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ABSTRACT

The class of single-index varying coefficient (SIVC) models is
an important extension of varying coefficient models and has
proved to be remarkably useful in data analysis. The model
selection in such class is essential but challenging due to the
complicated structure of SIVC models. In this thesis, we take
on this challenge and develop a novel iterative approach for
model selection in SIVC models. Based on the ideas of ker-
nel smoothing, penalised least squares with SCAD penalty
and group selection, the proposed iterative approach can si-
multaneously select and estimate the SIVC models. Asymp-
totic properties of the proposed iterative approach are also
established, which justify the proposed approach theoreti-
cally. Intensive simulation studies conducted in this paper
illustrate the efficiency of the proposed iterative approach.
Finally, we apply the SIVC model and the proposed model
selection method to an environmental set from Hong Kong
and a housing dataset from Boston, both of which lead to some

interesting findings.
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CHAPTER

INTRODUCTION

Variable selection is an important topic in statistics with
wide applications in diverse disciplines, such as econometrics,
epidemiology and computer science.

The traditional approaches, such as stepwise selection
procedures and best subsets regression, suffer from several
limitations especially when the number of potential variables
is big. Apart from the expensive computational cost, stepwise
regression neglects the stochastic errors in the variable selec-
tion process which leads to a somewhat poor interpretation of
its theoretical properties while the best subsets regression is
an unstable procedure, see Breiman (1996).

The penalised likelihood/least squares approach emerged
as a promising alternative and have been well studied, as it

possesses many advantages over the traditional approaches.
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With an appropriate penalty function, the penalised approach
would automatically select significant variables and estimate
coefficients simultaneously. In the family of L, penalised
least squares, the ridge regression associated with L, penalty
are proposed by Frank and Friedman (1993) and base on L4
penalty, the least absolute shrinkage and selection operator
(LASSO) are proposed by Tibshirani (1996, 1997). Boyd and
Vandenberghe (2004) developed the proximal gradient descent
(PGD) algorithm to solve LASSO and other L, based penalised
methods. Efron et al.(2004) proposed an efficient algorithm,
termed as least angle regression (LARS), which can be used
to generate the full set of LASSO solutions with a minor
modification. Yuan and Lin (2006) studied and proposed effi-
cient algorithms for the extensions of the LASSO for selecting
the grouped variables. Although LASSO enjoys considerable
nice properties, it is inconsistent with variable selection as
the resulting penalised estimator is biased. Zou (2006) pro-
posed the adaptive LASSO to overcome the inconsistency of
the LASSO. The smoothly clipped absolute deviation (SCAD)
penalty proposed by Fan and Li (2001) also enjoys the oracle
properties if the regularization parameter is appropriately
chosen; namely, the resulting penalised estimators perform
as well as the estimators if the true underlying model were
known in advance. Furthermore, Fan and Li (2001) extended

the penalised least squares to likelihood-based models and
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established a unified algorithm to solve both the penalised
least squares and penalised likelihood via local quadratic ap-
proximations. Hunter and Li (2005) proposed an algorithm
termed minorize—maximize (MM) to optimise the penalised
likelihood for a broad class of penalty functions and estab-
lished the convergence and other theoretical properties of MM
algorithm. Based upon local linear approximation, Zou and Li
(2008) developed a one-step sparse estimation procedure for
optimising the penalised likelihood which can alleviate the
computational burden without losing statistical efficiency.

Much literature about the application of the penalised like-
lihood/least squares approach on diverse high-dimensional
models has emerged in the last two decades. See Fan and Lv
(2008), Fan et al.(2009), Bickel et al.(2009), Wang and Xia
(2009), Stefanski et al.(2014), Wang, Peng and Li (2015), Fan
et al.(2015), Li, Ke and Zhang (2015), Fan and Lv (2016),
Zhang et al.(2016), and the references therein.

The existing literature mainly focuses on linear models,
varying-coefficient models, and additive models. The pre-supposed
parametric linear models may ignore the dynamic feature
in the data set and often be too unrealistic to work well in
analysing some complex data. Instead, varying coefficient
models loosen the linear restriction and let the constant co-
efficients evolve with certain characteristics to describe the

varying relationship between the response and covariates.
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Varying coefficient models are remarkably useful in exploring
the dynamic patterns of the impacts of covariates in data anal-
ysis and has gained popularity in modelling and forecasting
non-linear time series, analysing functional and longitudinal
data during the past decade. The substantial amount of lit-
erature includes Chen and Tsay (1993), Carroll et al.(1998),
Kauermann and Tutz (1999), Hastie and Tibshirani (1993),
Cai, Fan and Yao (2000), Cai, Fan and Li (2000), Zhang and
Lee (2000), Fan and Huang (2005) and Fan and Zhang (2008).
The works about the hypotheses testing of the model include
Fan and Zhang (2000), Fan, Zhang and Zhang (2001) and Li
and Liang (2008).

Although varying-coefficient models are defined in slightly
different forms from diverse statistical contexts, a typical
varying-coefficient model is assumed by most previous work
that

Y: =X/ f(Z) +e;, (1.1)

where (X;,Y;) is the i-th observation (1 <i <n), Y; € Rl is the
response variable, X; = (X;1,...,X;q)' € R? is the d-dimensional
vector of covariate, Z; € R! is often called the index which is
collected from the observations, the random noise €; € R! are
independent identically defined with E(e; | X;,Z;) = 0 and co-
efficient vector £(-) = (fi(-),..., f2(-))T € R? are the vector of

unknown functions of the index. And specifically, in this def-
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inition of varying-coefficient model, the index Z is assumed
to be a known variable which is chosen from the covariates.
Since the varying coefficient models are locally linear models,
it is reasonable to employ kernel polynomial smoothing to
estimate, see Hoover et al.(1998), Wu et a/.(1998), Xia and Li
(1999) and Fan and Zhang (1999).

However, it is often not very clear which variable should
be chosen as the index in practical application when it comes
to the analysis of complicated data. Instead of selecting the
index variable in the light of experience, it would probably be
more sensible to estimate it from the data. Fan, Yao and Cai
(2003) proposed the single-index varying coefficient (SIVC)
model to solve the problem by generalising the index as a
linear combination of covariates. Therefore, the index is set
to be Z; =X/ p e R, i = 1,...,n, where the index coefficient
p € R? is unknown and estimated by data. Then, the SIVC

model assumes that
Y; =X/ fX{p)+e;. (1.2)

The value of SIVC model has gone beyond the exploration
of dynamic pattern. It is also a notable approach to ameliorate
the "curse of dimensionality” in nonparametric modelling, see
Fan and Zhang (2008). Meanwhile, the SIVC model substan-
tially enlarges the modelling capacity, because it assumes the

index to be unknown and estimated by data.
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Although the SIVC model is equipped with numerous ad-
vantages, due to its sophisticated structure, it would be diffi-
cult to obtain satisfactory estimators without model selection,
especially in the high dimensional situation. In most high
dimensional SIVC models, only a handful covariates signifi-
cantly contribute to the response variable or index variable,
and hence it is necessary to consistently obtain the estimates
admit sparsity. With this in mind, selecting the significant
components of the model and eliminating the irrelevant com-
ponents correctly is essential.

In fact, model selection in the semi-parametric models has
been extensively studied in the literature. For instance, Lin
and Zhang (2003), Fan and Li (2004) and Li and Liang (2008)
extend the penalised estimation methods (e.g., SCAD) to select
the significant sub-model in semi-parametric models. Wang
et al.(2008) and Wang and Xia (2009) use group selection to
select the significant variables in modest dimensional varying
coefficient models. More recently, Song et al.(2012), Cheng et
al.(2014), Fan et al.(2014) and Liu et al.(2014), Li et al.(2015)
apply the group penalised method to select the significant
covariates and estimate the functional coefficients for the
high dimensional varying coefficient models. Therefore, we
are motivated to establish a more specific penalised approach
that can automatically select the significant components and

simultaneously estimate the relevant parameters in SIVC
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model.

In this thesis, based on the ideas of kernel smoothing, pe-
nalised least squares with SCAD penalty and group selection,
we proposed an iterative approach to select the significant
varying coefficient f(-) and the relevant direction  in SIVC
model, thereby simplify the model used. We term this selection
procedure as model selection. In the meantime, our proposed
selection approach is able to detect the functional coefficients
with zero derivatives, which can be used for identifying the
constant coefficients. To sum up, the proposed model selection
has threefold aims: variable selection, index specification and
the identification of the constant coefficients. Additionally,
the proposed approach also applies to the computation of the
penalised estimators for SIVC.

The thesis is organized as follows. We begin in Chapter
2 with a literature review on local polynomial modelling, pe-
nalised least squares, generalised information criterion and
varying coefficient models. Chapter 3 describes the SIVC
model and develops an iterative procedure for the estima-
tion of the model. This also aids as a helpful stepping stone
for the demonstration of the methodology in the following
chapters. In Chapter 4, we propose an iterative approach for
model selection and estimation for the unknowns in the SIVC
model. Chapter 5 is devoted to the selection of the bandwidth

(smoothing parameter) and tuning parameters (regularization
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parameters). Chapter 6 provides the asymptotic properties of
the proposed model selection and lists the necessary technical
conditions. The performance of the proposed model selection
and estimation procedures is assessed by simulation stud-
ies in Chapter 7. In Chapter 8.1, we apply the SIVC model
together with the proposed iterative procedures to analyse
an environmental data set from Hong Kong. This real data
analysis will explore which pollutants and environmental
factors significantly affect the number of daily total hospital
admissions for circulatory and respiratory problems in Hong
Kong and the dynamic pattern of the impacts. In Chapter 8.2,
we analyse another real data example on a Boston housing
data set to explore how the collected factors affect the me-
dian value of owner-occupied homes in Boston. In Chapter
9, we gives the proof of theoretical results. In particular, the
Chapter 9 are mainly from my submitted paper "An Iterative
Approach for Model Selection in Single-index Varying Coeffi-
cient Models" and are the joint work with Prof. Efang Kong
and Prof. Wenyang Zhang.



CHAPTER

LITERATURE REVIEW

In this chapter, the literature we shall review is fourfold. The
first part presented in Section 2.1 is about the local poly-
nomial modelling, which is the fundamental technique for
fitting the SIVC model (1.2) in our thesis. Secondly, in order
to avoid overfitting and to select the true model in sparse
SIVC models, we will introduce the penalised least squares
approach with smoothly clipped absolute deviation (SCAD)
penalty (Fan and Li, 2001), the relevant literature is reviewed
in Section 2.2. Thirdly, since determining how to select the
tuning parameters (regularization parameters) involved in
the SCAD penalty is essential to consistently identify the
true model, we refer to Fan and Tang (2013) for the study
on generalised information criterion (GIC). A brief review on

GIC shall be given in Section 2.3. In the end, we will review
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some existing work on the statistical methods with varying

coefficient models in Section 2.4.

2.1 Framework of local polynomial
modelling

In this section, we will review the framework of local poly-
nomial modelling. Belonging to the family of nonparametric
modelling, local polynomial regression does not assume a cer-
tain functional form of a regression problem. Instead, the
regression functions are left unspecified and determined by
data. This approach can be successfully applied to describe
an unknown function, which could assess whether a para-
metric method is appropriate or not. This technique is such
a useful tool that it can be applied in broad aspects, which
include, among others, non-linear time series, generalised
linear models, quantile regression and generalised partially
linear single-index models.

Before outlining the local polynomial regression, we first
introduce a motivating example concerning a motorcycle data
from Schmidt et al.(1981). Two variables are contained in the
dataset: the time (in milliseconds) after a simulated impact
and the head acceleration, serve as covariate X and response

Y, respectively. Figure 2.1 gives the scatter plot diagram of

10
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this dataset. We intuitively find that the observations appear
nonlinear, but to gain more insights, we would like to initially
fit the data by a linear regression. Assume that (x;,y;), i =
1,...,n, is the observation collected from the i-th subject. We

fit the data by a global linear regression
y; = Qo+ a1x; +error,

and report the resulting estimator in Figure 2.2. As illustrated
in the first plot of Figure 2.2, the global linear estimates yields

a very large modelling bias.

