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Abstract. In this paper, a dimension reduction method is proposed by using
the first derivative of the conditional density function of response given pre-
dictors. To estimate the central subspace, we propose a direct methodology
by taking expectation of the product of predictor and kernel function about re-
sponse, which helps to capture the directions in the conditional density func-
tion. The consistency and asymptotic normality of the proposed estimation
methodology are investigated. Furthermore, we conduct some simulations to
evaluate the performance of our proposed method and compare with existing
methods, and a real data set is analyzed for illustration.

1 Introduction

Accompanying the advancement of sciences and technologies in various fields
such as biology, economics and finance, etc., scientific data has the tendency of
growing in both size and complexity. Analysis of high-dimensional data calls
for new statistical theories and methodologies. A natural way to analyze high-
dimensional data is to first reduce the dimensionality of the original data without
losing vital information. To reduce the problem of many covariates to one with a
few covariates, sufficient dimension reduction Cook (1998) aims at finding low-
dimensional linear combinations of the predictors without loss of information on
Y|X. Suppose X is a random vector in R” and Y is a univariate random variable,
we need seek a p x d matrix B with d < p satisfying

Y1 X|B°X, (1.1)

where 7 is the transpose operator on a vector or a matrix and 1l indicates inde-
pendence throughout this paper. That is, given B*X, Y and X are independent.
The space spanned by the column of B, which is denoted as S(B), is defined as a
dimension reduction subspace (Cook, 1994, 1998). In fact, we are not concerned
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about the specific form of B since any orthogonal transformation of B from right
does not affect the conditional independent property of (1.1). If all the other di-
mension reduction space include S(B) as their subspace, then S(B) is a so-called
central dimension reduction subspace (CS), and we denote the central dimension
reduction subspace (CS) as Sy|x. Cook (1998) gives some mild conditions which
guarantee the unique existence of Sy|x. Without notational confusion, we assume
that Sy x coincides with S(B) throughout this paper, namely, Sy|x = S(B). The
dimension of Sy x is called the structural dimension and it is denoted as d in this
paper.

To estimate the central subspace Sy|x, there are many useful methods available
in the literature which make use of effective tools to reduce high-dimensional vari-
ables to equivalent ones comprising only some linear combinations of the original
variables. For instance, ordinary least squares (Li and Duan, 1989, OLS), sliced
inverse regression (Li, 1991, SIR), principal hessian directions (Li, 1992, pHd),
sliced average variance estimation (Cook and Weisberg, 1991, SAVE), directional
regression (Li and Wang, 2007, DR), minimum average variance estimation (Xia
et al., 2002, MAVE), and outer product of gradient based on conditional density
functions (Samarov, 1993, dOPG), density-MAVE (Xia, 2007, dMAVE), score di-
mension reduction (Wang and Zhu, 2013) etc. These dimension reduction methods
are widely used for a large dataset and preserve /n consistency of the associated
estimators, furthermore, the computational cost is not expensive. Once the central
subspace is identified, subsequent analysis with the low-dimensional B*X will
help to construct another regression models or other statistical models based on
BT X. Specially, when the structural dimension is 1, model (1.1) reduces to the
popular single-index models (Liang et al., 2010; Li et al., 2014; Chen, Zou and
Cook, 2010; Peng and Huang, 2011; Cui, Hérdle and Zhu, 2009). Moreover, if the
estimation structural dimension is 1, 2 or 3, the graphical visualization will gain
comprehensive insights about the data, see Cook (1998) with a deep discussion
about the graphical methodology. So, the dimension reduction method is widely
applied in practice. See, Zhu et al. (2016, 2017), Lansangan and Barrios (2017),
Luo, Zhu and Ghosh (2017), Yoshida (2017), Deng and Wang (2017), Sheng and
Yin (2016), Zhou and Zhu (2016).

The central subspace satisfying model (1.1) is equivalent to the conditional den-
sity function of Y| X being the same as that of Y|B* X for all possible value of X
and Y if the conditional density function of Y given X exists, that is,

frix(vlx) = fripex (y|B"x). (1.2)

Model (1.2) indicates that all the directions can be captured in the conditional
density function fy|x (y|x). Then, an estimator of the conditional density function
frix (y|x) is needed to be proposed in the primary step to find the central subspace.
Xia (2007) used the “double-kernel” local linear smoothing method (Fan, Yao and
Tong, 1996) to estimate the conditional density function fy|x (y|x). They used the
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fact that the conditional density function fy|x (y|x) is asymptotically equivalent to
the conditional regression mean function, and the directions defined in model (1.1)
will be all captured in this conditional regression mean function.

