—Watson estimator considering a regression model with random design have been
studied in this paper. Additionally, a bagged cross-validation selector have been also an-
alyzed (theoretically and empirically) as an alternative to standard leave-one-out cross-
validation. The advantage of this bandwidth selector is twofold: (i) to gain compu-
tational efficiency with respect to standard leave-one-out cross-validation by applying
the cross-validation algorithm to several subsamples of size r < n rather than a single
sample of size n, and (ii) to reduce the variability of the leave-one-out cross-validation
bandwidth. Although the new bandwidth selector studied in the present paper can out-
perform the behavior of the standard cross-validation selector even for moderate sample
sizes, improvements in computation time become truly significant only for large-sized
samples.

The methodology presented in this paper can be applied to other bandwidth selection
techniques, apart from cross-validation, as mentioned in Barreiro-Ures et al. (2020).
Extensions to bootstrap bandwidth selectors is an interesting topic for a future research.
The bootstrap resampling plans proposed by |Cao and Gonzalez-Manteiga (1993) can
be used to derive a closed form for the bootstrap criterion function in nonparametric
regression estimation, along the lines presented by Barbeito et al. (2021) who have dealt
with matching and prediction.

Another interesting future research topic is the extension of the results presented
in this paper to the case of the local linear estimator, whose behavior is known to be
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superior to that of the Nadaraya—Watson estimator, especially in the boundary regions.
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Abstract. This supplementary material for “Bagging cross-validated bandwidth selection
in nonparametric regression estimation with applications to large-sized samples” contains
the proofs of the theoretical results included in the main paper. In addition, some plots
completing the simulation study presented in the main paper are also provided. Specif-
ically, a figure showing empirically the closeness between the MISE bandwidths when
considering the Nadaraya—Watson estimator and when using its modified version, given
in equation (9) of the main paper, in different scenarios, is included. Moreover, a figure
presenting the relationship between the standard cross-validation bandwidths and the cor-
responding modified cross-validation selectors (using the standard and modified version
of the Nadaraya—Watson estimator, respectively) is also added.

Theoretical results

This section includes the proofs of Lemmas 3.1 and 3.2, Theorems 3.1 and 4.1, and
Corollaries 3.1 and 4.1 of the main paper. A sketch of the proof of Remark 3.1 is also
included. The following assumptions are needed:

Al.

A2.

A3.
A4

Ab5.

K is a symmetric and differentiable kernel function.

For every j =0,...,6 the integrals u;(K), p;(K’) and 1 (K?) exist and are finite,
where p;(g9) = [27g(z) d.

The functions m and f are eight times differentiable.
The function o2 is four times differentiable.

As r,n — oo, 7 = o(n) and N tends to a positive constant or oco.

tAddress for correspondence: Mario Francisco-Ferndndez, University of A Coruna, Faculty of
Computer Science, Campus de Elvina, s/n, A Coruna, Spain. E-mail: mariofr@udc.es
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LEMMA 3.1. Under assumptions A1-A4, the bias and the variance of the modified
version of the Nadaraya—Watson estimator defined just after equation (8) of the main

paper satisfy:
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PROOF. Let us start by defining

o) = S @) @) 4w @) @) + gl @)}

pa(x) = f(x)*l {m4) (z)f(x) + %m'"(a:)f/(x) 4 fm”(x)f”(x) 1 fm'(a:)f"’(x)
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Let us first study the bias of mj. Recall that my(x) = A+ B+ C + D, where A,
B, C and D are defined just after equation (8) of the main paper. Then, E {m;(x)} =
E(A)+ E(B)+E(C) + E(D).

To compute E(A), we start by expanding the following expectation:
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E{iZK’l( —X”Yi} = E{Ku(r— X)¥1} = E{Ky(z - X1)E(¥i | X1)}

= E{Kh(a:—Xl)m(Xl)}:/Kh(x—a:l)m(xl)f(xl)dml

_ /K m(e — hu) f(z — h) du

m(z) f(x) + h*pa(K) f ()1 (2)
+  h'pa(K) f(z)pa(x) + O(R0).

Therefore,

E(A) = m(z) + h*p2(K)p1(z) + h pa(K)pa(z) + O(h%). (1)

Similarly, to compute E(B), we compute the following expectation:

E {i > Kz - Xi)} = E{Kjp(z— X))} = /Kh(x —z1)f(x1) day
=1

_ /K Fla — hu)du = () + L W2pa() " (2)
+ ﬂh4u4( )4 (z) + O(h®)

and, hence,
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To compute E(C), we start by expanding the following expectation:

E{YlKh(x—Xl)Q} = E{m(X1)Kp(z — X1) 2} = /Kh($—$1)2m($1)f($1) dxq

= h™ /K m(z — hu) f(z — hu) du = R(K)m(z) f(x)h ™!

+ hpa(K?) f(z)o1(a) + h2ua(K?) f(z)a(z) + O(R).

We now obtain some asymptotic expressions for some of the terms in E(C):
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Therefore,
E(C) = —R(K)m(z)f(x)"'n~'h™! - %h“uz(KVf"(ﬂf)f(fC)*lcm(»’v) +O(R° +n7"). (3)

To deal with E(D), we proceed in a similar way:
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R F I f(0? () () )
b { ) ) + el KP @+ OG0 + a7,

and, hence,
E(D) = R(K)m(z)f(zx)"'n~ A7t + %hd‘ﬂz(K)Qf”(ﬂv)Qm(ﬂﬂ)f(ﬂv)*2 +O(h° +n7h). (4)

Adding , , and , we get

1

7m”(l’) +

B i)} ~m(e) = alf) {3

ER
" WK){M (”6 i i @
7

L/ (z) f"(x) ol () . @S @) V] s
ey} et ) L g+ T
+ O(r°+n7h).

“’( )J;( 2) | Lm'(@)f" ()
7(x)

Regarding the variance of my(x) = A+ B + C + D, we have that

var{mp(z)} = var(A)+ var(B) + var(C) + var(D)+2 {cov(A4, B) + cov(A4, C)
+ cov(B,C) + cov(A, D) + cov(B, D) + cov(C,D)} . (5)

The following second order moment will be needed to handle some of the variance
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and covariance terms:

E{¥?Ki(x—X))?} = E{Kn(e—X)E(Y2| X))}

= E|Kie X)QE{( (X)) +2)* | X1
= E[{m(X1)? +0*(X1)} Kn(z — X1)?]

= /Kh(a:—xl ) {m(z1)? + o*(z1)} f(21) day

= /K {mx—hu + 0% (z — hu)} f(z — hu) du

5

= R(K){m(x) ()} f(@)h ™ + po(K)ps(z)h + O(R?).

Therefore,

var(a) = n 2var {Z Y Kp(x — Xl)} =n " tvar (V1 Kp,(z — X1)}

and

=1
= 0 [B{YZR( — X0} - B{ViEA(e — X))]

= R(K) {m(x)2 + 02(:1:)} f(a:)7flllf1 — 771(&')2}"(3:)27171

+ p2(K?)ps(x)nth 4+ O(n~'h?)

var(A) = R(K) {m(az)2 + % (x )} f(=) Tt ()t

+ pa(K?)ps(2) f(x) 0~ th+ O(n~"h?).