Figure 2.1: Scatter plot for motor data

Motorcycle data
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A commonly used approach to fit the nonlinear phenomena

is the polynomial regression. We consider some examples of
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polynomial fits as follows:

Vi = a0+a1xi+a2x?+€i, (2.1)
Vi = Qo+t a1x; + agx? + agxf’ +€;, (2.2)
Vi = Qo+ a1x; + agx? + agx‘? + a4x§1 + €;, (2.3)
where €1, - ,€, are independently and identically distributed

N(0,0?) random errors. (2.1), (2.2) and (2.3) refers to quadratic,
cubic and quartic polynomial regressions respectively. Figure
2.2 shows the estimated curves from them. It can be seen
visually that, compared with linear regression, the quadratic,
cubic or quartic fit may reduce the modelling bias to some ex-
tent, but leads to an estimator with larger variance. Besides,
the polynomial models also suffer from the drawback that
the remote individual observations can impact largely on the
curve.

There are several approaches to overcome the issues of
polynomial models. One idea is to apply polynomial model
locally to a strip of data around the point that needs to be esti-
mated. We term this method the local (polynomial) modelling.
One of the most important hyper-parameter in this modelling
is the size of the local neighbourhood, which is called the
bandwidth.

To provide more insights into this technique, we apply
the local polynomial approximation to an independently and
identically distributed bivariate samples (X1,Y7), - ,(X,,Y,)

12
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Figure 2.2: Motorcycle data fitted by polynomial regressions
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form a population (X,Y). Assume that the data is generated
from the model
Y =mX)+o0(X)e, (2.4)

where E(¢) = 0,Var(e) = 1, and ¢ is independent of X. We wish
to fit the unknown regression function m(xg) = E(Y |X = x;)
and its derivatives m(xg), m(xg), -, mP(xy). Suppose that the
(p + 1)th derivative of m(-) exists at the point x,. Consider a

Taylor expansion for the unknown function m(x) for x in a

13
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neighbourhood of x,

. m(xo)
i) =m(xo) + o) — o) + —o >~ x0)°
(p) '
M) )P, 2.5)
p!
We can treat m(xg), m(xg), - ,m®(xo) as unknown parameters

that need to be estimated. From this point of view, we use the

notation: 0
mY(x
( O):ﬁja fOI'j:O,].,"‘,p,
J!

which allows us to rewrite (2.5) as

m(x) = Bo + B1(x — x0) + Balx —x0)” + -+ + Bplx —x0)”.  (2.6)

To obtain the estimators of unknown parameters, denoted by
,30, /31, e ,Bp, it suggests minimising a locally weighted least

squares regression

2
n p .
Z{Yi—Zﬁj(Xi—xo)‘]} Kp(X; —xp), (2.7)

i=1 j=0

with respect to §;, 7 =0,...,p, where A is a bandwidth, and
K;(-) = K(-/h)/h is a kernel function (a symmetric probabil-
ity density function) assigning weights to each observation.
Based on the estimates f3 i, we can obtain the estimator of func-
tion m(x) and its derivatives m®(x¢) by 11,(x0) = v! ,30 for each
v=0,---,p. Using the notations in Fan and Gijbels (1996), the

14
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weighted least squares problem (2.7) can be rewritten in the

matrix notation as

mﬁin(y ~-XB)' W(y—Xp),

where
1 (X1—x9) -+ (X1—x0)"
X=1: : : ,
1 (Xn—xo) (Xn—xo)p
y:(Yl,...’Yn)T,
ﬁ=(,30,'°-,,3p)T,
and

W =diag{K, (X1 —xo),...,Kn(X, —x0)}.

It follows from least squares theory that the solution is given
by

B=X"WX) X Wy. (2.8)

To consistently and effectively fit the data by local poly-
nomial regression, it is necessary to choose an appropriate
bandwidth &, because it controls the model complexity. A
small bandwidth leads to low bias but high variance. A large
bandwidth gains on variance side but loses on bias side. Intu-

itively, we search for a bandwidth which can provide a good

15
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trade-off between bias and variance. Figure 2.3 illustrate this
statement by applying the local linear model to the motorcycle
data for a variety of bandwidths. We can see from Figure 2.3
that when a very large bandwidth is used, the fit almost yields
global linear estimates. Conversely, once A = 0 was used, the
estimator exactly interpolates the data points. When the band-
width is chosen to be A = 3.3, the local linear regression gives
a much more accurate fitting, and hence produces a much

smaller approximation error.

Figure 2.3: Local linear regression with different bandwidths

50

Head acceleration
-50

-100

Time

NOTE: Local linear estimates with bandwidth h = 0 (dotted line), 3.3
(dashed line) and infinity (solid line). With the increasing of h,

the estimated curve becomes simpler

A theoretical optimal choice of bandwidth is obtained

16
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by minimizing the conditional Mean Squared Error (MSE),

which is the sum of conditional bias and conditional variance
[Bias(r71,(x0)|X)]? + Var(r,(x0)|X),

where X =(X4,...,X,). In the practical implementation, band-
width can be selected by cross validation or generalised cross
validation (GCV), and it may be sufficient for some purposes
to choose A to be around 25% of the whole range of data.

To deal with the problem of bandwidth selection, it is of
importance to have a good insight into bias and variance. The
conditional bias and variance of § can be obtained from (2.8)
that

EBIX) = XTWX) X "Wm
B+X'WX) ' X'r (2.9)

And
Var(pX) = X'WX) X" ZX)X"WX) ! (2.10)

where m = {m(Xy),---,mX)}T, B = {m(xg),---,mP(xo)/p!}T,r=
m — Xf, the vector of residuals of the local polynomial regres-
sion, and X = diag{K,zl(Xl —x0)0%(X71),... ,K%(Xn —x0)02(X,)}.
Due to the unknown quantities r and X, the expression (2.9)

and (2.10) cannot be directly used. The study from Ruppert

17
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and Wand (1994) provides a solution to use a first order asymp-
totic expansion for the bias and variance to approximate the
conditional bias and variance, which is given in the following
theorem. The theorem is directly quoted from Fan and Gijbels
(1996). We use the following notation:

uj=fqu(u)du, vj=fqu2(u)du, S = +1)o<j1<p;

S =Wjr+10=ji<p, S =Wjs1+1)0<ji1<pb8Y,
T ~ T
Cp = (up+1a' ot )H2p+l) , Cp= (,up+2:' o au2p+2) ’

€u+1 :(07”' )O,]-’O)”' 70)T7

where e,.; has a 1 on the (v+ 1)’k position. 0,(1) denotes a

random quantity that is tending to zero in probability.

Theorem 1. Assume that f(xy) > 0 and that f(-),mPV(.) and
0?(-) are continuous in a neighbourhood of xo. Further assume
that h — 0 and nh — oco. Then the asymptotic conditional

variance of m,(xq) is given by

A ot adasadt v1202(x)
Var(mv(xo)lx) = eU+IS S™S ev+1f(x0)nh1+2v
1
T0p (nh1+2v)' (2.11)

18
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The asymptotic conditional bias for p —v odd is given by

o _ v!
Bias(ii,(xo)lX) = e,,,S 10Pm

+0,(RPT17Y), (2.12)

m(p+1)(x0)hp+1—v

Further, for p —v even the asymptotic conditional bias is

v!
S (p+1)!
f (o)
f (x0)
+0,(hP*?7Y) (2.13)

Bias(ri,(x0)|X)=e] ., mP*2(xy)

+(p +2)m(P+1)(x ) }hp+2—v

provided that f(-) and m®*?(-) are continuous in a neighbour-

hood of xy and nh3 — oo.

We can find from the above theorem that there is a theo-
retical distinction between the cases p —v odd and the p —v
even. Indeed, it turns out later that odd order fits are always

superior to even order fits.

2.2 Penalized least squares

The penalised least squares approach is one of the most widely
used selection and shrinkage method. This approach attempts
to simultaneously select significant variables consistently and

estimate the corresponding coefficients effectively. In this

19
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section, we will compactly review the penalised least squares
and the smoothly clipped absolute deviation (SCAD) penalty.

Start with considering the linear regression model

y=Xf+e€

where y=(y1,...,v,)" is an n x 1 vector, X = (x1,---,X4) is an
n x d design matrix of covariates, f=(f1,...,B84)" isand x 1
vector of parameters to be estimated and € is an n x 1 vector
of random errors.

The penalised least squares (PLS) assumes that

min | Ly~ X + Z PAIBD}, (2.14)
ﬁeIR

where p,(-) is a penalty function allowed to depend on the
tuning (regularization) parameter A = 0. The first terms in
(2.14) measure the goodness of fit while the second terms
control the complexity of the model. Hence, we can regard the
minimizer of (2.14) as a trade-off between bias and variance.

To gain the insights about the variable selection proce-
dures more accessible, we consider the specific case of a canon-
ical linear model with a rescaled orthonormal design matrix,
i.e., X"X = nl;. With this in mind, the penalised least squares

(2.14) can be rewritten in a minimisation problem as follows:

1 T
min{s-lly =X+ JIB-PIE+ Y paiD).  (2.15)
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where = (XTX)'X"y =n X"y is the ordinary least squares
estimator. Since (2.15) can be minimised in a component-
wise manner, we consider the minimisation problem of the

univariate penalise least squares for brevity

1
G —0)?+ p,(10)), (2.16)

with respect to the parameter 6, where z is the univariate
ordinary least squares estimate. Then, we can obtain the
penalised estimator 6 by solving

A

1
b= argmeln{g(z _0)2+ pA(IQI)}. (2.17)

According to the rule provided by Antoniadis and Fan (2001),
the penalty function p,(:) in (2.17) can be clarified as a good
penalty function if the corresponding penalised estimate 0

can fulfil the following three requirement:

* Sparsity. If the true parameter |6| is small, the corre-

sponding resulting estimate will be 6 = 0.

* Approximate unbiasedness. When the unknown param-
eter |0] is sufficiently large, the resulting estimate gives
6 = z with high probability.

e Continuity. The resulting estimate 6 is continuous in

data z.
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More generally, the sparsity refers to the property that the
resulting estimator can automatically shrink the small esti-
mated coefficient to zero and thus reduce model complexity.
Approximate unbiasedness is the property that the resulting
estimate is nearly unbiased especially when the unknown
parameter is large. Continuity represents the property that
the resulting estimator is continuous in the data. Fan and
Li (2001) also provided some insights on the choice of ideal
penalty functions, which included a conclusion that a penalty
function holds the sparsity conditions must be singular at the
origin.

Continuing on these lines, we can assess some of the most
commonly used penalty functions. As a member in the family

of L, penalties, L, penalty

/12
pA(z) = EI(Z #0)

produces the hard thresholding estimate 6 = zI(|z| > 1). Fig-
ure 2.4(a) and Figure 2.5(a) visually describes L, penalty. It
can be see that the resulting estimate does not satisfy the
continuity. Another well known penalty is the L; penalty
(LASSO) (Tibshirani, 1996) p,(|68|) = A|0|, which yields the

soft thresholding estimator

0 =sgn(z)(|z| — A),.
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We depict the thresholding estimate in Figure 2.4(b), from
which we can intuitively find that the resulting estimates pro-
duce biased solutions. Additionally, the convex L, penalties
with p > 1 are not singular around the origin, and hence they
fail to enjoy the condition of sparsity. Consequently, None of

the L, penalties can hold all three aforementioned conditions

at the same time.