In this paper, we introduce a simple methodology for dimension reduction that
based on the linear condition on X (Li, 1991) and the existence of the conditional
density function of Y given X. The linear condition on X is widely used in the di-
mension reduction literature, and the existence of conditional density function of
Y given X is also a mild assumption. The methodology proposed in this paper is
to take expectation of the product of X and the kernel function of Y. Specifically,
we use the idea of “double-kernel” local linear smoothing method (Fan, Yao and
Tong, 1996) to estimate the conditional density function fy|x (y|x) in the first step.
Due to the asymptotically equivalent conditional density function fyx(y|x) and
the conditional regression mean function (Fan, Yao and Tong, 1996; Xia, 2007).
Together with model assumption (1.2), the conditional regression mean function
will be used to capture all the direction of central subspace. Next, the proposed
method in this paper is easy to implement by using a spectral decomposition on
a kernel matrix. As the bandwidth converges to zero, the kernel matrix will even-
tually recover the central subspace in the population level. In this paper, we also
provide the asymptotic properties of the estimators of the estimated kernel matrix
and associated eigenvalues and eigenvectors.

The reminder of the paper is organized as follows. In Section 2, we introduce the
rationale of the dimension reduction method at population level, and illustrate its
theoretical result. At the sample level, we introduce a direct estimation approach
to estimating Sy|x, and establish the asymptotic properties of the resultant esti-
mators. We demonstrate the methodologies through simulations and an analysis of
a real data in Section 3. An analysis of a real data is presented in Section 4. We
conclude this paper with a brief discussion in Section 5. All proofs are given in the
Appendix.

2 Methodology development

2.1 The population level

We introduce the proposed dimension reduction method in the population level.
When the conditional density function of ¥ given X exists, model (1.1) is equiv-
alent to the conditional density function of Y |X being the same as that of Y|B* X
for all possible values of (x, y) over the support of (X, Y), that is, fyx(y|lx) =
frig=x (y|B*x). It implies that

dfy|x (ylx)/dx = B[dfypx(y|B x)/3(B"x)]. 2.1)

In other words, all the basis directions in Sy|x can be captured by the first deriva-
tion of the conditional density function. Thus, to recover Sy x, we need to esti-
mate dfy|x(y|x)/dx or E[0fy|x(y|X)/dX]. However, we could not estimate this
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derivative directly by nonparametric smoothing when the dimensions of X are
high. To avoid using nonparametric smoothing method in high-dimensional case,
if X is further assumed temporarily to be normally distributed with mean zero and
identical covariance matrix, a direct application of Stein’s (1981) Lemma 4 and
combining with equations (1.2) and (2.1) entail that

E[Xfrix(v1X)] = E[0fyx (y1X)/0X]

It is seen that E[X fy|x(y|X)] can be used to seek the directions of Sy|x. How-
ever, in the argument (2.2), the density fy|x (y|x) is still unknown and needs to be
estimated. Xia (2007) used the idea of “double-kernel” smoothing method stud-
ied in Fan, Yao and Tong (1996) to construct an estimator of conditional density
function fy x(y|x). We denote K (-) as a symmetric density function and 4 is the
bandwidth, # > 0 and K, (x) = h_lK(x/h). If A — 0 and n — o0, we have

E(Kp(Y —y)|X =x) = E(Kj(Y — y)|B*X = B'x)

(2.2)

(2.3)
— frigrx(y|B"x).

Combining with (2.2) and (2.3), if X follows a normal distribution with identical
covariance matrix, as # — 0 and n — oo, we have
E(XKn(Y —y)) = E[XE(Kn(Y — y)|X)]
—> E(Xfy|x(y|B"x) (2.4)
= B[3fyiprx (y|B"x)/d(Bx)].

Equation (2.4) indicates all the directions can be captured by the E[X K, (Y — y)]
under normality assumption when 2 — 0 as n — oo. In fact, we avoid to esti-
mate fy|x(y|x), dfy|x(y|x)/0x and E[0fy|x(y|X)/0X] by using nonparametric
smoothing methods, while a simple moment-based estimator of E(X K, (Y — y))
helps to infer the central subspace Sy|x. However, the normality assumption for X
is relatively restrictive. Without loss of generality, we assume EX = 0 and relax
the normality assumption of X to the widely used linearity condition (Li, 1991) in
the following

E[X|B"X] = PE(Zx)X, (2.5)

where Pg(Xx) = B(B*XxB) BTy, Tx = Var(X). As a consequence, under
the linearity condition of X, E[X K, (Y — y)] still could be used to seek Sy|x when
h — 0 and n — oo. Define

Dy (y) = E[XKn(Y — y)], (2.6)
Dp(y) = PE[X fy | x(y|B* X)]. 2.7)

First of all, we list some conditions for our asymptotic results.
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(A1) The conditional density functions fy|x(y|x) and fy prx(y|B*x) have con-
tinuous and bounded second order derivatives with respect to x. Further-
more, Dp(y) < oo for all possible values of y on the support of Y, and
D B < OQ.

(A2) EX'X < o0, Dp(y) < 00, Dy < oo for all possible values of y on the sup-
portof Y as h — O.

(A3) The kernel function K (-) is symmetric about O and has a compact support.
Moreover,

/K(u)du =1, /uK(u)du =0, /uzK(u) < 0.

(A4) The density function g(-) of ¥ has bounded second order derivatives. More-
over, E(X"X)* < 00, E[Dp(Y)g(Y)] < .