On the other hand,

var(é)

and, so,

— TZ_QVaI" {Z Kh(x — Xl)} = n_lvaI‘ {Kh(df — Xl)}
=1

= n! [E {Kh(x — X1)2} — E{Kh($ - Xl)}2

= RUK)f(@)n D = f@)Pn 4 (K2 (@)n o+ O )

2

var(B) = R(K)m(z)*f(z) 'n *h™! —m(z)*n!
1

+ (K )m(a)? f(2) 2" (@) h 4+ O(n™ ).

2
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Straightforward calculations lead to

cov(a, é)

and, hence,

Now,

and

Therefore,

cov(a, aé)

+

cov(A,B) = —R(K)m(z)*f(z)”

+ 4+ 1

+ + 0l

[ |

_|_

+ o+

n2Y N cov{ViKu(z — Xi), Kn(z — X;)}

i=1 j=1
n"teov {ViKp(z — X1), Kp(z — X1)}

“HE{YiE(z — X1)?} - E{YiKy(z — X1)} E {Kp,(z — X1)}]

R(K)m(%’)f(w)n Tt = m(@) f(a)*n !
pa(K?)p1(z) f(x)n~ h+ O(n™"h?)

Ut 4 m(a) P
— m(K*)pr(@)m(@) f()"'n" h+ O(n™'h?).

cov{Y1Kp(x — X1), Y1 Kp(x — X1)Kp(z — X2)}
var {Y1Kp(z — X1)} E{Kp(z — X1)}

K) {m(x)? + o®(2)} f(2)’h~" —m(2)*f(2)®
[12(K?)3(2) f ()

K) {m(z)? + o%(z)} f(x) h+O(h?)

cov{Y1 Kp(x — X1), Yo Kp(x — Xo)Kp(z — X1)}
cov{Y1Kp(x — X1), Kp(x — X1)} E{Y1 Kp,(x — X1)}
R(K)m(x)? f(z)*h~" — m(z)* f(x)®
{p2(K?)p1(x)m(x) f(x)?

R(K) (K ) (r)m(2) f ()} + O ().

n=2Y YD cov{YiKn(z — Xi), Y;Kn(z — X;j)Kn(z — Xp)}

i=1 j=1 k=1
n"Heov {1 K (x — X1), V1K (z — X1)Kp(z — X2)}

cov {Y1Kp(z — Xl), YQKh(x — XQ)Kh(ac — X))} +0(n'h?)
K) {Zm(x) } f(z)?n~th=t — 2m(x)2f(x)3n71
() a(o)(0) + GROOa(K) () + 0] f(0)1" 0

o (K)o (2)m () f (x > + R(K)p 2(K)901(fv)m(x)f(w)2] nh

O(n~'h?)
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and

cov(4,C) = —R(K {m(z) ()} f(z) 2 f" ()

+ u@)m(@)f(z) ] nTh+ O h?). 9)

N =

Some auxiliary covariances are needed:

cov{Kp(x — X1),Y1Kp(z — X1)Kp(x — X2)}
cov{Kp(x — X1),Y1Kp(z — X))} E{Kp(x — X1)}
R(K)m(z)f(x)*h~" —m(z) f (x)* + {pa(K*)p1 () f ()

3 P (K )m(a) (0" |+ O,

+

cov {Kp(x — X1), Yo Kp(x — Xo)Kp(x — X1)}

var {Kp(z — X1) } E{V1K)(z — X1)}
R(K)m(z)f(x)*h~" —m(z)f(x)’

{;MQ(KQ)m(x) F(@)f"(2) + RK)pua(K)p1(z) f (x)z} h
O(h?).

+ o+

Hence,

n n n

n=?Y > > cov{Kn(e — Xq), Y Kn(e — X)) Kn(z — Xi)}

i=1 j=1 k=1

nt [cov {K(z — X1), V1 Kp(z — X1)Kp(z — X2)}
cov {Kp(z — X1), Yo Kp (7 — Xo) K (v — X1)}]
n"2cov {Kh(:L‘ - X1), Kp(x — X1)2Y1}
2R(K)m(z) f(2)*n~'h™" = 2m(z) f (z)*n "

{iie2)610) 10 + i3yt 1))

cov(é, ae)

i+ +

_l’_

+

%R(K)uz(K)m(w)f(x)f”(:v) + R(K)MQ(K)Sol(x)f(x)z} n~'h
O(n'h? + n~2h72)

+

and

cov(B.C) = R<K>u2<K>{;m<m>2f<x>—2f"<x>+m<x>m<x>f<x>—1}n—lh
+ O 'h* +n2n72). (10)
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Another covariance term is needed:

_|_

Therefore,

cov(a, é2)

and

+ 0+

cov(A, D)

cov{Y1Kp(x — X1), Kp(z — X1)Kp(x — X2)}
cov {1 Kp(x — X71), h(CU—Xl)}E{Kh(x—Xl)}
R(K)m(x) f(z)*h~" —m(x) f(z)* + {p2(K*) o1 (z) f ()

S RO )oK ym() (@) () L+ 002),

n?Yy Y Y cov{YiKn(x = Xy), Kn(x — Xj)Kn(z — Xp)}

i=1 j=1 k=1

2n Leov {1 Kp(z — X1), Kp(X — X1)Kp(z — X2)}

O(n~'h? + n=2n72)

2R(K)m(x) f(z)*n~"h™" = 2m(z) f(2)°n~" + {2p2(K%)p1 () f(2)?
R(K)pa(K)m(z) f () f"(x)} n th + O(n~'h? + n2h~?)

— R(K)pa(K)m(2)2f(2) 2 f (@~ h+ O > +072h7). (1)

The following covariance is also needed:

cov {Kp(x — X1), Kp(x — X1)Kp(z — X2)}

Similarly,

and

cov(é, é%)

cov(B,D) =

var {Kp(z — X1)|E [Kp(x — X1)}
R(K)f(x)*h™" = f(x)?

{SmEs@s @

_|_

+

5 P () (@) (2) b+ O02).

n Y DY cov{Kn(e — Xi), Kn(e — Xj) Kn(z — Xy)}

i=1 j=1 k=1
2n" teov {Kp(x — X1), Kp(z — X1)Kp(z — X2)}
O(n~'h? + n=2h™?)
2R(K) f(2)n~ bt — 2f (2)n!
{12(K3) f(@) 1" (@) + RO () f (@) " ()} n ™"
O(n~'h? +n=2n72)

+ 4+ 1+

—R(K s (K)m(@)2 () 2f" (@)n b+ O(n W2 +n2h %), (12)
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Hence,
var(aé) = R(K) {4m(x) (x)} f(z) n~th7! — ( 2f(z)*n~
+ [u2(E?)ps() f(z ) R(K)p {2m UQ(x)}f(iU (z)
+  AR(K)pa(K) g1 (x)m(z) f(z)® +2u2(K2)801( ym(a) f(z)?
+ % S(K2)m(x)2f(@)? f"(2)| ™ B+ O (0 B2 +n 202 + 0309
and
var(C) = O (n71h2 +n 2+ n73h73) . (13)

The remaining variances and covariances were not explicitly calculated because they
are clearly negligible with respect to n~!h. In particular, var(D) and cov(C, D) are both
O(n~h? + n2h=2 4+ n=3n73).