Figure 2.4: The penalty functions
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NOTE: Plot of penalty functions of (a) Lo penalty, (b) Lipenalty and
(c) SCADpenalty.
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As such, one successful attempt, proposed by Fan and Li

(2001), is the smoothly clipped absolute deviation (SCAD)
penalty, whose derivative is defined by

(aA—H)+
a—a LO>h

for some a > 2 and 6 > 0,

pL@)=AMIO <L)+

where p;(0) = 0 and a is suggested to be 3.7. It fulfils the
foregoing three conditions and, particularly, modifies the bias
problems of convex penalties. We gives more insights into this
statement by Figure 2.4(c) and 2.5(c).
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Figure 2.5: The thresholding functions

(a) Hard (b) Lasso

(c) SCAD

10

"o 5 0 5 10
z

NOTE: Plot of thresholding function for (a) the hard, (b) the soft and
(c¢) the SCAD. The plots are quoted from the Figure 2 in Fan and
Li (2001)

Moreover, Fan and Li (2001) established the asymptotic
properties to show that the resulting estimator of SCAD
penalty performs as well as the oracle estimator with proba-
bility tending to 1. Here, the oracle estimator represents the

estimator obtained from the correct sub-model.
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Although the SCAD penalty enjoys many appealing prop-
erties, solving the penalised least squares (2.14) with a non-
convex penalty function is challenging. To solve the minimisa-
tion problem, Fan and Li (2001) developed a unified algorithm
via local quadratic approximations (LQA).

We assume that a given initial value g° = (,6(1), e ,Bg)T is
close to the optimizer of (2.14) and we set f; =0 if ﬁ? is close to
0. Then, the penalty function p,(-) can be locally approximated

by a quadratic function as

e 1PA(BGD
palB;D= pallfD+3 5

The derivative form of this approximation is given as

[B3-(BN*1,  for ;= BI. (2.18)

[p2(18;D1 = p’(18;Dsgn(B) = {ps, (1871871} B
With this quadratic approximation (2.18), the penalised least
squares problem (2.14) is reduced to a quadratic optimisation
problem and admits a closed-form solution. Note that one
drawback of LQA is that once a coefficient is shrunken to zero
in any iteration, it will remain zero. To overcome this potential
issue, Zou and Li (2008) developed a unified algorithm based

on the local linear approximation (LLA):

pa(B;D = pa(B3N+pi(B;DIBI =181, for B; = Bi.
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It has been demonstrated in Zou and Li (2008) that the LLA
does not have to eliminate any small parameters or select the
size of perturbation and the LLA naturally yields a sparse
estimates through continuous penalisation. Like LQA, the
LLA algorithm can also significantly reduce the computation

burden.

2.3 Tuning parameter selection by
Generalised information

criterion

In the previous section, we have discussed penalised least
squares with SCAD penalty, which is illustrated to be a re-
markably potent shrinkage and selection method. However,
many advantages and notable features of the SCAD approach
largely depend on a proper choice of the tuning parameters.
Traditional model selection criterion includes cross-validation,
Akaike information criterion (AIC) (Akaike, 1973) and Bayes
information criterion (BIC) (Schwarz, 1978). Wang et al.(2007)
showed that tuning parameters determined by the BIC could
consistently identify the true model for SCAD approach in
fixed dimensionality, while AIC and cross-validation may fail
because of overfitting. Although a modified BIC still work

successfully in diverging dimensionality, when the dimension
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of covariates is larger than the sample size, it may fail to
select the correct model with consistency and efficiency. To
solve this problem, the study of Fan and Tang (2013) allows
the dimensionality d increase exponentially with the sample
size n and proposed their generalised information criterion
(GIC) to select the tuning parameter in high dimensional pe-
nalised approach. In Nishii (1984), a generalised information

criterion can be expressed as follows:

measure of model fitting + a,, x measure of model complexity,

(2.19)
where a, is some sequence that controls the regularization
on model complexity, and thus the choice of a,, is significant
for detecting the optimal tuning parameter. In AIC and BIC,
a, in criterion (2.19) is 2 and log(n), respectively. Fan and
Tang (2013) specified a range of a,, for consistent and effective

model selection and proposed a uniform choice
a, = log{log(n)Hog(d)

in GIC (2.19) for practical implementation.

2.4 Varying coefficient models

The varying coefficient model is an important generalisa-

tion of the linear model whose coefficients are allowed to be
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functions with respect to some random variable U. The non-
parametric estimation in varying coefficient model has been
well studied in much existing literature. In this section, we
provide a concise review of varying coefficient models.

A typical varying coefficient model assumes the following

conditional linear structure

d
Y = Z (U)X +e, (2.20)
k=1
for the univariate index variables U, covariates Xi,---,Xy

and response variable Y with
EelU, X1, -,Xq)=0, Var(e|lU,X1, -,Xq)=0*U).

And we note that it is possible for us to consider an intercept
by setting X; = 1.

Because of the varying coefficient model is equipped with
good interpretation, it can be applied to explore the dynamic
pattern in many scientific areas where statistics are needed.
For instance, in longitudinal data analysis, the coefficient
functions f3(:), k =1,...,d, present the dynamic impact of the
corresponding covariate on the response variable over time.
When it comes to the estimation of these functional coeffi-
cients f;(-), we can directly fit them by the kernel regression
locally around the index U.

Suppose that we have a sample (U;,x;1,...,%4,Yi), I =
1,...,n from (U,Xq,...,X4,Y) in model (2.20), then following
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the local linear smoothing in Fan and Zhang (1999), for each

given u, we locally approximate the function by

frlU)=ar+br(U;—u)

for U; in a neighbourhood of «. This leads to the local estima-
tion procedure with the smooth parameter (bandwidth) A as

follows

3

1=1 =1

9
lar, +br(U;, —u)lxiz } K,(U;-u) (2.21)

The locally weighted least squares (2.21) can be rewritten as
mein(y —X0)'W(y—X0)
where y = (yi,...,v,)" and

0= (al’bl" e ?a’d’bd)—r’

W = diag{K, (U, —w),-- , KU, — w)},

x11 x11(Ui—uw) -+ x14 x1,(Ur—u)
X =
Xn1 Xp1(Up—u) <+ Xpg xnp(Un —u)

The solution is given by the least squares theory that

0=X"WX)"IX"Wy
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and the estimate of coefficient function f(u) is
Frw) = egy_1 oo XTWX) ' X Wy (2.22)

where e; ,, is the unit vector of length m with the j—th com-
ponent being 1.

In traditional varying coefficient models, the index vari-
able U is given to be known. For the purpose of ameliorat-
ing the "curse of dimensionality", we introduce the single
index model (Hardle and Stoker, 1990) to incorporate with
the varying coefficient models. The single index models can

be expressed by the following basic form
Y =f(X"By,....X" B0,

where X is a d dimensional covariate, Y is the response
variable, g is an integer smaller than the dimension d and
€ is the random error. Hence, the known index U is replaced
by the linear combination of covariates and index direction f,
which takes the form B'X. By assuming the index coefficient
P is unknown and estimated by data, Fan et al.(2003) explored
the adaptive varying coefficient model (or single index varying
coefficient model).

Specifically, suppose that we are going to estimate a mul-
tivariate regression function G(x) =E(Y | X =x), where Y is a
random variable and X is a d x 1 random vector. The adaptive
varying coefficient linear model in Fan et al.(2003) which can

be one way to approximate G(x) follows the model structure
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d
gx) =) fr(B'x)xs (2.23)
k=0

where x = (x1---x4) ", %0 = 1, B € R? is the vector of unknown
index parameters and coefficients fo(-),-:-, f4(-) are unknown
functions. We obtain the estimators of coefficient functions
fz(-) and index parameters f such that E{G(X) — g(X)}? is min-
imised. we remark that once B has successfully been fitted,
model (2.23) becomes a varying coefficient model (2.20) which
can be estimated via the aforementioned local liner regres-
sion.

A crucial theorem for the identifiability of the functions
f1(-) are developed in Fan et al.(2003). We quote this theorem

as follows:

Theorem 2. Assume g(-) of the form (2.23) to be twice differ-
entiable, if we set ||B|| = 1, and the first non-zero component of
B, positive, such a P is unique unless g(-) is of the following
form

gx)=a'xp'x+y'x+c, (2.24)

where a,y € R%, ¢ € R are constants and « and B are not
parallel to each other. Moreover, once B =(B1,...,Bq) has been
given with Bq # 0, we may let f4(-) = 0. Accordingly, all the

other f1(-) are uniquely determined.
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It follows from the Theorem 2 that, in model (2.23), ||l = 1
and the first non-zero element of f is positive. To avoid losing
the uniqueness of the index parameter f, it also assumes that
the unique least squares approximation g(-) of G(-) should not
be formulated in the form (2.24), and hence by letting  # 0,
they only consider an approximation g(-) in the following

form:

d-1
gx)=> fr(f'x)xs. (2.25)
k=0

In Fan et al.(2003), they not only search for f(-) based on the
local linear regression, but also give an estimation procedure
for B. As one product of this thesis, we propose an iterative

estimation procedure for fitting the model (2.25).
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CHAPTER

ESTIMATION FOR SINGLE-INDEX
VARYING COEFFICIENT MODELS

In this chapter, we first describe the SIVC model. Then, based
on the non-parametric estimation, we develop an iterative
algorithm to estimate the model. Exploring this algorithm
has threefold purposes. Firstly, it yields an efficient approach
to solve the varying coefficient model whose index is un-
known. Secondly, it helps us to gain insights into the iterative
shrinkage estimation procedures which will be generalized in
Chapter 4. Thirdly, in our simulation studies, we also employ
this penalty-free iterative procedure to estimate the true sub-
model directly to obtain the oracle estimates, which will be
used as a benchmark to evaluate the estimation accuracy of

our proposed penalised approach.
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3.1 Model specification

Let Y denote the response variable, and X = (X1, --,X,)' be
a real-valued d x 1 covariate vector with a compact support &,
where T denotes the transpose of a matrix. In a single-index
varying coefficient model (SIVCM), it is assumed that for any
X =(x1,--,xq) €9, the regression equation g(x)=E(Y|X=x)

admits the following structure:

d
gx) =) frlx' Bo)x, (3.1)
£=0
where xo =1, f2(-),k =0,---,d, are unknown functions, and
Bo=Bo1, ", Poa) € R? is the unknown index parameter. For

identification purposes (Fan et al., 2003), if we choose || §,l =1,
the first non-zero component of B, positive and give g # O,
then by setting f;(:) =0, we can make sure that f;(-), k € Sy =
{0,1,---,d — 1} are uniquely determined, in which case (3.1) is

then rewritten as

d-1
gx) =Y fux' By)xz, (3.2)
k=0

and without loss of generality, it is assumed that ||l = 1,
Po1 > 0, and Bog # 0. Throughout this thesis, we assume all
functions f3(:) are continuously differentiable. For any % € Sy,
denote by fi(-), the first order derivative of f3(-).

In this chapter, we focuses on the estimation of , as well
as of the functions f(-), k€ S).
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3.2 Methodology

In this section, we outline the approach for estimating the
direction f, and functional coefficients f;(-) in model (3.2).
We remark that once the true value of index parameter S,
is known, model (3.2) becomes the a typical varying coeffi-
cient model with a known index z =x' f§,, whose coefficient
functions can be estimated via local linear regression. Hence,
We will first explore the local linear estimators for f.(-) with
given f, in Section 3.2.2, and then extend the idea to an itera-
tive procedure for fitting f(-) when f, is unknown in Section
3.2.2.