Theorem 2.1. If EX =0 and Xx is a positive definite matrix, moreover, X sat-
isfies the linearity condition (2.5). Under the conditions (A1)—(A4), as h — 0,
n — 00, we have

(1) %' Di(y) > ' Dp(») S Syix. o )

(2) Let Dy = E[Dp(Y)D}(Y)], Dp = E[Dp(Y)D%(Y)], where Y is an indepen-
dent copy of Y. The kernel matrix Vy,, defined as Vy = Z)_(th 2;1, satisfies
Vie—Vp= Z;(IDBZ);I C Syix.

Theorem 2.1 indicates that V g estimates the central subspace Sy x in the pop-
ulation level. If we apply a spectral decomposition on the kernel matrix Vp to
get {B1,..., Bx}, which are the eigenvectors of kernel matrix V p correspond-
ing to its largest k nonzero eigenvalues, then the space S(81, ..., Br) spanned by
{B1,..., B} will recover Sy x. Theorem 2.1 entails a direct estimation approach
by using the kernel matrix V, to estimate Sy;x when h — 0 as n — oo. In next
subsection, we introduce the estimation procedures of Dy (y) and Vj, and present
the asymptotic properties of these estimators.

2.2 Estimation procedures and asymptotic results

Suppose that {(X;, ¥;)}?_, are i.i.d. sample from the model (1.2). Denote Kj(-) =
h_lK(-/h). The estimators of Dj(y) and Xy are defined as

~ 1 -
Dy(y) =~ (Xi = XK (¥; =), (2.8)

i=l

N 1 < - - -1
Sx=-) Xi—-X)X:-X)',  X=-) X (2.9)
n n

i=l i=1
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Using (2.8) and (2.9), the moment estimators of D, and V, in Theorem 2.1 are
proposed as

~ 1 . ~

Dy =3 Da(¥i) Dy, (), (2.10)
i=1

Vi=35'Dy2y" (2.11)

Theorem 2.2. Under the conditions of Theorem 2.1, if h — 0 and nh — oo as
n — 0o, we have

Vv, v

The consistency of Vh to V p enables us to estimate Sy|x by using the first
k eigenvectors of the estimated kernel matrix f/h associated with its k largest
nonzero eigenvalues.

Let Vech(A) = (ai1,...,ap1,a2,...,ap2,033,...,app)" be a p(p + 1)/2 di-
mension vector for any symmetric p X p dimensional matrix A = (a;;) px p. In the
following, we use notation A®? = AAT for any matrix or vector A.

Define

Th(x,y) = (x®* - Zx)Z'Dp + DSy (x®* — Zx)
+E{Dp(y)g(M}x" +xE{D5(»)g()} (2.12)
+E(D)|(X1. Y1) = (x.y)) — ED,,

~0 .
where D), is defined as (A.2) in the Appendix. Next, we present the asymptotic
distribution of the estimated kernel matrix V h-

Theorem 2.3. Under the conditions of Theorem 2.1, nh* — 0 and nh®> — oo

as n — 00, moreover, at Cov(Vech(E;(]Th(X, Y)E;l))a — %2 > 0 for any
ac Rp(pzﬂ) and a # 0, we have

SV, = Vi) 5, 2.13)

where a® Vech(H) follows a normal distribution N (0, 03) foranya € R2G and

a#0.

Let L(A) stands for the vector of ordered eigenvalues of A, that is, denoted as
AMA) = (A1 (A), ..., Ap(A))" satisfying A1 (A) > --- > A,(A). Denote A1(Vp) >
.-+ > A;(V p) are the distinct eigenvalues of V p with the multiplicity of A;(V p)
beingm;,i=1,...,l,andmy +my+---+m; = p.



Multiple index density function 857

The orthogonal matrices Q makes

A (V) 0 0
R 0 (V) ... 0
B = . . . . s
0 0 s (V)

where H = (7:[,-, ;) denotes the partitioning of Q*H Q in blocks of order m; x m .
Theorem 2.3 entails to derive the asymptotic distribution of the eigenvalues of the
estimated kernel matrix V. By application of Theorem 3.1 and Theorem 3.2 in
Eaton and Tyler (1991), we have the following asymptotic result.

Theorem 2.4. Under the conditions of Theorem 2.3, A{(Vp) > X (Vp) > --- >
M (V B) is the distinct eigenvalues of V g with the multiplicity of 1; (V p) being m;,

i=1,....,land my +my+---+m; = p, we have
)»(7':111)
ROV =) L |
?»(7.:111)

From Theorem 2.4, if the first kth of the kernel matrix V g are nonzero, the first
kth nonzero eigenvalues {bl, .. bk} of the estimated kernel matrix Vh are root-
n consistent, and the first dth elgenvectors with d < k corresponding to nonzero
eigenvalues helps to infer the central subspace Sy|x.

Theorem 2.5. Let e be any unit length vector which is orthogonal to Sy|x,
and suppose that et COV(E);IT;,(X, Y)E;(lbj)e —e"Wie>0ash— 0, j=
1,..., k. Under the conditions of Theorem 2.3, we have

ﬁefl;j i) N(O, e’ Wje).