Therefore, plugging @f into yields

var {my,(z)} = R(K)o*(z)f(z)"'n"th™

b )@ {eala) + gme @) - 20 @mia) ) |

—  R(E)pa(K)o® () f ()72 f"(x)] n~th
+ O(n_1h2 +n2h72 4+ n_3h_3).
Lemma provides expressions for the first and second order terms of both the

expectation and variance of E'T/;(h), where E'T/n(h) is given in equation (11) of the
main paper.

LEMMA 3.2. Let us define

A = () [ 1@ { 5@ @)+ g ) @) + g @) @

b g @@ P @) @ )} do

~ olk) [ P s s @)
Ao = (K2 [ 1) 3@ + )0 @)

+ @ {50 @)+ P} ds

- RUEO(E) [ @) @) () da,

R = 32RO [ ) fla) ™ { g @R f @) + (@) @) @

+ m/(2)?f'(2)*} da,
Ry = 4u2{(K')2}/02(x)2d93.
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Then, under assumptions A1-A4, and assuming that By, V1, A1, As, Ry and Ry exist

finite:

E{(?T/;(h)} -
var {ﬁ/;(h)} =

4B1h3 —

Rin~'h* + Ron?h? + O (n

Vin~'hT2 + AR + Aon !

+O0 (K" +n7'h?), (14)

et Y. (15)

where By and V1 are the main terms of the bias and the variance of the MISE of the
Nadaraya—Watson estimator, given by:

<KF/{meamwwwwfﬂmm,

B =

Vi =

f(z)
R(K) / o?(z) dx.

PROOF. For the sake of simplicity, we will denote by “Z(h,n) 27 the second order
terms of a function Z(h,n). For example, if Z(h,n) = ag+a1h+azh®+o (h3), for some

constants ag, a1 and ag, then we would denote Z(h,n) 2 ath.

If we define

K(u) + uK'(u),

i (1)

2K (u)K (v) + K(u)K'(v)v + K(v)K'(u)u,

on (55)

Ku)K (v) + K(u)K'(v)v,

w6 (o)

then CV ;l(h) can be expressed as follows:

— 2
CV,(h) = nZ;

[ - m(Xx
{—2r(x
and so
E{ﬁ/;(h)} =

4ZZZZKh Xi = X))

(n714hf J=1 k=1 1=1 s=1

]#z k#i 1#£1 s#i

)2 (Xe) — Ky (X Xi) Y — m(X3)}
alh (X Xl)-l-h Flh (X X, X;— X )}] (16)
(n _21)4hE <A{1 + A]1]§> (Al21 + Al252> , (A7)
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where
Ay = 2f(X0) K (X0 — X)) {Y; — m(X1)},
A = —f(X0) TR (X0 — XG) K (X0 — X) {Y — m(X0)},
Ay = =2f(X1)an (X1 — X)) {Yi — m(X1)},
A, = hTID (X — X, Xy — X)) {Y —m(X1)}.
We have
E (Z ZA{1Al21) = (n—1) {(” -1) (A21A )
§=2 k=2 1=2 s=2
+ (n=1)(n—2)E (A}A3;)} (18)
Now
E(AA3) = —4B[f(X1) 2K (X1 = Xa) o (X1 = Xa) {Y2 = m(X1)?]
= —4E (f(Xl)fth (X1 — XQ) Q1p (X1 — XQ)
|02(Xa) + {m(X2) = m(X1)}|)
= —4h~ //f z1) K (u)oq (u [02(m1 — hu) + {m(z1 — hu) — m(xl)}Q}
f(x1 — hu) dridu
2 _4n //f 21) K () o (w) R u? f (1) s (1) doydu
= 2uo (Kz) h/g04, (19)
and
E(AfjA3) = —4E [f(X1)Kn (X1 — X2) arn (X1 — X3) {Y2 — m(X1)} {Yz — m(X1)}]

= —4E [f(X1) 2Ky (X1 — X2) a1, (X1 — X3) {m(X2) — m(X1)}
{m(X3) —m(X1)}]

= —4 ///f x1 lK 041 {m(ml hu) (xl)} {m(ml — hv) — m(a:l)}
— hv) dzidudv

2 —4///f x1) 1K u)ag (v h6 (u vt + uto )f(x1)2cp6($1)g07($1)d:zldudv

= 2y (K )pa (IS / eort, (20)
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where

ola) = f()l[;f”() 2a) 4 )0 (@) + 1) { 507" @) + w0}

and we have used the fact that
- —1
/K(u)oq(u)uz du = 5 i (K?),

// K(u)og (v)u'v) dudv = —jui(K)uj(K).

Then, plugging and into we get:
B[S0 ik | 2 2 () nh ot 20nth® [pgns. (21)
J=2 k=2 |=2 s=2
We have

E ( A{ISA&) = (n=1)[(n-1)(n-2)(n-3)E (A3A3)

=2 k=2 =2 s=2
+ (n—=1)(n—2) {E(A$A3)) + E (A$3A3))
+ (A%éA‘z‘l)}] o (n’h+n'h%). (22)

E(ABA) = QE[f(Xl)_3Kh(X1 Xo) Kp (X1 — X3) a1p (X1 — X4)
{Y2—m )}{Y4— (Xl)}]

_ /// 1) 2K (u)K (v)an (w) {m(z1 — hv) — m(z1)}

{m(z1 — hw) — (fﬂl)}f(&“l hu) f(x1 — hv) f (21 — hw)
dxridudvdw

2// / Fl@) K () K (v)ar (w)h® { (w'o? +w?oh) f (1)’

w6(1)pr(T1) + w2u202;f (xl)f($1)2807($1)2} f(x1 — hu)
f(x1 — hv) f(x1 — hw) dzydudvdw

= —2n° {GMQ(K)M(K)/906<P7f+u2(K)3/<P$f"}a (23)

I[v



E (AT3A3,)

E (Af3A3,)

and

E (AT3A%,)
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([

([

2E {f(Xl)*?’Kh (X1 — X2)% a1 (X1 — X3) {Yo — m(X1)}
{vs —

oh- ///f:v ) 72K (u)20 (v) {m(ay — hu) — (1))

{m(z1 — hv) — m(z1)} f(x1 — hu) f(x1 — hv) dx1dudv
0 (). (24)

2E [f(X1) P Ky (X1 — Xo) anp (X1 — Xo) Kpy (X1 — X3)
{2 = m(X1))’]

oh~! / Fa1) K (war (WK (v) [0%(z1 — hu)

(m(z1 — hu) — (951)}2] Flar — ha) f(z1 — ho) deydudo
2h~ // Fla1) 2K (w)aq (w) K (v)R? {u? f(z1)*4(z1)
v22 o?(z1) flz1) f (x )} dzydudv

n{gRE ) [ = (12) [ o} (29

2E [f(Xl)igKh (X1 XQ) Ky (Xl - X3) a1p (Xl - X3>
{Yo —m(X1)}{Y5 — (Xl)}]

-t [ / f @) 2K () K () (v) {m(@1 — hu) = m(a1)}
{m(z1 — hv) — m(z1)} f(:z:1 hu) f(x1 — hv) dxidudv
0 (). (26)

where we have used the fact that

][ Ewrwea

wyutv wk dudvdw = —kpi(K) ()i (K),

] KwPaspied dudo = s (%) 1),

// K(u)oq (u) K (v)u'v? dudv = 1= iui (K2) i (K).