3.2.1 Estimators for functional coefficients
fr(-) with known g,

Let (X;,Y;),i =1,,...n, be independent identical distributed
observations with the same marginal distribution as (X,Y)
with X; = (X;1,---,X;q)". If the true value of B, is known,
then for any given x, the estimation of {f,(x" B,), fr(x' By},
k=0,...,d—1, can be based on the following Taylor expansion

in a neighborhood of x' B, with

fr(z) = fk(XTﬁo) + fk(XTﬁo)(z - XTﬁo)-
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We define £ = (fo(x" By), ..., fa—1(X" By), Fo(X" B, .., fa—1 (X B))T
€ R2d and write Xi = [Xi(),Xil,...,Xid_l]T € Rd, with XiO = 1.
Then, the estimator of f with the condition that f, is known

can be obtained by minimizing

Qx(f| o) =— Z{Y ~-X! £7K,(X] B,), (3.3)

with respect to f € R2?, where K;(-) = K(-/h)/h is a probability
density function with the kernel function K(-), 4 is a smooth-

ing parameter, such that 4 — 0 as n — o0, X;x = X; — X, and

[XT (XT ﬁO)XT]T R2d

Following this idea, estimators of f; = ( fO(X;.r Bo),-.., fd_l(XJT By
,f'O(XJTﬁO),...,f'd_l(X;.rﬁO))T e R?? j=1,...,n can be obtained
by implementing n individual minimization of (3.3) with x
replaced by X;. Then, we consider the local linear estimates
for f; with the condition that f, is known. This leads to mini-
mizing the double summation of weighted squares

1
n2

Q(F| By = ZZ{Y - X £ Ku(X] By, (3.4)

with respect to F = (fy,...,f,)" e R"*?¢ with f; = (fO(XJTﬁO), e
fa1X] By), foX] By, fa-1X] By))" where X;; =X;-X; e R?

and
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X;; =X/, X} p)X/1" e R*.

We can rewrite (3.4) in matrix notation as

12 - ~
~) (Y- X)) WY -X/f)), (3.5)
=1

J
where Y = (Yl,...,Yn)T € Rn, Xj = (le,...,f(nj) € [Rden and
W, = diag{K, (X By), ..., Kn(X;By)} € R"*". By least squares

theory, the resulting estimators f ' 1s given by
t; = WD UKW,Y),

and hence we obtain the estimators F=,,....f,)".

With this in mind, it is natural to extend the idea to the
case when the index parameter f is unknown. However, it’s
hard to directly work out the estimators for f;(-) and f from an

analytic formula, and hence we explore an iterative approach
in Section (3.2.2).

3.2.2 Iterative approach for the estimation
of SIVC models

In the previous section, we discussed the minimization prob-
lem of the locally weighted function (3.4). Now, we consider a

similar case but with an unknown index parameter f, . We
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define the following discrepancy loss function

1 & & .
LEF,p)=— ) D Vi-Xf VKX ;P), (3.6)
j=li=1
with respect to F=(f;,...,f,)" e R"”2? and B=(B1,--,Bq) €
RY.

The estimators F and ﬁ are obtained by solving
F, B) = argrgiﬁn ZL(F,P), (3.7)

subject to the constraints that ||f|| = 1, 1 > 0, which are
assumed for the identifiability purpose. A global minimum of
the target function (3.6) cannot be derived directly, instead,
we consider an iterative computational algorithm to solve the
problem. We remark that it is feasible to implement such an
iterative approach, as in each step of the iterative procedure,
there exists a closed form solution.

Before the iterative procedure, we should specify an initial
estimate B of B,. It can be expected that a reasonably good
initial value B will lead to well performed estimators. We will
discuss whether the estimators are sensitive to the choice of
initial estimate B in the simulation study in Section 7.1.

In order to solve (3.7), we consider the following iterative

procedure. Start with an initial estimate § of §:

1. Step 1: We estimate F = (f;,...,f,)" by solving
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F= arngin ZL(F|P). (3.8)

The estimator denoted byF = (fy,...,f,)" € R**2¢ in (3.8)
is the minimizer of the following quantity
1 n n
— Z Z {V; - X £ KX ), (3.9)
with respect to F = (fy,...,f,)" € R"*??, where X;; = [X],
(XiTjii)f(iT]T e R?? and X; =[1,X1,...,X; q_11". The double
summation (3.9) can be rewritten in the matrix notation

as
—Z(Y X)) WIY - Xf)),

n ;=1
with respect to F = (f,...,f,)T € R*2? with f; = (fO(XJTii),

.,fd_l(XJTB),fO(X}ﬁ),...,fd_l(X]TB))T, where W; is an
n x n diagonal matrix with K h(XL.Tjii) as its i-th diago-
nal element, X; is an 2d x n matrix with X;; as its i-th
column and Y = (Yy,...,Y,,)T. It follows from the least
squares theory that,

£, = (X, W, X)) (X;W,Y),

and thus we obtain the estimator F = (fl, An)T Before
next step, we define two d x 1 vectors @; and b; as @, =
(fo(XJTﬁ) fa- 1(XTﬁ))T andb = (fo(XTﬁ) fd—l(XJTﬁ))T,
thereby £; = (@1,b)".

J27J
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2. Step 2: By applying the estimator ¥ = (f,...,f,)" with
f'j =(a a; ,bJ )T, j=1,...,n, from Step 1, we now search

for the estimator for B, denoted by B, by solving

p= argmﬁin LB, (3.10)
the estimator B is the minimizer of the function

LI = ililm X a;- X[ b;X] BIK,(X], ).
T (3.11)
with respect to B =(B,...,8)" € R?. It worth noting that
P not only appears in the in the least squares part of
the target function (3.11), but also involves in the kernel
function. Therefore, it is hard to directly derive a closed
form from the quantity (3.11). To deal with this situation,
we consider the following approximation for the double
summation in (3.11) as
JZILZ{Y ~Xa;-X/bX| pPK,XLB), (3.12)
with respect to B. It can be seen that in the kernel func-
tion of quantity (3.12), we use the estimate f from the
last step to replace the unknown parameter fi. Then,
P only involves in the least squares part, and hence it
is feasible to obtain a closed form solution. Unlike the

local estimator F which is obtained via the local linear
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smoothing, the parameter f should be estimated glob-

ally. We first rewrite the minimisation problem as

A

p= argmln—z Z{cij—Bijﬁ}2wij, (3.13)
j=li=1
where
=Y;,-X/a,,
T _wT% d

Bij = XinJ-XL-J- = X;er(Xl —Xj)T eR 5

and
Wij = Kh(X;I;i;) = Kp((X; — XJ)Tﬁ)

In order to formulate the double sum of weighted squares

in (3.13) into a traditional weighted least squares, we

construct an n? x 1 vector C, an n? x d matrix B and an

n? x n? diagonal matrix W as follows:

_ T
C —(Cll,...,Cnl,Clg,...,an,...,Cln,...,Cnn) ’

_ T
B = (B117~°',Bn17B12y~°'aBn2,~°'7Bln7~°'>Bnn) ’
W= dlag{wll,...,wnl,wlz,...,wng,.. .,wln,...,wnn}.

Then, it leads to a minimisation problem of a traditional

weighted least squares as follows:
p= argmﬁin(c —Bp) 'W(C —Bp).

Hence, following from least squares theory, the solution
is given by
p=OB"WB) (B 'WC).
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According to identifiability condition assumed in (3.7),
the estimator B should be rescaled to satisfy the con-
straints [|f|| =1, 1 > 0.

Then, we go back to Step 1 and replace the estimate f

with the scaled ii and repeat the two steps until convergence.
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MODEL SELECTION IN
HIGH-DIMENSIONAL SIVC MODELS

In SIVC models, when the dimension of the covariates is fixed
and limited, we can obtain the resulting nonparametric es-
timators through local linear smoothing as we discussed in
the previous chapter. However, if the covariates is of large di-
mension, because the number of the unknown nonparametric
components involved may be exceedingly larger than the num-
ber of observations, a direct use of nonparametric modelling
may lead to unsatisfactory estimation results. To address this
issue, we next introduce a locally weighted group selection
method by adding the SCAD penalty to the previous iterative
approach to select an efficient predictive model, and thereby
to obtain the resulting estimators.

In this chapter, we focus on the main subject of the thesis:
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the model selection in high-dimensional SIVC models. Specifi-
cally, our model selection includes three aspects: (i) variable
selection; (ii) identification of the constant coefficients; (iii)
specification of the index.

It is worth noting that variable selection and identifica-
tion of the constant coefficients are equivalent to detecting
the zero functional coefficients and the functional coefficients
with zero derivatives respectively. Specification of the index
is equivalent to identifying the zero-elements of index pa-
rameter B. In Section 4.1, we give the description of high-
dimensional sparse SIVC models. In Section 4.2, we demon-
strate the methodology of an iterative computational algo-
rithm for simultaneously selecting and estimating the SIVC

model.

4.1 Model specification

Suppose that Y is the response variable, and X = (X1,---, Xy )"
i1s an d, x 1 covariate vector. We assume that d,, — oo as
n — oo and d, is of order O(n%) for some 0 < a < 1. For any
x = (x1,-+,%q,)', the regression equation g(x) = E(Y |X = x)

admits the following structure:

dn
gx)=) fix'P)xs, (4.1)
k=0
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where xo =1, f3(-),k=0,---,d,, are unknown functions, and
B =(B1, - ,Ba)" € R is an unknown vector of index para-
meters. Let §4, #0, it follows the identification condition in
model (3.2), to uniquely determine f,(-), k€ Sy =1{0,1,---,d, —

1}, we rewrite (4.1) as

d,-1
gx) =) fux'Plxy, (4.2)
k=0

with f; >0 and | ]| = 1.

It is also assumed that the model (4.2) is a sparse high-
dimensional model and, ideally, only a handful predictors
contribute to the response or to the index. Therefore, without
loss of generality, we assume that there exists a positive inte-

ger do which is smaller than d,,, and two subsets S; and Ss
of Sy, such that

,Bk?f(),kzl,“‘,do,dn; ﬁk:O,k:d0+1,"‘,dn_1;
S1={k:k€Sy, fr(-)is not constant}; (4.3)
So=1{k:keSy, fr(-)=cp, for some c; # 0}.

For any % € Sy, denote by f3(.), the first order derivative of
f:(.), and let

my = E[|,X" B)I1, my, = E[If X" B)I],

where the expectation is taken with respect to X. Conse-

quently, ke S1 o {m;,>0,m; >0}, ke Sy o {m, >0,m;, =0}.
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In this chapter, we shall focus on identifying which ele-
ments of f are zero, and also, among f3(-)s, k£ € Sy, which are
in fact constants or even zero and giving accurate estimates

for those nonzero parameters.

4.2 Methodology

Here we introduce the model selection and estimation for
SIVC models. The procedure we are going to introduce is a
mixture of the ideas of penalised least squares, local linear ap-
proximation and group selection. In a similar way to Section
3.2, we initially present our idea on the condition that the true
value of index parameter f§ is known, in which the model selec-
tion actually becomes selection of the varying-coefficients. By
adding appropriate penalty functions to the locally weighted
function (3.3), we describe the penalised least squares and
obtain the resulting estimators for functional coefficients f%(-)
in Section 4.2.1. Then, we extend the idea to the case that f
is unknown. In Section 4.2.2, we propose an iterative compu-
tational algorithm to simultaneously select and estimate both
fz(-) and B. At last, in Section 4.2.3, to improve the computa-
tional efficiency in the high dimensional situation, we slightly

modify the proposed algorithm to reduce its space complexity.
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4.2.1 Variable selection and penalised

estimators for functional coefficients
fz(:) with known f

Let (X;,Y;),i =1,,...n, be independent identical distributed
observations with the same marginal distribution as (X,Y)
with X; = (X;1,+-,Xi4,)". For any observation X;, j =1,...,n,
with the true S given, the estimation of {f}, (XJT B, fx (XJT [INE
0,...,d, —1, can be based on the following Taylor expansion
in a neighbourhood of X f with

X P~ X P+ X PX] p-X]p).  (4.4)
We rewrite the Taylor series (4.4) as:
fiX] B = ajp+bpX -X)'p,

where a j;, = fk(XJTﬁ), bir = fk(XJTﬁ), E=0,....,d,—1 and two

d, x 1 vectors a; and b; are denoted as

.
a;=(ajo,...,a;4,-1)

and
bJ' = (bj(), ceey bj,dn—l)T-

The local linear estimator of the 2d,, x 1 vector

f; = (foX]P),.... fa,1X] B), foX] B),..., fa,1X] B)T

-
= (aj0,..-,@jd,-1,050,---,054,-1)
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can be obtained by the minimization of the sum of weighted

squares

1& - _
;;{Yi—X?aj—<XZJ-ﬁ>XZbJ-}2Kh<x;ﬁ>, (4.5)

with respect to a;,b; € R where K;,(-) = K(-/h)/h is a proba-
bility density function, 4 is a smoothing parameter, such that
h—0 as n — oo, Xij:Xi—XjERdn and

Xi =[1,X;4,... ’Xi,dn—l]—r € Rd".