3 Simulations studies

In this section, we conduct some simulations to evaluate the performance of our
proposed method. To evaluate the estimation accuracy, we use a measure between
two subspace of R”. Let B is a p x k matrix spanning Sy|x, and B isa p x k
matrix to estimate B. The measure between Sy|x and its estimator Sy|x is defined
as

dist(SY|X,§Y|X) =Pg— P;ll,

where Pp and Pj is the projection operator in the standard inner product of B and
é, and || - || is the Euclidean matrix norm. The smaller value of dist(Sy|x, §y| Xx),
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the better performance of /S\Y‘ x . A more detailed discussion of the distance mea-
sure can be referred to Li, Zha and Chiaromonte (2005).

We compare our proposed method with some useful methods, SIR (Li, 1991),
SAVE (Cook and Weisberg, 1991), pHd (Li, 1992), DR (Li and Wang, 2007),
rMAVE (Xia et al., 2002), dJMAVE (Xia, 2007). For SIR, SAVE, and DR, we con-
sider two cases with the slice number H =5 and H = 10. For our method, we use
the kernel function K (r) = (15/16)(1 — t*)?1 (> < 1) and bandwidth h = n~1/3
to satisfy the conditions in Theorems. The dimension of predictor X is chosen as
p =5, 10,20 for Example 1 and Example 2.

Example 1. The following three models are used:

1
Y = Eexp(Xl — De; (3.1
Y =si { ! X ! X0+ } (3.2)
=sin] —X; — —=Xo+eg; .
V2 V2
1 1
Y=cos{ex (—X1 ——Xg—i—s)}; 3.3)
2 V2
In these models, the structure dimension of Sy|x is one. The variables X;; in-
dependently follows #(8) (¢-distribution with 8 freedom-degree) fori =1, ...,n,

j=1,..., p,and the error ¢ ~ N (0, 1) satisfying ¢ Il X. Among these dimension
reduction methods, we present estimation error for each model with 300 replica-
tions. In Table 1, we present the mean of distance measure dist(Sy)x, §y| x) =
| P — Pg| between these methods and the true central subspace and also the
standard error.

From Table 1, we see that our method outperforms SAVE, pHd and rMAVE
in this three models. As the numbers of predictor p increases, our method still
could detect the underlying true dimension reduction subspace and has better per-
formance than SAVE and rMAVR. Both SIR with slice number H =5, H = 10
and dMAVE have comparable performance with our method, and the latter has a
slightly better performance than DR in the three models.

Example 2. The following two models are used:
Y =sign(B{ X + 1) x log(|6 + B3 X + &2|), (3.4)
Y =sign(2B] X +&1) x log(|4 + 2B X + &2|), (3.5)

where sign(-) is the sign function. In this example, it is seen that that Sy x is

spanned by (B1, B2).
For model (3.4), the first five elements of g are (1, 1, 1, 1, 0)/2 and the rest are

all zeros. The first five elements of 8, are (—1, 2, —2, 1, 1)/+/11 and the rest are all
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Table 1  The mean =+ standard error (sd) of dist(Sy|x, §y|x) for Example 1

SIR SAVE DR pHd MAVE dMAVE EPPK
(H=5,10) (H=5,10) (H=5,10)

p=5,n=300
Model (3.1) mean 0.140.12 0.26 0.25 0190.14 077 057 0.13 0.13
sd 0.05 0.04 0.100.13 0.060.06 0.19 0.24 0.05 0.05
Model (3.2) mean 0.160.19 0.510.65 029034 090 023 0.16 0.18
sd 0.06 0.06 0.250.24 0.140.16 0.15 0.14 0.05 0.07
Model (3.3) mean 0.170.17 0.45 0.60 023024 079 034 0.19 0.19
sd 0.07 0.06 0.220.23 0.090.09 021 021 0.07 0.07

p=10,n=300
Model (3.1) mean 0.220.19 0.63 0.80 0.280.25 0.84 0.72 0.19 0.21
sd 0.050.05 0.250.19 0.080.06 0.12 0.17 0.04 0.05
Model (3.2) mean  0.290.28 0.850.93 0.500.56 0.96 0.32 0.25 0.30
sd 0.07 0.07 0.17 0.09 0.180.19  0.06 0.13 0.06 0.08
Model (3.3) mean  0.26 0.27 0.890.95 0.360.37 0.89 0.44 0.28 0.28
sd 0.08 0.07 0.11 0.07 0.120.11  0.11 0.18 0.07 0.07

p =20, n =300

Model 3.1) mean 032028 097099 043036 0.89 0.6 028 030
sd 006005 013002 009006 008 0.13 005  0.05

Model (3.2) mean 040041 097098  0.690.73 098 044 037 043
sd 007008 004002 0170.16 003 0.14 006  0.07

Model (3.3) mean 039038 097099 057057 097 0.59 042 041
sd 006006 004002 015014 004 0.16 009  0.07

zeros. The distribution of X is N (0, 1), where I, is a p x p identical matrix, and
unobservable noise &1 and &, follow from N (0, 0.5%). Moreover, X is independent
with (g1, €2), and ¢ is independent with ¢&.