14 Barreiro-Ures et al.

Then, plugging , and ( . ) into (22 we get

Now,

E (AT AS) =

E (A%;A33)

M:
g
i
N
=
\H/
[|vo

—2n*h° {6M2(K)M4(K)/ﬁ/?6<P7f+M2(K)3/SO%f"}

- nth {;R(KmQ(K) [t | 904} (27)

> A{IAZZSQ) = (n—1)*(n—2)(n - 3)E (A};A3)
=2
+ (n—1)%*(n—2) {E (A};A3) + E (A}, A33)
+ (Ai’lAgg)} + o (n*h+n'nd). (28)

2h7'E [f(X1) 2Ky (X1 — Xo) Ty (X1 — X3, X1 — X4)
{Ya — m(X1)}{Y3 — m(X1)}]

////fw 2K ()T (v, w) {m(w1 — hu) — m(x1)}

{m(z1 — hv) —m(z1)} f(21 — hu) f(z1 — ho) f (21 — hw)
dx1dudvdw

////f (x1) 2K Ti(v w)hﬁ{(u vt 4wt )f(w1)3@6($1)g07($1)

wu? 22f (z1)f(x ) g07(x1) }dazldudvdw
10 (12Kt [ vt + 4l [0} (29

= 2h7'E [f(X1) Ky, (X1 — Xo) Ty (X1 — X2, X1 — X4)
(Yo~ m(X1)y?|

= 27 [[[ fe) K@ ,0) [0~ b

+ {m(z1 — hu) — m(xl)}ﬂ f(z1 — hu) f(z1 — hv) dzidudv
= /// ) 72K ()T (u, v)h? {u? f (21)*@a (1)

+ UQ;UQ(xl)f”(xl)f(ml)} dzydudv

= —h{uz (K?) / o1+ gR(K)uz(K) / aZf”f‘l}a (30)
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2B [f(X1) 2Ky (X1 — X2) Tip (X1 — X3, X1 — X)

{Y2 —m(X1)H{Ys — m(X1)}]
Qh_lf(xl)_QK(u)Fl(v, w){m(xy — hu) — m(z1)}
(31)

E (A7,A%)
{m(z1 — hv) — m(z1)} f(x1 — hu) f(x1 — hv) dzdudv

2 0(n?)
and
2B [f(X1) 2Ky (X1 — X3) Tip (X1 — Xo, X1 — X)

Y2 = m(Xy)}{Ys —m(X1)}]
Qh_lf(xl)_QK(u)Fl(v, v) {m(z1 — hu) —m(z1)}
(32)

E (A7,A%)
{m(z1 — hv) —m(z1)} f(x1 — hu) f(x1 — hv) dz1dudv

O (h?),

[[v

(—k = J)pi (B (K) pe (),

where we have used the fact that
1—4—25
pi (K2) i (K,

/// K(U)Fl(v,w)uivjwk dudvdw
// K(w)T1(u,v)uv’ dudv = 5
Ii(u,v) = Ty(v,u),
= (L= Ky (K?).

/ / K ()T (v, v)u'v? dudv

Then, plugging , , and into , we get
—n4h6{12u2(K)u4(K)/<p6s07f+4u2(K)3/903f”}

H(EEESvs) 2
=2 k=2 1=2 s=2
— wh {m (%) [ it R E) [ sz”f‘l} (33)
We have
A{’SA’;Q) = (n—1)(n—2)(n - 3)(n— OE (ABAE)
(n—1)(n—2)(n - 3) {E (A3A33) + E (Af3A3)
(34)

3!
/
NE
3
M-
i
+

E (AT3A33) + B (AT3A3;) + E (Af3A33)

_l’_

E (A‘I’%Agg)} +o (n?’h + n4h6) .
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Now,

E(Af3A33) =

[0

and

B(AHAY) -

([

—hTE [f(X1) T Ky (X1 — Xo) Ky (X1 — X3) Tip (X1 — Xu, X1 — X5)
{Y2 —m(Xq)}{Ys — (Xl)}]

[ / F(en) K () K ()T (w, 2) {m(zy — hu) — m{e1)}

{m(z1 — (961)} f(w1 hu) f(z1 — ho) f(z1 — hw) f (21 — hz)
dxldudvdwdz

/ /f (21) 3K (u) K (0)T1(w, 2)h° { (u*w? + v*w?) f (21)*
ol )gr(en) + (Pu? u2w2z2>§f<m1>3f"<w1>w<x1>2}
dzidudvdwdz
e {6u2(K)u4(K) [oers + 3y [ @?f”} (35)

—hTE [f(X1) " Ky (X1 — Xo) K (X1 — X3) Tip (X1 — Xo, X1 — Xy)
{2 = m(X1)Y’]

- [[[] He K@@ @ w) [ - )

{m(w: - hu> - <x1>}2]
flxy — hv) f(x1 — hw) f(x1 — hz) dzidudvdw

. ////fa:l ) B K (u) K (0)T'1 (u, w)h2{(v2+w2);f(x1)202(x1)

f(x )+u f(xl) w41 } dx1dudvdw
;h{R(K)/M(K)/UQf”fl + p2 (Kv2)/<p4}7 (36)

where we have used the fact that

[ e
/// K

)Ty (w, 2)u'v?wh 2 dudvdwdz = (—k — 1) i (K) i (K) e (K ) g (K,

1—19—-2k

)1 (u, w)u i wk dudvdw 5

i (%) 1 (K ) (K.

Also, it is straightforward to see that the second order terms of E (A%%A%%), E (A%%A‘Z%),
E (ABA33), E (ABAZ), E (A}3A33) are O (h%).
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Then, plugging and into , we get

PIPBPBPBLIHEES

=2 k=2 [=2 s=2

[Iv

n'h? {6M2(K)M4(K)/4)06807f+3,u2(K)3/gp%f”}

+ ;n3h{R(K)uz(K)/02f”f1+/~L2 (K2)/¢4}<37)

Finally, plugging , , , and into yields:
—
B{CVA0} = {1280l [ uens — omir [ s}

o i (1) [ea m) [

which, considering the definitions of ¢4, @ and @7 given above, matches the second
—
order terms of E {C’Vn(h)} given (14) in Lemma .

of E {5‘7 /n(h)} and as already mentioned, it is well known that these coincide with the

main term of M (h).