The problem with this approach, which is inherent to
nearly all least square based methods, is that for the zero
elements in f;, their estimates derived from minimizing (4.5)
are often not zero. To deal with this issue and produce sparse
solutions, so that zero or constant functions could be iden-
tified, we combine (4.5) with the smoothly clipped absolute
deviation (SCAD) penalty function first proposed in Fan and
Li (2001), the derivative of which is such that

(ad - t)+I

pAB =M=+ =

(t>A)}, t>0,

for some constant a > 2, and a regularization parameter A;
see Fan and Li (2001) for detailed discussions on the various

desirable properties of the SCAD penalty function.
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This leads to the following locally weighted group - SCAD
function for feature selection and identification of constant

coefficients

1 n n 5 _
QEIAP=—) ) ¥, -X[a; - X p)X] b,}’K,(X] )
j=1li=1
dn_]- dn—]_
+ Y palagD+ Y. pa, . (bwl),  (4.6)
k=0 E=0

with respect to the n x 2d,, matrix

a1, b
F = : = (a(o),...,a(dn_l),b(o),...,b(dn_l)),
a,, b,

where A = (Ag,14,... ,Agdn_l)Tis the 2d,, x 1 vector of regular-
ization (tuning) parameters and || - || stands for the Euclidean
norm. We note that the task of selection of varying-coefficient
becomes equivalent to detecting spares columns in matrix
(a0),---,ad,-1)), Which is the first d,, columns of matrix F.
Direct use of the SCAD method on model (4.2) for general
variable selection is not efficient, which leads to select far
more individuals than necessary; accordingly, in (4.6), we fol-
low the group selection idea of Yuan and Lin (2006) to identify
the sparse solutions in (a),...,a(,-1)) in a column-wise man-
ner. Analogically, we also apply the group selection idea to

select f1(-), which is equivalent to identify sparse solution in
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matrix (b(),...,b,-1)) in column-wise manner. Consequently,

we can obtain the penalised estimate ¥ by solving

F= argminQ(F | 1, B). (4.7)

In order to deal with the SCAD-type problems, we need to
introduce a computational algorithm. For the purpose of sim-
plicity and completeness, we here apply an algorithm based
on the idea of the local quadratic approximation proposed by
Fan and Li (2001). In (4.6), the penalty function with respect

to a(z) can be locally approximated by a quadratic function as:

/ 0
10, (lag,l)
N 0 LagID o 0 \T .0
palawlD = pa,Ulag, |+~ lag ae) —(ag) ag,l,

2 [l

for a;) ~ a?k),
(4.8)
where a?k) is an initial value that is supposed to be close to
the minimiser a;) of (4.6). If a?k) is very close to 0, we directly
set a;z) = 0. Alternatively, the local quadratic approximation

of the first derivative of a(;) can be given by

P’ (Ilag 1D

0
1%,

[pa,(lagD]' = EIE

Similarly, the the penalty function with respect to b, and its
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first derivative can be locally approximated by

1p;tk+dn(llb(k)ll)
2 by,
x[bg, b — (b)) b(k)] (4.9)

p)L;Hd (”b(k)”) Np)Lk+d (”b(k)”)

and
ﬂtk+dn(| |b(k)| )

[pa,.. (baID] ~
Aran N GR) 0, I

b,

respectively.
Then, by replacing the penalty functions in (4.6) by the ap-
proximations (4.8) and (4.9), it leads to the following objective

function
1 2 -
Q(Fl/\,ﬁ)——ZZZ{Yi—XiTaJ-—(XiTJ-ﬁ)XT b Ky(X].B)
19ty A o 14t Py, (G
5 Z Ap)Ak) + 9 b(k)b(k)
k=0 ||a(k)|| k=0 ||b )”
+C, (4.10)

Where C stands for the constant terms when the initial values
a),, and b)), are provided.

We denote f; = (aJT,bJT)T € R%?» in other words, {fq),...,

foqa, -1} ={aw),---,aq,-1),00),---.,bw@,-1}- Then, in matrix no-

tation, the objective function (4.10) is equivalent to
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1 - .
QIF|A,p) = Y (Y- X}_fj)TWj(Y_ XJTfj)
Jj=1
1 n
+s Y £ SAFO; +C, (4.11)
J=1

with respect to F = (fy,...,£,)" = (fo),...,f2q,-1) € R**?¥ where
Y = (Yl,--'aYn)T € Rna WJ - dlag{Kh(X—lrJﬂO)a’Kh(X;lrJﬁO)} €

R FO = (f'?o),...,f?2dn_1)) is the initial value of F, X,- 1S an

2d, x n matrix as
X] = (le, oo ’XTLJ) with XLJ = [XlT’ (X;.r]ﬁo)i;r]—r’

and X,(F°) is an 2d,, x 2d,, diagonal matrix as

Py (1D Py, (1 D
e T e

(O)|| (Zdn—l)||

> 2(F%) = diag{

The solution of the penalised least squares (4.11) can be

found by computing the ridge regression
. S < n on-1%
fj = {XJWJX;I_ + §ZA(F )} XjoY,

and hence we obtain the resulting estimators F=(,....f)".
By applying the proposed penalised approach, the resulting es-
timators of insignificant coefficients are expected to be shrunk

to a very small value. Sequentially, in our implementation,
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we introduce an appropriate threshold which is used to auto-
matically reduce the very small estimators to zero, and thus
we obtain the final penalised estimator with sparsity. Specifi-
cally, assuming that the thresholds {61,605} are small enough,
if [[ap)ll, # =0,...,d, — 1, the Ly-norm of penalised estimator
a(), 1s smaller than 6,, we set ||a)|| = 0 which is equivalent
to shrinking the estimator of 2 -th coefficient f.(-) to zero.
Analogously, if IIf)(k)II < 03 but the corresponding ||a,)|| = 09,
we will consider the & -th coefficient f,(-) as constant, whose

resulting estimator can be approximated as
" 12
frC)==2 ds.
ni4

We remark that, in the foregoing algorithm, a reasonably
good initial value F? is very important for an efficient estima-
tion. Practically, in the iterative procedure described in next
section,we solve an ordinary locally weighted least squares
(3.4) before conducting the penalised approach, and then use
the minimisers of (3.4) as the initial values. From now on,
we call the minimisers of ordinary least squares as "prelim-
inary estimators"”, which serve as the initial values of our
penalised approach. With this in mind, we will specify this
method in Section 4.2.2. Meanwhile, it is natural to extend
the idea to the case when the index parameter f is unknown,
and hence we are also going to explore an iterative algorithm

for selecting and estimating the SIVC models in Section 4.2.2.
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4.2.2 Iterative approach for the model
selection and estimation of
high-dimensional SIVC model

In this section, we generalise our methodology of model se-
lection to the high-dimensional SIVC model (4.2) to select
a sub-model of important components, and thereby produce
accurate estimation.

Let

1 n n - -
L(F, ) = - Y Y vi-Xa; - XX/ b}’ K,y(X/ p). (4.12)
j=li=1
The penalised local weighted least squares for model selection

and estimation is given by

d,—1

QEF,BIA) = ZF,p+ ) pallagl)

k=0

dn_1 dn
+ 3 pag UbwID+ Y ps, (6D, (4.13)
k=0 k=1

with respect to = (81, +-,B4,)" € R% and

a;, by
F=| : : | =(aw),. .-, a@,-1),b0), - - -, b(d,-1)) € RnXZd;

a,, b,

where A = (19, A4,... ,Agdn_l,il, . ,idn)T is the augmented vec-

tor of the pre-specified regularization (tuning) parameters,
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and || stands for the L{-norm. The L-norm penalty induces
sparsity in the solution of f. It is worth noting that in (4.13)
we directly apply the SCAD method to select the index param-
eter B individually and apply the group selection method to
select the functional coefficients and their derivatives, namely,
we identify sparse solutions in f in a element-wise manner
but in matrix F in a column-wise manner.

Consequentially, the penalised estimators F and ﬁ can be

obtained by solving
F, B) = argr{%iﬁn QF,B|N), (4.14)

subject to the constraints that || || = 1, 81 > 0. As direct mini-
mization of (4.13) is hard to conduct, we propose an iterative

procedure for implementation purpose.

Start with an initial estimate B of B:

1. Step 1: We first work out preliminary estimators of the
functional coefficients using ordinary weighted least
squares which will serve as the initial values of the
penalised approach. The preliminary estimates, which
is denoted by F° = (ay,,,... ’ﬁ?dn—l)’f)?O)’ ... ,f)é’dn_l)) € Rn>2d
can be obtained by solving

FO = argmin £(F| p). (4.15)
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This leads to minimizing the double sum
l v *d T v Th 12 Tz
w2 2 LY~ Xy~ KLPXb VKGR, (416

with respect to {a;} and {b;}, j=1,...,n. X;; =X, -X; €
R and
Xi = [l,Xil, cen 7Xi,dn—1]T € [Rdn.

For brevity, we recall the pre-specified notation

%, =X, & px 1T,
Xj = (le,. .o ,an).

Then, (4.16) can be rewrite in the matrix notation as

1 . .
~) (Y- XTE) W (Y - X)),
=1

J

with respect to F = (fy,...,£,)" = (fo),...,foq, 1) € R**2dn,
where W; is an n x n diagonal matrix with K h(XiTjB) as
its i-th diagonal element and Y = (Y3,...,Y,)". It follows
from the least squares theory that,

f’? = (XjoXf)_l(XjoY),

and thus we obtain the preliminary estimator F° =
#2,....82)".
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2. Step 2: Based on the idea of the local quadratic approx-
imation and with the help of the preliminary estima-
tor F°, we solve the minimisation problem of the pro-
posed penalised weighted least squares along with group
SCAD penalty, and thus obtain estimators of the varying
coefficients, which denoted by F? = (?,...,))". Now, we

need to estimate

FP = arngin Q(F | A, B,F).

Specifically, we consider the following locally weighted
group-SCAD function with respect to F=(f;,....f,) =
(f(o), cen >f(2dn—1)) € RHXZd”Z

- 1 2 2 ~ o~ -
QEFIA.p)=— Zl Zl{Yi -X/a;- X pX] b y’K,(X]p)
J=li=

d,—1 d,-1
+ Y padlawiD+ Y. pa, (bl
k=0 k=0

(4.17)

By applying the quadratic approximation (4.8) and (4.9)
to the penalty functions corresponding to ||ag)|| and

lIb)ll, respectively, a new objective function can be de-
fined by
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1
n?