For model (3.5), the first five elements of 81 are (1, 1,1, 1,0)/2 and the rest are
all zeros. The first five elements of B, are (1, —1, 1, —1,0)/2, and the rest are all
zeros too. The distribution of X is also N (0, I,) and independent with (¢1, £2), and
unobservable noise &1 and &, are independent and both are N (0, 1). The models
investigated here are similar to Chen and Li (1998) and Xia (2007). The model
(3.5) is the same as the model in Example 4.1 in Xia (2007). We consider the
models (3.4)—(3.5) with different dimension reduction methods with sample size
n =300 in this example. The slice numbers of SIR, SAVE and DR are also chosen
as H =5 and H = 10. The simulation results of mean and standard error with 300
replications are reported in Table 2.

From Table 2, the mean of dist(Sy|x, §y| x) by our method is better than SAVE,
pHd, rMAVE. As the numbers of predictor p increase, our method still has com-
parable performance with SIR and DR with the slice number H =5, H = 10. For
model (3.5), when we change different parameter values of (81, 82) and reduce
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Table 2 The mean + standard error (sd) of dist(Sy|x, /Sy‘x)for Example 2

SIR SAVE DR pHd rMAVE dMAVE EPPK
(H=5,10) (H=5,100 (H=5,10)

p=5,n=300
Model (3.4) mean 0.130.11 0.18 0.21 0.150.14 095 0.85 0.71 0.16
sd 0.040.03 0.07 0.11 0.040.04 0.11 0.14 0.24 0.05
Model (3.5) mean 0.140.14 0.20 0.32 0.150.17 099 046 0.12 0.19
sd 0.050.05 0.08 0.16 0.050.06 0.02 022 0.04 0.06

p =10, n =300

Model 3.4) mean 0.190.18 042076 023022 099 0.93 091 024
sd 003004 017020 004005 002 0.09 011 0.5

Model (3.5) mean 024022 058087 028027 099 0.7 020 030
sd 005005 020015 006006 002 0.0 004  0.06

p =20,n=300
Model (3.4) mean  0.300.27 0.930.99 0.360.34 0.99 0.97 0.97 0.36
sd 0.05 0.04 0.10 0.01 0.060.05 0.01 0.04 0.04 0.05
Model (3.5) mean 0.340.34 0.96 0.99 0.400.41 0.99 0.79 0.29 0.45
sd 0.05 0.05 0.06 0.02 0.060.07 0.01 0.15 0.05 0.08

the variance of (e1, €2), the performance of our method is better than dAMAVE. For
model (3.4), dJMAVE could not detect the underlying dimension reduction sub-
space when the number of predictors is relatively small p = 5, while our method
has stable performance in both cases even when the number of predictors p in-
creases to 20.

4 Real data analysis: Cars data

In this section, we apply our dimension reduction method to the Cars data. This
data is about the 1983 ASA Data Exposition of Statistical Graphics Technology.
There are 406 observations with eight variables: Y-miles per gallon, X{-number
of cylinders, X;-engine displacement (cu. inches), X3-horsepower, X4-vehicle
weight (Ibs.), Xs-time to accelerate from 0 to 60 mph (sec.), Xg-model year
(modulo 100), and origin of car (1 = American, 2 = European, 3 = Japanese).
We transform the variable origin of car to the pairwise variable (X7, Xg), where
(X7, Xg) = (1,0), (0, 1), (0,0) corresponding to American cars, European cars
and Japanese cars. Before applying our dimension reduction method, we standard-
ize all the covariates separately. The bandwidth is taken as three cases, h =n~1/3,
h=n"Y%and h =n=%>,

Denote the estimated central subspace by our method as §y| x in this dataset.
To determine the number of dimension d, we use bootstrap to select the dimen-
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sion based on Ye and Weiss (2003), and BIC type criterion proposed by Zhu, Miao
and Peng (2006). We re-sample n = 300 dataset without replacement and the stan-

dardized covariates, and we obtained a number of 500 bootstrap estimates EI;I X>
b=1,...,500 based on our method. To measure the distance between the data
estimator §y| x and bootstrap estimator §l;| x» we adopt the vector correction co-
efficient ¢ (Hotelling, 1936) and use arccos(q) as a measure, see more details in
Ye and Weiss (2003). The mean of bootstrap distance measure arccos(¢?) is re-
ported in Table 3. From Table 3, the case of d = 2 has the smallest value and then
we suggest the dimension in this dataset is 2. The BIC type criterion proposed
by Zhu, Miao and Peng (2006) also suggests that the dimension is 2. Now we
use our method to this dataset and use the bandwidth 2 = n—'/2 here, the two di-
rections are ,él = (—0.11,0.73, —-0.59,0.14, —0.15, —0.20, —0.09, —0.07)" and
B> = (0.01, —0.55, —0.43,0.68, —0.13, —0.15, 0.05, —0.08). The first two es-
timated direction indicate that the three predictors X»-engine displacement (cu.
inches), X3-horsepower and X4-vehicle weight (Ibs.) are of dominating effects.
The plots of Y against ﬁf X and ﬁzf X are shown in Figure 1. Figure 1 presents
the scatter plot with the response Y-miles per gallon and the first two estimated

Table 3  Bootstrap mean of arccos(@b) between TS\Z;‘X and gy‘x

d=1 d=2 d=3 d=4 d=5 d=6 d=17

-1/3 219695  14.1481 203936  14.9362 155745  20.5963  30.1306
—1/2 228674 142178  21.6424 149306  15.4797 203341  28.8257
—4/5 248663  14.1931  21.8925 147187 156498  21.5143  27.2937
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Figure 1 Cars data. The left panel, the scatter plots of Y against the first direction. The right
panel, the scatter plots of Y against the second direction. The origins of cars are denoted by “+” for
American cars, “o” for European cars and “-” for Japanese cars.
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directions. In the left panel plot, the response Y has a linear trend in the first direc-
tion for American and Japanese cars. In the right panel plot, the response Y has a
slight linear trend in the second direction for European and Japanese cars and has
no trend for American cars.