As for the variance of C’V;(h), recall that we are only interested in obtaining its
first-order terms. Thus, instead of working with the quadratic approximation of mp,
namely My, given in equation (9) of the main paper, we can employ a simpler, linear
approximation of my, denoted by my. This linear approximation of the Nadaraya-
Watson estimator was already proposed in Barbeito (2020) and it is given in equation
(10) of the main paper. Its expression is:

Regarding the first order terms

p(x) = ZKh Xi) {Yi — m(x)} .
Let us now define
Wn(h) = % 'n {mg_Z)(Xl) - Yi}2>
_ Yi-m(X), X
Py = W{YJ m(Xi) barn(Xi — Xj),
Qi = f(X)7H{Y; — m(X) H{Yk — m(Xi)}Bun (X — X5, Xi — Xp).
Then,

n n n

var {CV;(h)} 7’L 4h2 E g g § CZ]k‘lT‘S?
i=1 j=1 k=1 l=1 r=1 s=1
j#i k#i r#l s#l

where

Cijklrs = Ccov (Pija ]Dlr) — h™tcov (Pija ers) — h™tcov (Brv ka) + h™%cov (Qijk7 ers) .
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By counting the possible cases and using Ci22345 = Cio3455 = 0, we get

var {CV,, ()} = W {n(n — 1)(n - 2)(n - 3)(n — 4)(n — 5)C123156

n(n —1)(n —2)(n — 3)(n — 4) (C123145 + 2C123415 + 2C123451
2C"123455 + C123425 + 20123452 + Ch23453) + n(n — 1)(n — 2)(n — 3)
(2C122134 + C123124 + 2C123142 + C123143 + 2C122314 + C123214
2C123412 + 2C123314 + 2C123413 + 2C122341 + 2C123421

Ch23341 + 2C123431 + Cr22344 + C123423 + Cr23432 + 2C123411
2C122324 + 2C122342) + n(n — 1)(n — 2) (Ci22322 + Ci22133

Cha3123 + Cla3132 + Cla3213 + 2C123312 + Cr23321 + 2C122311
2C123211 + 2C123311 + 2C123122 + 2C123322 + 2C122132 + 2C122312)

+ n(n—1) (Cra2122 + C120211)} - (38)

- -

+ o+ +

Among the previous covariances, it can be argued that the only ones that contribute
—
to the dominant term of var {Cvn(h)} are C1o3245, C123425, C123124 and Cha3145. Before

we continue and with the intention of facilitating the calculations of the four Cjjxis
that we need, let us obtain general expressions for each of the summands that make up
Cijkirs- Since

E(PZ] ‘ X’ianaXhXT’ij?}/;") =0
and
cov {Y; —m(X;), Y, — m(X)) | Xi, Xi} = 640°(X;)
then
cov (P’L]7Pl7") = E{COV (-PL]?PlT‘ ‘ X’ianleaXTa}/jaY;“)}
= E[f(X)7 (X)) onn(Xi — Xj)aun (X — X ){Y; — m(Xy)}
1%, — m(Xp) beov (Vi — m(X:), Yi - m(X1) | X, X))

= 6B [f(X) 2ain(Xi — Xj)oan (X — Xo){Y; — m(X;)}
{Y, — m(Xy)}o?(X3)] .

Let us now consider the covariance

cov (P, Qus) = E[f(X) T (X)) 2ain(Xi — X;)Bin(X) — X0, X — X,)
1Y = m(Xy) HY; — m(Xi) HY: — m(Xy) HYs — m(X))}].

If r,s # i it is clear that cov (P;j, Qirs) = 0. Now, for the cases r =i and s =i (both
cases imply i # 1), let us define
{s, ifr=i
t= . .
r,if s =1
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and note that
cov{Y; —m(X;),Y; —m(Xi) | X;, X4} = cov{ei, & +m(X;) —m(Xy) | Xy, X}
= wvar(g; | X;) + cov{e;, m(X;) — m(X;) | Xi, Xi}
== 0'2(Xl').
Then, using the law of total covariance:
cov (P, Qus) = E[f(X) F(X)Pan(Xi — Xj)Bun(Xi — X, X1 — Xo)
{Y; — m(Xy) H{Y: — m(Xq) beov {Y; — m(X5), Vs — m(X)) | Xi, Xi}]
E [f(X:) 7 (X)) 2oan(Xi — X5)Bia( Xy — Xo, Xp — X)

{Y; = m(Xi)}{Y: — m(X1)}o*(Xy)] .

Finally,

cov (Qijk, Qurs)

E{cov (Qijk, Qurs | Xi, Xj, Xi, X1, X, Xs) }

Ccov {E (ka ’ Xi,Xj,Xk,Xl,XT,Xs) ,E(le | Xi,Xj,Xk,Xl,Xr,Xs)}

E (f(X)72F(X) 2 Bin( X — X5, Xi — X)) B1a( X0 — X, X — X)

cov [{Y; — m(X;) H{Yy — m(Xo)}, {Yr — m(X) H{Ys — m(X))} | Xi, X, Xpp, Xi, X, Xis])
+  cov{E (Qijr | Xi, Xj, X, X1, X0, Xs) , E(Qurs | Xi, X5, X, X1, X, X))

_|_

Note that, if {j,k} N {r,s} = 0, then
cov [{¥; —m(Xy) {Y — m(Xi) }, {Yr — m(Xy) {Ys —m(X0)} | X, X, Xi, Xi, X, X] = 0.
Now, regarding the term C1a3045, since 1 # 2 and 4,5 # 1, we have
cov (P2, Pay) = cov (P12, Q245) =0
and

cov (Pag, Q123) = E[f(X2) ' f(X1) 2oun(Xa — X4) B (X1 — Xo, X1 — X3)
{Ya = m(X2) H{Ys — m(X1)}o?(X2)]
= E[f(X2) ' f(X1) Pain(Xa — Xa)Bia(X1 — Xo, X1 — X3)
{m(X4) — m(Xa)H{m(X3) — m(X1)}o?(Xa2)]

= /// F(@2)  f(z1) 2oan(v2 — 24) Ban(1 — 22, 71 — T3)
{m(z4) — m(z2) H{m(zs) — m(x1)}f(21) f(22) [ (23) f (24) dzrdwodzsday
Making the following changes of variable,

Ty = X9 —hU4
r3 = I —hU3
To = x1 — hug
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and using the fact that

/// al(uzl)ﬁl(uQ,u;;)uiuéulg dugdusdus = ikp; (K ) (K)pk(K) =0

<= i=0o0rk=0or (i, j or kisan odd number),

we obtain that

cov (P, Q123) = /// f(@1) P (ug) B (ug, uz) {m(z1 — hug — hug) — m(xy —

{m z1 — hug) —m(z1)}o?(z1 — hug) f(z1 — hus)
hUQ — hU4) d.%'ldUQdU3dU4

hug)}

= ////f 901 061 ﬂl (ua, U3)U4U3h4{ ( )2 2( )f(xl)Q

+ m(21)%0% (1) f (1) + ! (w1)m" (1) 0™ (21) f (21) ' (21) }
dzydusdugduy + O (B7)

= A (K hB/f B { "(@)? f(2)? + m'(2)* ' (2)?
+ m(z)m"(x)f (z)} dz + O (h7).