QEF|A,BF)==3 Y {V;-X/a;,- X pX/b,}*
j=1li=1

14,1 p) (118G, 1D
T Z (k) T
k=0 ”a(k)ll

P 1.0
]_dn 1p/1k+dn(||b(k)||) T

k=0 ||b(k)||

(4.18)

where C stands for the constant terms when the prelim-
inary estimator ¥° = (f‘l’, ... ,ﬁ)T are provided. Then, in
matrix notation, the minimization problem of (4.18) is

equivalent to minimizing
1Z - -
=Y (Y-X;£) " W(Y-Xf))

12 .
+§ZlfJTZ,1(F°)fj+C, (4.19)
J:

with respect to F = (fy,...,f,)" = (fo),...,foq, 1) € R**2dn,
where W; = diag{K, (X[ p),..., Kx(X] p)} € R* ", F° = (£,
: “’f?2dn—1)) = (é?o), . ’é?dn—l)’l:?O)’ ... ’b?dn—l)) is the prelim-
inary estimator of F and X,(F°) is an 2d,, x 2d,, diagonal
matrix as

ph (E,D Py, (g 4D

iyl [

3, (F°) = diag{

9ge ey

3
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The solution of the penalised least squares (4.19) can be

found by
A ~ ~ n A ~
= (X;W;X] + S TAEN X WY,

and hence we obtain the resulting estimators TP = (f’i’ yerns
2)T. Note that we have suppressed the dependency of

these quantities on A.

3. Step 3: By applying the estimator F? = (f’f .. )T with
f; = {(éf)T,(f)f)T}T, j=1,...,n, we now search for the

preliminary estimator for §, denoted by f°, by solving

p° = argmin L(IF), (4.20)
the estimator B is the minimizer of the function

L(BIFP) = %;ZI{Y -XTa? - XTbPX,) B1PK (X, P).
T (4.21)
with respect to g =(f1,...,B4,)" € R%. Note that § not
only appears in the in the least squares part of the target
function (4.21), but also involves in the kernel function.
In order to obtain a closed form solution, we follow ex-
actly the same way in section 3 by approximating the
target function (4.21) by
7 1 & ¢ CTal _WTROw | p2 T 7
LPIFN) =—3 ) Vi-X7 a7 -X[b)X,; B KX ;),

j=li=1
(4.22)
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where B is the estimator for B used in Step 1 and Step 2.

Rewriting the minimization problem yields
B’ = argmin— =3 Z{Cu B,fY’W;;, (423
j=1i=

where

Cij = Yi —X;rﬁf,
B, =X/ b’X,, =X/ B’ (X; -X,)",
Wi; = Kp(X{p) = Kp(X; - X)) ' ).

We next formulate the double sum of weighted squares
in (4.23) into a traditional weighted least squares. This

can be achieved by constructing an n? x 1 vector C, an

2

n? x d, matrix B and an n? x n? diagonal matrix W as

follows:
C=(C11y---,Cn1,C19s-3Cn2snvsClnserrsCnn) 5  (4.24)
B=(Bi1,..-,Bn1,Biz,-..,Bua,.. ., Biny .o, Bun) |,
(4.25)
W =diag{Wi,...,W,1,Wig,...,Wyo,...,Wy,,...,W,,}.
(4.26)

Then, it leads to a minimization problem of a traditional

weighted least squares

B’ = argmin(C - BS)'W(C - BP).
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Following from least squares theory, we compute the

preliminary estimator B’ = (ﬁ‘{, e ,Bfin) by

B’ =B"WB) (B"WC). (4.27)

4. Step 4: Using the estimates F? = (f7,..., )7 with f; =
{(éf )T,(f)f )T}T, j=1,...,n, we consider the minimization
problem of the locally weighted SCAD function defined

as

Q(ﬁlA,Fp) — iiiY XT’\p XprXTﬂ}ZK (X ﬁ)
n j=li=1

d,
+ Zp;k(lﬁkl), (4.28)
k=1

with respect to B =(B1,...,B84,)" € R%, where A = (14, ...,

idn)T € R% is the vector of tuning (regularization) para-
meters. According to the idea of local quadratic approxi-
mation, with given preliminary estimate iio = ( ,3‘{, ey ﬁgn),

the penalty functions in (4.28) can be locally approxi-

mated by
1py, 0D .
i UB) = p3, (B + 5 2 |59 — 1B B, (4.29)
for By, ~ 39,
in other words,
[p1,BDT = p"k(lﬁkl)ﬁk.
|5y
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Consequently, by (4.28) and (4.29), we define a new ob-

jective function

QBIAF?, B°) = %fZ{Yi—X -X7b7X! p1?
j=1li=1
1 dn 5 (B3N
KX B)+2 Y g,
2;:1 1B
+C, (4.30)

where C stands for the constant terms when the pre-
liminary estimator B’ = (,3‘{, e ,Bgln) are provided. Now,
we would like to calculate the estimator of §,denoted by
B’ = (ﬁf,...,ﬁzn) such that

B’ = argmin Q(p | AF? B (4.31)

Similar to the way in Step 3, to solve (4.31), we rewrite
(4.30) as

. no 1
QUIATFE) = 53 ) (Cij~Bipl' W,
dZ (BN

R _
N 2 B2+ C, (4.32)
2 k=1 |’Bk|

where
CiJ‘:Yi—XTAp
B, =X/ b'X] =X/b"(X; - X)),
W, = Kh(Xijﬁ) =K (X;-X))' B).
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With exactly the same notations (4.24), (4.25) and (4.26)
in Step 3, function (4.32) can be written in the matrix

notation as

A A0 1 ~0 _
QBIAF’, ) =(C-BS) W(C-Bp)+ §ﬁTZz(ﬁ )B+C,
(4.33)

where
50 ! R0
P’y (185D p;zdn“ﬁdn')}
i Ve

is an d,, x d,, diagonal matrix. The solution of the mini-

(B = diag{

mization problem of (4.33) can be found by
B’ = (BTWE + gz (B (BTWC). (4.34)

In terms of the identifiability condition assumed in
(4.14), the estimator p° should be rescaled to satisfy
the constraints ||"]] =1, ,3’19 > 0.

Go back to Step 1 and update the estimate B with the
scaled iip and repeat above four steps until convergence. Con-
cretely, in our implementation, the convergence condition are
defined as follows: when the estimates of index parameters
from the ¢-th iteration, iip(t), satisfy

Ap(t)  Ap(t-1) Ap(t)  Ap(t-1)
ﬁf —ﬁf 'Bdn _:Bd,,

Ap(t—1) e ‘ ap(t—1) ‘}
B pre

max <9

>
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where t =1,...,T is the t—th iteration in the procedures, and
9, a positive number close to 0, is a threshold, the iterative
procedure is convergence. Practically, we set the threshold of
convergence be 9 =0.01.

When the convergence condition has been fulfilled, we

obtain the resulting estimators form the iterative procedure,
which are denoted by B = (B1,..., ,Bdn)T € R% and

a;, by
F = ( : : ) = (5(0), ces ,é(dn—l),B(O), cee ,lv)(dn_l)) € Rnx2d’
d,, by
respectively.

By applying the foregoing iterative procedure, the result-
ing estimators of insignificant coefficients and irrelevant in-
dex parameters are expected to be shrunk to very small values.
Sequentially, in our implementation, we employ thresholds
to automatically eliminate the resulting estimators which
are smaller than the corresponding thresholds, and thus we
obtain the penalised estimator with sparsity.

Specifically, the implementation can be broken down as

follows:

1. We assume that the thresholds {6,05,03} is small enough
and there exists three subsets S;, Se and S5 of Sy =
{0,...,d, —1}. If ||lap,)ll, & € Sy, with respect to the coeffi-

cient f3(-), are smaller than 6, we set ||a)|| = 0 and the
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subset S5 as

Ss={k: k€S, llagll> 0}

2. If IIIV)(k)H, keS;5, with respect to the first derivative of
fz(-), is smaller than the thresold 65, it will be automati-
cally set to 0. Accordingly, we define the subsets S; and
So by

S1=1{k: k €Sy, llagl >0, |lbgll >0}
So=1{k: k€S, [l >0, bl = 0}.

To avoid the abuse of notation, we denote the ultimate

sparse estimates for coefficients f(:), k € Sy as
(A A 2 A x2d
F = (a(o),...,a(dn_l),b(o),...,b(dn_l)) e R" R

among which, for % € S’l, ﬁ(k) = é(k) and f)(k) = B(k); for
k€8s, ag) = ag) and by, = 0; the rest 4 and b, equal
to 0.

3. Similarly, assuming that S is the subset of S = {1,...,d,},
if |,Bk| <0s, k€S, we set ,Bk =0 and define the subset S
as

S={k:keS,p, =0}

Then, B becomes a sparse estimates for index parameter

pB. By rescaling [vi to satisfy the constraints ||f]| = 1 and
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f1 > 0, we obtain the ultimate sparse estimates for index

parameter 3, which are denoted by
ﬁ = (ﬁAl, eee ,3dn)—r.

It is necessary to point out that we have suppressed the
dependency of the ultimate estimates on A. Furthermore, it
can be seen that in the foregoing computational algorithms,
we shrink the irrelevant components of the underlying model
to zero only after the iterative procedure completed. This
implementation leads to a “double check” mechanism which
works as follows: if after an iteration a coefficient or an in-
dex parameter is shrunken to be insignificant, it still has
an opportunity to be reselected into the model in the follow-
ing iteration. Thanks to this mechanism, our algorithm can
overcome the main drawback in typical local quadratic approx-
imation, which is that once a coefficient is lessened to zero, it
will remain at zero. Meanwhile, since we do not eliminate the
insignificant components in each iteration, the algorithm is
not very sensitive to the choice of initial values, namely, the
choice of initial estimate B of B. We will show the ultimate
estimates are not sensitive to the choice of initial estimate in

our simulation study in Section 7.1.
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4.2.3 Modification of the proposed
algorithm

In the proposed iterative procedure, we notice that in solu-
tions (4.27) and (4.34) within Step 3 and Step 4, respectively,
the memory required for execution grows at order O(n?d,,). It
is acceptable to conduct the proposed algorithm in the mod-
est dimensional models, but in the high dimensionality, care
shall be taken from a computational point of view to avoid
exceeding the limitations of memory.

To address this issue, in practical implementation, we
consider a slight modification on computing two quantities
B'WB and B"WC involving in both (4.27) and (4.34). Based
on the notation (4.24) - (4.26), we first denote an n x d,, matrix

%Bj, an n x 1 vector €; and an n x n matrix #; as follows:

By; X[ b5 (X -X))"

%J' = ( : = : ,
B,, X b (X, -X;)"
Cij Y1 —XI&?

and

Wi=diag(Wyj,..., Wy} = diag{K,(X{B), ..., Kx(X, B)}.

J
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Then, (4.27) and (4.34) can be calculated using the following
equations

n

B'WB=) %8B W%, (4.35)
J=1

B'WC=) B WG, (4.36)
j=1

According to (4.35) and (4.36), we actually figure out (4.27) by

B =Y B w;B) (Y B WE). (4.37)
=1

J J=1

Similarly, in practice, we compute (4.34) by
A n n O n
B* = BB+ 5B 1(21@}7/4-9@-). (4.38)

In (4.37) and (4.38) the space complexity are reduced to
O(nd,), which is acceptable even in the high dimensional
situation. Moreover, as the trade-off between the space com-
plexity and time cost should be taken into consideration, we
do not apply an algorithm to reduce the space complexity to
O(1). The reason is, in programming, the time cost of most
algorithms applied for matrix multiplication is less than of

the nested loops.
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In this chapter, we will explore the selection of bandwidth and
tuning parameter. Both of them play a very important role in
our proposed approach.

Specifically, the objective function (4.13) in our algorithm
actually contains two parts which can be intuitively expressed

as follows:

Q(F,p)=2Z(F,p)+P(F,p),

where Z(-) is the loss function, which measures the fitting
of the model and P(-) refers to penalty functions or regular-
ization terms, which control the complexity of the model. In
our proposed method, the choice of bandwidth is rather cru-
cial to the model fitting and the SCAD penalty applied to
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control the model complexity relies on the proper choice of
tuning parameters. Moreover, both bandwidth and tuning pa-
rameter will simultaneously impact the model selection and
estimation, since both of these two hyper-parameters can con-
trol the trade-off between the bias and variance in resulting
estimators.

We will explore the selection of bandwidth in Section 5.1

and address how to choose tuning parameter in Section 5.2.

5.1 Bandwidth selection

In this section, we discuss the choice of the bandwidth A
involved in the estimation of f;(-) and f in SIVC model.