5 Discussion and further research

This paper gives a topic of the estimation procedure for dimension reduction by
using the conditional density function. We present the asymptotic results of the
proposed estimators and investigate the numerical performance. We can study the
proposed methods in this paper to consider the estimation in the divergent parame-
ters (Wu and Li, 2011; Zhu, Miao and Peng, 2006) and variable selection problems
(Chen, Zou and Cook, 2010). One can also use the proposed methods in this paper
to consider the measurement errors data (Li and Yin, 2007), longitudinal data (Bi
and Qu, 2015; Li and Yin, 2009), missing data (Ding and Wang, 2011; Guo et al.,
2014) in a future work. The research for this topic is ongoing.

Appendix

In this section, we give the proofs of our main results. Without loss of generality,
in the following we assumes EX = 0.

A.1 Proof of Theorem 2.1

Proof. Invoking the assumption of that the conditional density function of Y |X
being the same as that of Y|B* X, that is, fy|x(y|x) = fy|prx(y|B*X), when the
linear condition (2.5) of X holds, we have

E[Xfyx(y|X)] = E[Xfy|p:x (y|B* X)]
= E{E[Xfyp=x(y|B" X)|B" X]}
= E{fyp=x(y|B"X)E[X|B" X]}
= E[fripx (y|B"X) PpX] = PRE[X fy)prx (Y| B X)].

where Pgp(Xx) = B(B'SxB)"!B*Ty. From the expression (A.1), we see that

E;lE[Xfyp((le)] C Sy|x. Fan, Yao and Tong (1996) shows that E(K,(Y —
MIX =x)— fyix(ylx) as h — 0, n — o0o. Using this results, we have

Dy (y) = E[XKp(Y —y)| = E{XE[Kx(Y — y)|X]}
— E{Xfyix(y|X)} = E[Xfyp-x(y|B*X)]
= PRE[Xfyp=x(y|B*X)] = Dpg(y),

(A.1)
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that is, E;th(y) — E;lDB(y) C Sy|x as h — 0, n — oo. If we take Y as an
independent copy of Y, then we obtain that the kernel matrix Vj;, = E;l Dyxy! =
S EDPPINNEY — = EIDGP(V)IZE' = Vi C Syjx. So that V), will
seek out the central subspace Sy|x as h — 0, n — o0. ]

A.2 Proof of Theorem 2.2

Proof. Step 2.1 In this step, we prove the consistency of the estimator Dy.

. 1 ronon _ _
Dh:ﬁzzlzl(xi—x)(Xj—Xth(Yf—Ys)Kh(Yf—YS)
i=1j=1s=

n

I (A.2)
=ml<.z un((Xi, Yi), (X;,Y;), (X5, Ys)) + Ry
<i<j<s<n
A0
:anDh+Rn,
where a,, = ("_1,)1# and
uh((Xiv Yi)a (X]a YJ)’ (XS’ YS))
1 T T
=6[(Xin+Xin)Kh(Yi —YS)Kh(Yj—YS) (A3)

+ (Xi X + X X[ )Kn(Yi — Y )Kp(Yy —Y;)
+ (XjXST + XSX;)K;,(YJ —Y)Kn(Ys = Y))].
From expressions (A.2) and (A.3), we see that bﬁ is a U —statistics with symmetric
kernel uy, (-). Furthermore, as h — 0, n — 00,
Eup((X1, Y1), (X2, Y2), (X3,Y3))
= E{Eu,((X1,Y1), (X2, Y2), (X3, ¥3))|(X3, Y3)}
= E[D?*(v3)] = E[DY*(Y)]
— E;{Ex[Xfyi5rx(YIB"X)|Ex[X" fy;-x(Y|B"X)]|Y}
= PLE;{Ex[Xfyip-x(Y|B"X)|Ex[X" frip-x(Y|B"X)]|Y} Pp
= E[D$*(Y)] = D3,

where Y is an independent copy of Y, Pp = B(B'SxB)"!B™Zy, and Ex(-)
stands for taking expectation about X and E(-) stands for taking expectation

about ¥. Since Euy((X1, Y1), (X2, Y2), (X3, Y3)) — Dy, thus, ED, — Dg. By
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.. ~0 P
the convergence of the U -statistics, we have D, — D g. Moreover, a,, — 1, then

~0 P
apDy — Dp.

Next, we prove R, = op (1) in the following.