Since {2,3} N {4,5} =0,

cov (Q123, Qaas) = cov [f(X1) 2Bin(X1 — Xo, X1 — X3){m(X2) — m(X1)}

F(X2)72B11(Xa — X4, Xo — X5)

{m(Xz) - 2
}im(Xs)) m(Xs)}]

m(
{m(X4) —m(X2
(

Therefore,

1
{m(X2) — m(X1) H{m(X3) — m(X1) {m(X4) — m(X2)}
{m(X5) — m(X2)}]
— E[f(X1) 78X — Xo, X1 — X3){m(X2) — m(X1)}
{m(X3) —m(X1)})?
= O(n'").
Cranis =~ [ 1) 1030 { g @ f (@) + 07 o)

+ m'(x)m”"(z)f(2)f (x)} dz+ O (h°).

Regarding the term Cfa3495, since 1 # 4, 2,3 # 4 and 2,5 # 1, then

cov (P12, Py2) = cov (P12, Qa25) = cov (Py2, Q123) = 0.

Bin (X1 — X2, X1 — X3)1n(X2 — X4, Xo — X5)

(39)
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We have that
hQ/ /f r1)” 2Bin(x1 — w2, 11 — 23) B (T4 — T2, T4 — T5)

{m(x3) — m(z1) H{m(zs) — m(z)} [0 (2) + {m(22) — m(z1) Hm(z2) — m(z4)}]
f(xn) f(x )f(@4) f(w5)dardzadasdaadas

2)f (23
= h2 / .. ./f(a:l)_lf(xl — hUQ + hU4)_151<UQ,U3)51(U4, U5) {m(xl — hu?,)

—  m(z1)} {m(z1 — hug + hug — hus) — m(z1 — hug + hug)} [0 (21 — hug)
+ {m(z1 — hug) — m(z1) H{m(x1 — huz) — m(x1 — hug + huy)}| f(x1 — husg)
f(acl — hU3)f({L‘1 — hUQ + h’LL4 — hU5)d.%'1d’u,2dU3dU4dU5
1

— AR(K)’ua(K)2H / o2 ()" {4(m”)2f2 e <m’>2<f/>2} +0(h¥),
where we have made the following change of variables,

T9 = X1 —hUQ
T3 = x1 — hus
T4 = X2 + huy
5 = X9 —hU5

and used the fact that
//// ﬁl(u2,U3)51(U4,U5)uéugu§ué dugduzdugdus = jlpi (K ) (K) pr (K (K) =0
<= j=0orl=0or (i, j, k or [ is an odd number).

Therefore,
1
Chasazs = 8R(K)*pa(K)*R* / o f(x)~! {4(m")2f2 +m'm" ff + (m')2(f')2} +0 (h°).(40)
As for the term Cya3124, since 2,4 # 1 and 2,3 # 1, then

cov (P12, Q124) = cov (P2, Q123) = 0.
We have that

cov (P2, P12) = E [f(Xl)_Qalh(Xl — X5)?0%(X1) {(m(XQ) —m(X1))® + 02(X2)H
— h_l/ f(xl)_lal(u)202(a:1) [UQ(xl — hu) + {m(x1 — hu) — m(xl)}Q]
f(xl—hu)dajldu:ug{ }h / 24+ 0(h),

where we have used the fact that

/al(u)Qui du = —ip;i(K?) + pipo {(K')?} =0 <= i is odd.
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On the other hand,

cov (Qi23, Qi24) = E (f(X1) *Bin(X1 — X, X1 — X3)B1n (X1 — X2, X1 — X4)

{m(X3) — m(X1)H{m(Xa) — m(X1)} [0*(X2) + {m(Xa) — m(X1)}?])
E [£(X1)?Bin(X1 — X2, X1 — X3){m(X2) — m(X1)}

{m(X3) —m(X1)}]* =0 (h°).

Therefore,
Crasize = po {(K')*} b1 /(02)2 +O(h). (41)
Using similar arguments and calculations we get that
Cr23145 = 4M2(K)2h4/f102 {i(m”)QfQ +(m)2(f)? + m’m”ff’} +0(h%). (42)

Finally, considering , , , and , we obtain .

Now, from the following decomposition (equation (13) of the main paper):

- OV, (ho) — Ml (o)

hCV,n - hnO ~ M”(ﬁno)
——/ ~ ~ ~ — ~ ~ ~
. {CV o) = M3 (o) b { V(o) = N (o) } )
Mﬁ(i&noy ’

and using Lemmas [3.1] and the asymptotic bias and variance of the cross-validation
bandwidth that minimizes the modified version of the cross-validation criterion given in
equation (11) of the main paper:

CVo(h) = - znj {ml P (x:) - Yi}2 : (44)

i=1
can be obtained. Theorem [B.1] contains this result.

THEOREM 3.1. Under the assumptions of Lemma[3.9 and assuming that By and Vs
exist finite, the asymptotic bias and the variance of the bandwidth that minimizes (44))
are:

E (ilcv,n> —hy = Bn 3% 4o (n*3/5) ’

var <BCW> — Va5, <n73/5> ,

where
B — 6B2C5 + Vo — A1C§ — Ag
12B,C3 + 21102
v o— Rng + RQCO_S

(12B,C2 +2viCy )
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The constants By and Vo were defined in p. 8 of the main paper, and the constant

Coy was defined in p. 5 of the main paper.

PROOF. From equation , it follows that, up to first order,

(o) ~E{ OV (ko) |

E (ECVm,) —hno = T (o) ; (45)
var (BCV,n> = ™ iﬁj‘(;;(of;;l())} , (46)

Since the first-order terms of M/ (hpn) and E {6\‘7 /n(iLnO)} coincide, we must consider
the second-order terms of M, (hpno) and E {5‘7 ln(iLnO)} for the bias of Aoy, while for the

variance, it will suffice to consider the first-order term of var {E’T/ ;(ﬁno)} Therefore,
to proof Theorem we only have to plug the results of Lemma [3.1] and Lemma [3.1
into and .

COROLLARY 3.1. Under assumptions of Theorem [3.]], the asymptotic distribution of
the bandwidth that minimizes the modified version of the cross-validation criterion, given
in equation (11) of the main paper, satisfies

0 (Reva = o) 4 N(0,V),
where the constant V was defined in Theorem [3.]]