In order to select the bandwidth in a particular scale,
instead of directly tuning the global bandwidth A, we will
tune the percentage of the whole range of the estimated index
covered by the global bandwidth, which is defined as follows

h
H = ~ = ~ — x 100%
max{Z,...,Z,}—min{Z, - Z,}

where % is the value of global bandwidth and Z; = X/ B,i=

1,...,n, for a given estimate fi of .
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5.1.1 Sensitivity to the choice of bandwidth

By defining the relative bandwidth H, we are going to employ
a data-driven method to evaluate the performance of the
estimation with a sequence of bandwidth parameters from 0
to 100%.

Let (X;,Y;), 1 =1,...,n denote the observations, it states in
Fan and Gijbels(1996) that a theoretical optimal bandwidth
is obtained by minimizing the conditional Mean Square Er-
ror (MSE) given X = (X4,...,X,) or the conditional weighted
Mean Integrated Square Error (MISE) given X = (X4,...,X,,).
Accordingly, the criteria used for assessing the performance
of the resulting estimates are their MSE and Relative MISE.

Specifically, we employ MSE to measure the goodness of

the estimated index parameter B, which is defined as follows:

1Ldn

MSE = — (B — Br)?,
dlelkzlﬁk b

where ,32 is either the unpenalised estimator or the penalised
estimator from the /-th replication in a simulation, §; is the
true index parameter; and we evaluate the goodness of estima-
tors with respect to coefficients f.(-), £ =0,...,d,, — 1 in terms
of the relative MISE (RMISE), which can be approximated by

VISE < L Z[Z"’ 5127_11<fk(zj> fk<zj>>2]
l=1 Zk:O Z_’]l:lfk(zj)

b
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where f,ﬁ(-), k=0,1,....d,-1,1=1,2,...,L, is either the un-
penalised estimator or the penalised estimator of the 2 —th
functional coefficient in the / —th replication and z; = xf ii, Jj=
1,...,n.

Now, we use the grid-search approach based on a simu-
lation study to illustrate the relationship between different
bandwidth and the estimation accuracy, namely, to explore
the sensitivity of the estimation accuracy to the choice of

bandwidth. Consider the following example

Y; =2c0s(0.51Z;) + X;1 + 4exp(—ZH) X + €5, (5.1)
1
with Z; =X} B = 3(2Xi1+2Xiz+ Xia),

where X; = (X;1,X9,...,X;q)", for i = 1,...,n, are normally
distributed independent random vectors and noise ¢; are in-
dependent N(0, 1) random variables. The regression models
are based on the form (4.2) with = %(2,2,0, ., DT

We first consider the underlying regression model with a
modest dimension that d = 7. Then, we conduct simulations
on the model by applying the unpenalised approach developed
in Section 3.2.2 and the proposed penalised approach in Sec-
tion 4.2.2, respectively. We use a uniform tuning parameter
Ar =4 for selecting the coefficients f(-); and another uniform
tuning parameter Ag = 40 for obtaining the penalised esti-
mates of index parameters. The kernel function k() we used

through out this section and the following numerical analyses
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is Epanechnikov kernel K(¢) = 0.75(1 — t2),.. We simulate in
1000 datasets, each with the sample size n = 600.

The simulation results about how the choice of bandwidth
impact the estimation of index parameter f and coefficient
fx(-) are given in Figure 5.1 and Figure 5.2, respectively.

The finding from the results is threefold. Firstly, the choice
of bandwidth is essential, since in all the cases, either MSE or
RMISE can be remarkably reduced to a reasonable value by
a careful choice of bandwidth. Secondly, there indeed exists
the optimal bandwidth for penalised estimate of 8, which is
inside the range (0.15,0.35) and the optimal bandwidth for
penalised estimates of f(-) locates in the range (0.25,0.35).
Thirdly, the penalised estimators perform significantly better
than the unpenalised estimators and are more sensitive to
the choice of bandwidth.
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MSE

MSE

Figure 5.1: Sensitivity of MSE to bandwidth H
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NOTE: Simulation results: (a) sensitivity of MSE of penalised esti-
mates to H; (b) sensitivity of MSE of unpenalised estimates to H.
In both cases: solid line, estimate on the underlying model with

noise €;; dashed line, estimate on the underlying model without

noise.
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RMISE

RMISE

Figure 5.2: Sensitivity of RMISE to bandwidth H
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NOTE: Simulation results: (a) sensitivity of RMISE of penalised esti-
mates to H; (b) sensitivity of RMISE of estimates of functional
coefficients to H; (c) sensitivity of MSE of the estimates of index
parameter to H. In both cases: solid line, estimate on underlying
model with noise €;; dashed line, estimate on underlying model

without noise.
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Furthermore, we also execute a simulation on the underly-
ing model with dimension d = 20 by merely using penalised
approach to demonstrate the sensitivity of estimation accu-
racy to the bandwidth in the high-dimensional situation. Here,
we set an uniform tuning parameter for selecting the coeffi-
cients f(-), as Ar =5 and the other uniform tuning parameter
for selecting index parameters be 15 = 50. We also conduct
simulation with sample size n = 600 in a total of 1000 repli-
cations. The results are reported in Figure 5.3 and 5.3. From
these two figures, we remark that in the high-dimensional
model, both the optimal choice of bandwidth and the sensi-
tivity to the choice of this hyper-parameter are fairly similar
to the situation in the modest-dimensional model. The opti-
mal bandwidth for penalised estimates of f exists in range
(0.15,0.35) and the optimal bandwidth for penalised estimates
of f;() is in the range (0.25,0.35).

5.1.2 Bandwidth selection in practical
implementation

Since in the real dataset, the true parameters are unknown,
the MSE-criterion or RMISE-criterion discussed in Section
5.1 is unable to be applied.

The cross-validation is a possible way to select the band-
width. Wu et al.(1998) proposed to use this statistic to choose
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Figure 5.3: Sensitivity of MSE to bandwidth H in high-
dimensional situation
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the bandwidth.

However, it has been shown in Yang (2005) that cross-
validation is asymptotically equivalent to the Akaike informa-
tion criterion (AIC) and hence they share similar performance.
Meanwhile, it is also known that the hyper-parameters se-
lected by AIC may lead to overfitting (Shao, 1997). Therefore,
the cross validation cannot consistently identify the optimal
bandwidth, whose choice always leads to a relatively high
variance in the resulting estimates. The other shortcoming
is that the computational expense of a grid-search approach
based on cross validation is very high. From our experience, in

the high dimensional situation, the parallel computing should
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Figure 5.4: Sensitivity of RMISE to bandwidth H in high-
dimensional situation
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be applied to speed up the computation of cross-validation.
As it is supported by the empirical evidence in Section
5.1.1 that the ultimate estimates from our proposed approach
are not very sensitive to the choice of the bandwidth as long as
H is chosen to be within a reasonable range, we recommend
to follow the idea of Li, Ke and Zhang (2015) to choose the
bandwidth as H = 0.6(d,,/n)"? in the practical implementa-

tion.
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5.2 Selection of tuning parameter

Selection of the tuning (regularization) parameters is essen-
tial to the procedure proposed in Section 4 for the purpose of
model selection and structure specification. The tuning pa-
rameter vector A = (Ag, A1, ,/12dn_1,/~11,--- ,;ldn) 1s of dimen-
sion 3d,,, and to simultaneously choose a total of 3d,, tuning
parameters is very challenging. Therefore, we consider a 2-
dimensional problem about A = (A7,1p) € R?, which can be
selected by the generalized information criterion (GIC) pro-
posed by Fan and Tang (2013).

Since the non-zero coefficients of the models may consist
of both varying coefficients and the constant coefficients, we
need to work out how many constant parameters each func-
tional parameter amounts to. We follow the idea of Cheng,
Zhang and Chen (2009), which suggests that when sample size
n is sufficiently large, in the local linear fitting, an unknown
functional parameter approximately amounts to 1.0285714 !
constant parameters when Epanechnikov kernel is applied.
Consequently, the tuning parameters A = (Af,1p) € R? can be

selected according to the following criterion
GIC(As, Ag) = log(RSSy) + —= x (df +1.028571h71df), (5.2)
n
where

a, =log(log(n))log(1.028571h7'd,, + d,,),
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df is the number of significant constant parameters, df is
the number of the significant functional parameters and RSS)

1s defined as

12 d, . .
RSSA == {Yi— Y franX; Pay)xiet’.
ni-1 E=0
Then, the tuning parameter A = (A7,15) € R? is obtained by
A = argmin GIC(Af, Ap).
AfsAp

In the practical implementation, we apply an iterative algo-

rithm to get the optimal tuning parameters.

1. Step 1: by specifying an initial value of /1% and based
on GIC in (5.2), we select the tuning parameter A € R1
through

GIC,, = log(RSSy0) + == x (df ; +1.028571h"'df ;),
n
where

a, = log{log(n)}1log(1.028571h1d,,),

df ¢ 1s the number of relevant covariates with constant
coefficients, d f ¢ 1s the number of relevant covariates

with varying coefficients and RSSo is
1 ¢ &, T A 2
RSSp=~) ¥i=) f kX Pug)xint™.
nia k=0 g
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Then, we determine the tuning parameter 1, € R! by
/if = argnﬂnGICAf.
. Step 2: by updating ﬁf, the tuning parameter of index
parameter A4 € R' is selected by
/Alﬁ = argn}iﬁnGICAﬁ,
with
GIC,, =1og(RSS;1) + n"1log(log(n))log(d,) x dfas

where df), is the number of significant index parame-
ters and RSS;: is

12 dn R
RSSu=—3 ¥i= ) faap(Xi Baywint”
=1 k=0

Now, we use a simulation study to illustrate the accuracy

of GIC and show that the sensitivity to the choice of A and A4

are different. We introduce a criterion termed "Correct Rate"

to measure the performance of model selection. Whenever

an estimated model is exactly the true model that includes

all the relevant elements but does not contain any irrelevant

components, we classify it as a "correct model". The ratio of

obtaining the "correct model" from all the replications in the

simulation is defined as the "Correct Rate".
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We first fix A5 = 40 and search the performance of GIC with
respect to Ar. We conduct simulations on the same simulated
example (5.1) described in Section 5.1.1 with dimensions d =
7 and d = 20. We execute the simulation with sample size
n =600 in a total of 1000 replications. The simulated results
are reported in Table 5.1 and also depicted in Figure 5.5 and
Figure 5.6.

Figure 5.5: The performance of GIC,, in the modest dimen-
sionality

Correct Rate and GIC and in the model with 7 dimensions

0.9
|

0.7

0.6

Tuning parameter A

NOTE: The solid curve indicates the Correct Rate and the dashed curve

refers to the GIC with respect to different tuning parameters Ay.
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Table 5.1: The performance of GIC with respect to A

N
\N

d =

7

d =20

GIC,,

CR

GIC,,

CR

© 00 10 Ot i W DN K

0.5302
0.5234
0.5158
0.5145
0.5244
0.5269
0.5375
0.5672
0.6479
0.7434
0.8765
1.0171
1.2202
1.4530

0.725
0.938
0.954
0.973
0.971
0.970
0.965
0.954
0.942
0.876
0.633
0.400
0.358
0.281

0.8153
0.5727
0.6277
0.5785
0.5702
0.5451
0.5635
0.6226
0.6534
0.7370
0.8682
1.0188
1.2106
1.4244

0.223
0.802
0.788
0.905
0.921
0.944
0.934
0.907
0.862
0.783
0.641
0.457
0.388
0.224

NOTE: The label “CR” represents “Correct Rate”; d=7 and d=20 refer

to the simulation conducted on the model with 7 dimensions

and 20 dimensions, respectively.
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Figure 5.6: GIC with respect to different tuning parameters
Ar in the high dimensionality

Correct Rate and GIC and in the model with 20 dimensions

0.8
|

0.7

0.6
|

0.5

Tuning parameter A

NOTE: The solid curve indicates the Correct Rate and the dashed curve

refers to the GIC with respect to different tuning parameters Ay.