1 n n n _ B _
R, = s Z Z Z[(X@)Z —X; X" — XX;)Kh(Yi — YO Kn(Yj —Yy)]
i=1j=1s=1

1 & _ ~
T Z§[(Xi —X)(X; = X)"Kn(0)Kn(Y; — Y)]
i=1j#i

| _ _
+—= [(Xi —X)(Xj — X)"Kp(0)Ky(Y; — Y))]
n3 ,2,; ’ ! (A4)

12 -
+ SN X — P2 K (Y — Yy)]
i=1s#i

12 -
+— Y (X — X)®K7(0)]

i=1

= Rln + R2n + R3n + R4n + RSn-

- N
Note that EX =0, then ,/nX = Op(1). Similar to proof of the consistency of D b
we have

_ 1 n n n
Rin=XT33 "% > Kn(¥i = Y)Kn(¥; = ¥y)
i=1j=1s=1

1 n n n ~
+ [n_3 Z Z ZXiKh(Yi —Y)Kp(Y; — Ys)]xf
i=1j=1s=I (A.S)

_ 1 n n n
+ X[n—3 YD Y XiKn(Yi — YO Ku(Y) — YS):|

i=1j=1s=1

op(%).

It follows that

Roy = KO [i 3OS (XXT — X KT — XXT — XK, (Y, — Yp}

i=1j#i (A.6)
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The analysis of R3,, R4, are similar to Ry, and will be OP(ﬁ). For Rs,,
K021 o _ I
Rov = oz 200 = %) 0r(33): (A7)
Based on (A.5)—(A.7), provided h — 0and nh — occasn — 0o, R, =op(1).
Step 2.2 Note that Sy = 1 57 (x; = X)82 L iy, then Sy — Tx = 0p(1).
We have proved that i)h — Dp=o0p(l), then
Vi—Vp=3y'D2" — ;' Dyt
=3 (Sx - 20 ' DpEy + 251Dy — D) Sy AS)
+ 35 D2y (Bx — Sx) Ty
=op(1),

which indicates that f/h i> Vg C Sy|x, and we have completed the proof of
Theorem 2.2. OJ

A.3 Proof of Theorem 2.3

Proof. In this section, we drive the asymptotic distribution of V.. Based on (A.8),
(Vi —Vp)
=Vn(2x' D2y - 55 DpEyY')
=32 WnEx — S0 23 Dp S + 25 'Wn(Dy — Dp) S
+ 2y DS Vn(Ex - 2025

First, we derive ﬁ(f)h — Dp) as a sum of i.i.d. random variable and an asymp-
totic negligible part. According to (A.2), (A.4) and (A.6)—(A.7), if /nh> — 0 and
/nh — 0o, we have

Vn(Dy, — Dp)

. 0
= \/E(anl)h + Rip — DB) + N/E(RZn + R3, + R4y + Rsy)

A 0 A 0 ~0 1
= Vn(a,(D), — ED}) + Ri,) + v/n(a, ED), — D) + 0P<W>

0 (A.9)
= Vn(ay(D;, — ED;) + Ri,)

+ O(ap+/nh? +\/'(an—1))+0p<fh>

~ 0 ~0
:an\/z(Dh - EDh) + \/ﬁRln +op(1).
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40
Note that D), is a U-statistic, and by Hajek projection (Serfling, 1980), we have
N O A O 2 0 A O . . .
Jn(D, —ED,) = ﬁ Y P E(D,I(X;,Y;) — ED,]+ op(1), which implies

Vn(Dy, — Dp)

1 & .0 .0
= —SNVE(D,|(X;,Y))—ED,]|+ 0 L —1 1
ﬁ,;[ (D, I( ) w]+ O0p(Vn(a )) +op(1) (A.10)

1 < . 0 . 0
= —S[E(D}I(Xi, Y))) — EDy] + 0p(1).
Vi
We calculate the second part 4/nRy, in (A.5). Based on (A.5),

1 n n n _
ViR, = [73 DD D XiKn(Yi — Yo K (Y — m]ﬁf

i=1 j=1s=1

_ 1 n n n . 1
+ﬁX[n—322 3 XTKn(Yi — Yo Ki(Y; - Ys)} +0s(2).

i=1j=1s=1

The analysis of n% 1 2?21 Y1 XiKp(Y; — Y)Kp(Y; — Yy) is similar to D,
and is expressed as a sum of U-statistic and a negligible part. Note that

E[X1Ky(Y1 — Y3)Kp (Y2 — Y3)]
= PLEG{Ex[Xfyipx(YIB*X)]g(Y)} + O(h?)
= E{Dp(Y)g(V)} + O(h?),

where g(-) is the density function of Y. Then, we have

ViR, = E{Dg(Y)g(V)}v/nX" + /nXE{D5(Y)g(Y)}
+op(1).