PROOF. Using the Cramér-Wold device (Cramér and Wold, 1936) and an argument
similar to that followed in Barreiro-Ures et al. (2020)), it is possible to derive the asymp-

totic normality of the statistic of interest, namely n3/10 (lN"LCV’n — ]N"Lno)- The mean and

variance of the asymptotic distribution of this statistic are an immediate consequence of
Theorem [3.11

REMARK 3.1. Under suitable assumptions:
}NIC'V,n - }Nln() = }AICV,n - hnO + Op (77,72/5) .

PROOF. We shall begin the sketch of the proof by showing that it stands to reason
that the following expressions hold:

My(h) — My(h) = O(h®*+n'h? +n7?),
CV(h) — CVu(h) = O, <h6 T V2RT2 n*l) :

hno — hng = O (n*4/5> .
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Recall that the Nadaraya—Watson estimator, my, and its quadratic approximation,
mp, can be expressed as

mp(z) = T+ E+F,
Thh(w) = T,

where T'= A+ B+ C+ D and A, B,C, D, E and F were defined just after equation (8)
of the main paper. From the proof of Lemma [3.1] and the fact that

E(aé?) = { -3 Z Z ZYKh v — X)) Kp(z — X;)Kp(z — Xk)}

=1 j=1 k=1
= n 3} [RE{ViKy(z — X1)*} + n(n — DE{Y1K),(z — X1)Kp(z — X2)?}
+ 2n(n— DE{V1Kp(z — X1)*Kp,(z — X2)}
+ n(n—-1)(n-— )E{YlKh(az—Xl)Kh(az—Xg)Kh(x—Xg)}]
3R(K)m(x)f(z)’n " h™" + m(z) f(x)*

)
+ {n2(K)m(a) f (@)2f"(2) + pa (K)o () f (@) } b
+ {iug(K)Qm(a:)f(x)f )% + pa(K) f(x)* pa(2)
+ pa(K)2f (@)% () f" ()} bt

+ O® +n7h,

it follows that

E(E) = O(h+n7"),
var (E) = O (n™'h"),

and the same could be said of F'. Then,

[E {rin(2)} —m(@)* = [E{mp(x)} —m(z) +E(E + F)]”
= [E{iw(x)} —m(@)]* +E(E + F)°
+ 2E(E+ F)[E{ma(z)} —m(z)]
= [E{mn(x)} —m(@)]?+0 (h® +n'h? +n7?),

where we have used the fact that both E (E) and E (F) are O (h® +n7') and
E {imp(2)} — m(z) = O (h?) .
Also,

var {mp(x)} = var{my(z)} + var (E + F) + 2cov {my(z), E + F'}
= var {mp(2)} + O (n"'h%),
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where we have used the fact that both var (E) and var (F) are O (n"'h") and
var (E+ F) = var(FE)+ var(F) + 2cov (E, F)

< var(E) + var (F) + 2/ var (E) var (F)

@) (n*1h7) ,
cov {my(z), E+F} < +/var{my(z)}var(E+F) =0 (n_1h3) .

Thus, it follows that
M, (h) = My(h) + O (h* +n"'h? +n?).

To avoid confusion, the functions £ and F will be denoted below as E,,(x) and F,(x),
respectively, to indicate the fact that £ and F depend on n and x. Now, there exist
functions ag, B and vg such that

E{E,(z)} = ap(z)h’® + Be(z)n " + o (h° +n71),
var {E, ()} = yg(z)n 'h" + o (n A7)
and so
E{E.(X1)’} = E[E{E.(X1)*|Xi}] =E [E {En(X1) | X1} + var {E,(X1) | X1}
- B [{aE(X1)h6 + Bp(X)n " + o (B +n 1)} + (X0
+ o (n_1h7)]
= hlz/a%f + n_Z/ﬁggf +n TR / (2apBe +7E) f
+ o(h2+n 'K +n72)
determines the order in probability of E, (X1)? due to E,(X1)? being a random variable
that only takes positive values.

Since similar results can be obtained for E { F,,(X1)?} and E {E,(X1)F,(X1)} (using
the Cauchy—Schwarz inequality), it can be stated that

E [; > {2 x0) — g (XZ-)}QI _E [; S (B (X0) + Fnl(Xi)}Ql
=1 i=1

= B [{Bat(X0) + Fua (X1))]
= E{E,1(X1)* + Fo1(X1)* + 2B, 1 (X1) Fo1(X1) }
= Op (M2 +n A" +n7?).
n . . 2
Then, since the random variable 1 >° {m;;l) (X;) — rhﬁfl) (XZ)} only takes positive

i=1
values, its order in probability is given by its expected value and, hence,

1 ¢ —i —i 2 - -
=3 {0 =X} = 0, (h2 4 n T 7).
=1
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Therefore, using the Cauchy—Schwarz inequality,

CValt) = CVall) = - [Z [ e - v} =y {mf o v

n

i=1 =1

= % Zn: {mg_i) (X;) =y, ) (Xi)} {mg_i) (X;) +m\ (X)) - QYZ-}
=1

IN
—
| —
=
§>
7
=
s
S~—
|
S
7
=
Py
s
~—
——
N

where we have used
L [ (=i - (—i) 2
nZ}{mg (X) + () -2 = 0,(1).

Proceeding in a similary manner, albeit with more tedious calculations, it can be
argued that
CVa(h) = CV () = 0, (n™4/5),

for any bandwidth A} that tends to zero at the optimal rate n=1/5,
Finally, by means of a Taylor expansion, we have

0 = M;,(lno) = M (o) + My, (ho) (o — )
for some hno between hpg and hpg. Then, using the fact that M,’L(ﬁno) =0,
M;,(no) = M (no) + O (n=%/7) = 0 (n=97%)
and
M) = Lo+ 0 (25
for some constant Lg, we have
. M (hy,
hno — hno = —7n(— 0) =0 (n_4/5) )
M} (hno)
Now, a Taylor expansion yields

0= CVTIL(iLCV,n) = CV,;(;LCVJL) + CVT{/(h*) <iLCV,n — Bcwn> ,
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for some h* between ﬁov,n and Eovm. Note that
M) = M2 (Con™%) = My (1) (R* = Con ™) = 0, (n27)

for some h** between h* and the asymptotically optimal bandwidth, Con~ /%, where we
have used M (h**) = O, (n~'/°) and h* — Con~/°> = 0, (n"1/%). Then, since the order

in probability of C'V Z(h*) is given by its expected value, that is, M (h*), we have:
ﬁ/Z(h*) = Lon~% + o, (n_2/5> .
Consequently,

CV(hcvn) _ Op (/) _ —2/5
eV~ T oy~ (1)

hcvin —hovin = —

where we have used the fact that CV ;(ﬁcvn) =0 and so
CVilhevn) = OV (heva) + 0y (n74%) = 0, (n~47)
Moreover, since hy,g — iLno =0 (n*4/ 5), we can also write
heva — hno = hevin — hno + O, (n_2/5) .