(A.11)

Together with (A.10) and (A.11), we have
(D), — Dp)
1 & . . .
= 5 LAED)IX 1) ~ EDy + E[Dp(DIXT (A1)

+ X E{DR(Y)g(V)}]+op(1).
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o A p
Second, the \/n(Xx — Tx) = ?:1(X1‘®2 —2x) —i—oP(ﬁ). Note that Dj, —>

1
>
Dp and ﬁ]x i) Y x, then

ViV = V) =Vn(25' Dy 2y — 25 'Dpzy)

1 _
= ﬁzlemx,-, YHEx' +op(1),
=1

where
Ty(X;,Yi)
= (XP? - Tx)Zx ' Dp + DpEy (XP? - £x)
A0 A0 L (A.13)
+E(D,|(X;,Y) — ED; + E{Dp(Y)g()} X}
+ X, E{D}(V)g(V)}.
Note that {T,(X;,Y;),i = 1,...,n} are i.i.d. random variables. For any a €

pp+l)

R™2 and a #0, if a* Cov(vech(Zngh(Xl, Y])E;I))a — aaz >0as h —
0, n — oo , the CLT theorem entails that ﬁa’(Vech(E)}]Th(Xi, Y,-)E;(l) —

Vech(S3 ' ETH(X:, ¥)25")) - N(0,02), and we write it as

SV, — V) L. (A.14)
We have completed the proof of Theorem 2.3. O

A.4 Proof of Theorem 2.4

Proof. In this section, we get the asymptotic distribution of the nonzero eigen-
values of V. Denote A1 > Ay > --- > A; is the distinct eigenvalues of positive

semi-definite matrix V p with the multiplicity of A; being m;, i = 1,...,/ and
mi +mo + - - -+ m; = p. There exists orthogonal matrices Q such that
Al 0 ... 0
. 0 Ay, ... 0
Q' Vs0= : : .. :
0 0 coo My,

From the results (A.14), we have /n(Q° Vi0— 0"V50) N O"HQ, and we
partition Q7 V0 in the similar way of Q7 V 5 Q as

Vir Ve oo Vau

Vit Voo oo Vi

QrﬁhQ: . . . .
Vauor Varr . Vau



868 Zhang, He, Lu and Wen

We define that A(A) stands for the vector of ordered eigenvalues of A, that is,
denoted as A(A) = (A1(A), A2(A), ..., Ak(A))", and let 1,,, € R™ stand for the
vector of ones for i =1, ...,/. Applying the result of Theorem 3.1 in Eaton and
Tyler (1991), we have

AV — Ay,

e . AVi22) — Aolp,
ViM(QTV,0) —A(QTVEQ)=+/n : +op(1).

)‘(Vn,ll) - )‘llml

Since /(QTV40 — 0TV 50) 2> OTHQ, we have

Vioir  — Ay, Hin

Vo — A2l ~ Hoo
Y72 Il (RN T e

Vaur — My, Hi

where H = (7:113 ;) is the partitioning of Q" H Q in blocks of order m; x m ;. More-
over, the eigenvalue vector A(A) i§ a continuops function about matrix A, and Q is
an orthogonal matrix, then A(Q*V;,0) =A(V}y), A(Q*V Q) = A(V ). We have

)\(75[1 1)
. A(H22)
L
VH((V3) = A(V ) = :
A(Hi)
We have completed the proof of Theorem 2.4. U

A.5 Proof of Theorem 2.5

Proof. For any vector e is orthogonal to Sy|x, satisfying e’e = 1. Note that
‘A/hl;j :):jl;j,jzl,,,_,k,then

Jaeth; = e b,
Aj
1 . A Aj _5‘] T %
=—c¢ \/E{Vh—VB}bj-i- —e \/E{Vh—VB}bj

j i

1 A N 1 N
=+ X_jer\/ﬁ{Vh — VB}{bj — bj} + T\/ﬁetVBbj

J

— Ip,1 + In,2 + In,3 + In,4-
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Using the proof of Theorem 2.3, we have
ViV = V)= IZZ T (Xi, Y) Bk +op(1),
where T, (X;, Y;) is defined in (A.13), then

1 _
Ze S Th(Xi, Y25 b +op(1).

[l 1

Here, {e" Xy Th(Xl, YDXy lb Y 1arelld random variables, and if the limit of

variance e* Cov(Xy Th(Xl, Yi)Xy b j)e—>e*Wie>0ash— 0,n— oo. The
CLT theorem entails that

Iy =/ne"{Vy, — Vglb; =

Iy —5 N0, e"Wie). (A.15)

Next, we show [, 2, I, 3, 1,4 are op(1). Theorem 2.4 entails that )ALJ- =Aj +
OP(ﬁ)’ and using I, 1 = Op(1), we have

by Or( )
In 1=

)\. —
ki hjOg A+ Op()

Op(l)=o0p(1). (A.16)

In,2 ==

By the perturbation theory and Vh = Vg + op(1), we obtain 13j =b; +op(l),
and then

1 N N
I3 = ;erx/ﬁ{Vh —VeHb;j —bj}=O0p(H)op(l) =0p(1). (A.17)
J

As e is orthogonal to Sy|x, and Vg C Sy|x, then e" V 3 =0, and also

n4—)\ Vne'Vgh;=op(1). (A.18)
J

Together with the result (A.15)-(A.18), we have

Jnehi =1+ L+ Ii+ Iy = I + op(1) == N(0, " Wje).

We have completed the proof of Theorem 2.5. U
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