Finally, expressions for the asymptotic bias and the variance of the bagged cross-
validation bandwidth,

h(r,N) ( )1/5 Z hovri- (47)

are given in Theorem

THEOREM 4.1. Under assumptions A1-Ab, the asymptotic bias and the variance of
the bagged cross-validation bandwidth defined in are:

E{h(r N)} hno = (B+ Cy)r2/5p71/5 +0<r_2/5n_1/5),

- 1 2 —1/5,,—2/5
i) = vt () o ),
where the constants B and V were defined in Theorem[3.1] and the constant Cy is defined
in .
Proor. If we define

6B2C3 + Va

O = — ,
YT 12B,02 +2vi G,




28 Barreiro-Ures et al.

then we have

heog = Cor P+ ™3/ 40 (r‘3/5) ,

(1)1/5 hoo = Con V34O 25n15 1o (7'_2/5n_1/5)

and

(Z>1/5 heo —hno = Ci (T_2/5n_1/5 — n_3/5> +o0 (r_2/5n_1/5 + n_3/5>

= Cur 5 4, (r*2/5n’1/5) 7

where we have used the fact that » = o(n). Therefore,
- - r\1/5 - -
B{h(rN)} ~ho = E { (g) hcv,r,l} — hno

= (;)1/5 E <iLCV,r,1 — iLr()) + {(;)1/5 hro — ﬁno}
= B+C)r 2 P 4o (r’2/5n’1/5> .

Regarding the variance, we have

var {fz(r, N)} = % (;)2/5 {Var (iLCVmJ) + (N — 1)cov (iLCV,r,la iLCV7r72)} (49)
and
cov (heve hovez) & M (o) “2cov { OV (hyo), CVy(hyo) } (50)

where for g € {1,2},

2

OVl =

E {Ajjorn(Xi — Xj) — K ' BijBun(Xs — X5, X — Xi) },
ivjvkelq
J.k#i

with I1,Ip ~U(P) and P ={I C {1,...,n} | #I =r}.
Now,

cov {CV, (), CVy(h)} = cov[E{CVi(h) | I, Io} ,E{CVy(h) | I, I} |
+ B [eov {CV (), CV}(h) | I 1}
= B [cov {CV (1), CV}(h) | I 1}

since E {a//;(h) | 11,12}, for ¢ € {1,2}, does not depend on Iy, Iy and, therefore, it is

not random.
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On the other hand,
4

— —
cov{CVl(h),CVQ(hHIl,IQ} - 7"2(7“—1)%2%;1 cov {Ajaun(X; — X;)  (51)
2,7, 1

— hT'BirBin(Xi — X5, Xi — Xi), Asaan(Xi — Xs)
— W' BiaBuin(Xi — X5, Xi — X}

Following the proof of Lemma [3.2] we only need to count the number of cases associ-
ated with Cla3124 and Clasges. If we define M = # (11 N I3), which is a random variable,
then the number of times C1a3124 and C1a3495 appear in is M(M—1)(r?—4r—M) =
M?r2 +o (M2T'2) for Cio3124, and M?2p3 +o (M27"3) for C193425.

Plugging these numbers into , we get

—y — 4
cov{CVl(h),Cvz(h) | 11712} = m

where Z = o, (0123124M2T_4 + 0123425M2T_3).
To compute the expected value of the previous term we proceed by computing:

2
E(M*|L) = E {2112(2')} L =E{> > 1L(1L() | L

el i€ly jely

(Craz124M?r* + Chosaos M?r®) + Z,

= > Y P, jeL|h)=rP1eL)+r(r—1P(L € L)

il jel
L -
e r— rir — -
n n2
r? {n+r(r—1)}
= E(M?),

where 17,(+) denotes the indicator function of Iy and we have used the fact that 17, (7) is
a Bernoulli distribution with parameter r/n. Therefore,

cov {6’\‘7/1(h), a/é(h)} = Ri(n 'rth? +rn%h?)
+ Ron 2R3 +0 (n_Qh_1 +n et 4 n_zrh4)
and
cov {CV (o), CVp(hpo) } = RaCR(n™'r77/% 4 n=2%07)
i R2C0—3n—2r3/5 10 (n_lr_g/E’ —|—n‘2r1/5). (52)
Now, plugging into , we get
cov <ilcv,r,1, ﬁcvmg) =Vn %P Wn 3540 (n’zr + nflrfl) , (53)
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where
RiC2
(12B,C2 + 2V, C; %)

Finally, plugging into yields

var {h(r, N) Y = V1525 L Ly (DY (9525
N

n

COROLLARY 4.1. Under the assumptions of Thorem[{.1], the asymptotic distribution
of the bagged cross-validation bandwidth defined in satisfies:

#1/10,,1/5
1 T
R &)
where the constant V' was defined in Theorem [3.1 In particular, if we assume that
r=o0 (n/\/ﬁ), then,
P10R1/5\/N {ﬁ(r, N)— ﬁno} 4 N0, V).

PROOF. The result is obtained immediately from Corollary 3.1 and Theorem [£.1]

_ {ﬁ(r, N) - ﬁno} 2 N(0, V),

2. Simulation studies

In this section, we complete the simulations presented in the main paper, adding two
additional plots not included in the paper for reasons of space. In this simulation study,
we considered the following regression models:

M1: Y = m(X) +¢, m(x) = 2z, X ~ Beta(3,3), e ~ N(0,0.12),
M2: Y = m(X) +¢, m(x) = sin(27z)?, X ~ Beta(3,3), £ ~ N(0,0.12),
M3: Y = m(X) + ¢, m(z) = 2 + 2% sin(87x)%, X ~ Beta(3,3), e ~ N(0,0.12),

whose regression functions are plotted in Figure 1 of the main paper. The R (R Devel-
opment Core Team, 2021)) package baggingbwsel (Barreiro-Ures et al., 2021 was em-
ployed to carry out the simulation experiments. In a first step, we empirically checked
how close the bandwidths that minimize the MISE of the Nadaraya—Watson estimator
and its modified version given, respectively, in equations (2) and (9) of the main paper
are. For this, we simulated 100 samples of sizes 1000 and 5000 from models M1, M2 and
M3 and compute the corresponding MISE curves for the standard Nadaraya—Watson
estimator and for its modified version, using the Gaussian kernel. Figure [T] shows these
curves. It can be observed that the bandwidth that minimizes the MISE of standard
Nadaraya—Watson estimator and the MISE of its modified version appear to be quite
close for both sample sizes, although the distance between the minima of both curves
seems to tend to zero as the sample size increases. On the other hand, Figure [2| shows
the standard and modified cross-validation bandwidths (using the standard and modified
version of the Nadaraya—Watson estimator, respectively) obtained for samples of sizes
ranging from 600 to 5000 drawn from model M2. It can be seen that both bandwidth
selectors provide similar results, which in turn get closer as n increases.
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Figure 1. MISE curve for the standard Nadaraya—Watson estimator (black line) for its modified
version (red line) and with their minima (red and black points, respectively). First row: model
M1, second row: model M2, third row: model M3. First column: n = 1000, second column:
n = 5000
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and its modified version (y-axis) for samples of sizes ranging from 600 to 5000 drawn from model
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