It can be seen from Table 5.1 that GIC is able to precisely
detect the optimal tuning parameter A and from Figure 5.5
and Figure 5.6, we notice that this criterion can consistently
identify the pattern of the corresponding correct rates to a
sequence of different tuning parameters. All the simulated
results corroborate that the GIC works quite well in both
modest dimensional and the high dimensional models.

Then, by fixing A1, we conduct another simulations to ob-

tain the performance of GIC concerning A5 in the model with
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7 dimensions and 20 dimensions, respectively. We intuitively
present the simulated results in Figure 5.7 and Figure 5.8
and reported the details in Table 5.2.

Figure 5.7: GIC with respect to different tuning parameters
Ap in the modest dimensionality

Correct Rate and GIC and in the model with 7 dimensions

TTTTTTTTTTITI I I I I I I I I
1 4 7 10 15 20 25 30 35 40 45 50

Tuning parameter A

NOTE: The solid curve depicts the Correct Rate and the dashed curve

indicates the GIC concerning different tuning parameters Ag.
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Figure 5.8: GIC with respect to different tuning parameters
Ag in the high dimensionality

Correct Rate and GIC and in the model with 20 dimensions

- -
- - --

TTTTTTTTTTITI I I I I I I I I
1 4 7 10 15 20 25 30 35 40 45 50

Tuning parameter A

NOTE: The solid curve depicts the Correct Rate and the dashed curve

indicates the GIC concerning different tuning parameters Ag.

We can see from the Table 5.2 that the goodness of model
selection is not very sensitive to the choice of A5 but the tuning
parameter Az determined by the GIC,, is precisely the opti-
mal one. In addition, we notice that that the sensitivity to A4
is obviously different from the sensitivity to the A¢, which can
be regarded as an empirical evidence that considering the 2-
dimensional problem of tuning parameter is more reasonable
than only choosing one globally unified tuning parameter.

To conclude, the aforementioned simulation results corrob-
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Table 5.2: The performance of GIC,,

N
=

d="7

d=20

GIC,,

CR

GIC,,

CR

© 00 10 O W DN

QU B W WNDNNNEHEH ==
O UL © OO Ot © Ut b = O

0.4055
0.4091
0.4097
0.4191
0.4063
0.4094
0.4114
0.4090
0.4092
0.4088
0.4042
0.4088
0.4042
0.4043
0.4044
0.4038
0.4095
0.4041
0.4057
0.4108

0.947
0.969
0.968
0.959
0.964
0.966
0.959
0.967
0.965
0.969
0.975
0.956
0.972
0.973
0.969
0.981
0.966
0.973
0.971
0.965

0.3846
0.3820
0.3817
0.3781
0.3824
0.3743
0.3762
0.3747
0.3787
0.3762
0.3712
0.3748
0.3735
0.3695
0.3677
0.3646
0.3697
0.3676
0.3698
0.3721

0.931
0.938
0.939
0.940
0.931
0.937
0.931
0.937
0.935
0.934
0.940
0.927
0.943
0.944
0.947
0.949
0.939
0.944
0.943
0.937

NOTE: The label “CR” represents “Correct Rate”; d=7 and d=20 refer

to the simulation conducted on the model with 7 dimensions

and 20 dimensions, respectively.

88



CHAPTER 5. SELECTION OF BANDWIDTH AND TUNING
PARAMETER

orates that the GIC can identify the true model consistently:.

89



CHAPTER

ASYMPTOTIC PROPERTIES

In this chapter, we are going to present the asymptotic proper-
ties of the model selection and estimation procedure in Section.
Before that, we will list technical conditions needed for the
asymptotic properties of our proposed method in Section 6.1.
The detailed proofs of these theoretical results are given in
Chapter 9.

Before presenting the theoretic results, we first rewrite the
objective function (4.13), because the identification of constant
functions has to be based on the estimates of their derivatives,

which are somewhat unreliable. We, therefore, propose the
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following alternative to (4.13):

1 o n N ~
@.(a,F,B,pIA) = =) Y (V,-X (@a+f) - (X]./h)X, b’
j=2i=1

xKp, (X B)

1 & “d T < 1. 12
+— 2 1Y, -X; a— (X[, f/h)X; by}
n=i=1

d-1
xKp, X1 8)+ Y pa(arl+I£x))
k=0

d-1 d
+ ) PaaEm D+ ) 1, UBkD, (6.1)
k=0 k=1
which is minimized with respect to = (B1,--+,B84)" €R?, a=

(ag,a1, -+ ,aq-1) ,B =(bj) =[b1, -, b,1" = [b), ,bu-1nl €
R and F = (fj) = [fo, - ,£,17 = [fo), -, £q-1] € R"D*4,
where A, is the smoothing parameter, such that 2, — 0 as
n — co. Write the minimiser as f, 4 =(do, - ,d4-1) ', Band F,
respectively. We note that the columns of F, i.e., {f(k), k€ So},

are respectively estimates of

f(k):(fk(x—lrﬁ)a 7fk(X1—|1_ﬁ))T’ k ESO;

while {f)(k), k € Sy}, the columns of B, are respectively esti-

mates of the derivatives of the functional coefficients
£ = (o X B), -, X B)T, keSo.

The function @ ,(a,F,B|A) in (6.1) is formed in such manner
so that, for R =0,---,d — 1, 4, acts as an estimate of fk(XIﬁO),
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while f;), as an estimate of (f,(X] Bo)— X By), -, FrX] By)—
fX{ By)) ', which is a vector of zeros if f;(.) is a constant
function. With the penalty imposed on |f;)|, sparse solutions
(estimates) could be induced for these vectors. Because of a
slight abuse of notation, we emphasise that notations a, F
and B are defined differently from the previous chapters and
we merely use the newly defined notations in this chapter and
the Chapter 9. Then, based on (6.1) we rewrite the proposed

iterative procedure with brevity. Start with an initial estimate
B of Bo.

* Step 1: Minimize the quantity below with respect to a, F

and B:
QR.(a,F,B|B,A) = ZZ{Y ~X/ (a+f)—(X] BIhX, by
j=2i=
Kh (XTﬁ)

Z{Y ~X'a—X],p/h,)X b1}

XKh (X B
d-1 d-1

* Z pallarl + frl) + Z P, (Ex)D;
k=0 k=0

(6.2)

denote the minimizer as a@@), F(B) = E(B),---,£,(B),
and ﬁ(ﬁ) = (ﬁl(ii), fe ,f)n(ii))T, respectively. Note that for
ease of notation, we have suppressed the dependency of

these quantities on complexity parameter vector A.
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* Step 2: Minimize

1 nn - 5 o~ . - - ~
5 2 2 =X @) + 5B O Ry B K, (X B)
&5

1 n
+or L, - X, a(B) - X}, /)X, by (BIK;,, (X, ﬁ)+2mk(|ﬁk|)

(6.3)

with respect to = (B1,---,B4)" € R%; denote the mini-

mizer as fi

Go to Step 1, and replace B with p and repeat these two
steps until convergence. denote the ultimate estimates as & =
(Ao, +,4q-1)T, B=(by, -, b)), F=(fs, - ,£)" =Eo), -, fa_1)
and [Ai = (,31, e ,Bd), respectively. Again, we have suppressed
the dependency of these final estimates on A. Provided that
the initial estimator B is close enough to B,, the asymptotic
properties of these estimators are independent of the choice

of B; see, Theorem 6.2.1 for more details.

6.1 Technical Conditions

Let 6, = (nh,/logn)™2, 1, = h,21 +6, and O, = {f : |5B| <
cin~2*e2} for some constants ¢; >0 and 0 < ¢y < 1/10. Write

={x'f:x€2,6€0,}. For any p€0,, let 5, = - B, and
denote by f(-|B), the probability density of X' B; for any given
x € 9, write f(x' B|B) as f(x|p).
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Let X;(1) and Xj(2) are sub-vectors of X; indexed by S; and
S1USs, respectively, i.e. X;q) = X,k € S1), Xie) = Xip, k €
S1US5y). Also for any €0, and ¢t € 9, define the following:

Q¢1p)=EXX, X/ p=1),

Q11(¢1p) = E{Xiu)X;l)lX;rﬁ = t},
Qa(t1p) = EXi X)X p=1},
Qao(t1B) = EXiX, IX] B = 1),
V(t1) = Qo2 — Q21 Q71 Q)¢ B),
CtIB) = E{(X i fo(x) XixX L IX] B = 1),

where all the expectations are taken with respect to X; con-
ditional on X! = ¢. With a slight abuse of notation, write
Qx'BIp) as Q(x|p), and terms Qi;(xIf), Qoa(xIP), Q1a(x|B, V(xI|P)
and C(x|B) should be interpreted in a similar manner. Let
Co = E[(f.C)X|By)], with (f.C)(x|B) = f(x|B)C(x|B), and Cyy
denote the (d - dy) x (d — dy) sub-matrix from the lower-right

corner of C.

The following conditions are assumed throughout the pa-

per unless stated otherwise.

(C1) There exists some constant a, such that for any k£ € Sy,
the second order derivative of function f3(.), is Holder

continuous with exponent «.
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(C2) The density function f(¢|f) is uniformly bounded away
from zeroin t € 9 and B € 0,,. Its second order (partial)
derivatives are uniformly bounded as functions of € 9,

and te g

(C3) Cyz is of rank d —dy—1 and 1¢(x), the smallest eigen-
value of Q(x|,), is such that

Ao = min Ay(x) > 0. (6.4)
Xeo

(C4) K(.) is a symmetric density function with a compact

support and a second moment equal to one.

(C5) The smoothing parameter h, x n~V?, while the com-
plexity parameter vector
A=, ,Aog_1,A1, -+, Ag)" is chosen such that |A| — 0,

as n — oQ.

6.2 Asymptotic properties

Write fO(Xl)EaO=(a2,---,a2l_1)T, ag,, (ak,kesluSg) for
j:2,---,n,f?—fO(X-)—fO(Xl)—(fO keSy), andfO 0 ke

Jk’
Sq);forj=1,---,n, bO no(XJ) Correspondmgly, we use ag)

&) and f0(1)’

of 4 and f . Write By = (Bo,dg+1,""" » Boa)', the vector contain-

and fo(l) to denote the estimates of a’ subvectors

ing non-zero elements of B, and consider the corresponding
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partition of B = ([Ai_lr, [Ai;)T. Further define

Mo = E{(Qg2./)XI| B},

Mayo(x1B) = EIX; fx)Xix0 X1, X] B=x ],
Myo(xIB) = EIX; f60)Xx X 1) [X] B =X B,
vx|B)=EXX'B=x"p)-x,

where X;,9) stands for the subvector of X;, indexed by {d( +
1,---,d}; v (xI|B,) is the subvector of v(x|B,) similarly defined.
We use a.s. to denote almost surely. For an arbitrary in-
dex set .Z and a real-valued random matrix A, (z), we write,
A,(z2)=0(a,|Z) or A,(z)=0(a,) for simplicity, if

limsup|A,(2)l/a, =0(1) a.s;

N zeF

write A,(2) = O,(a,) if P(sup,.z |A,(2)|/a, =0(1)) — 1.

Theorem 6.2.1. Suppose conditions (C1)-(C5) in Section 6.1
hold and the initial estimator p € ©,. In addition, assume the

complexity parameter vector A is chosen such that as n — oo,

mln{Ak k€ So\Sl USQ}

Tyt |6B| o
min{A;.q: kB €Soy\S}
—>m,
Tp+ |6B|

min{ik, 1<k< do}}
(logn/n)¥2 + |6B|

Then we have
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(a) [Sparsity] Pr( ma)g |ax| =0, for large enough n) =
1Y 2

Pr(maxlf(k)l =0, for large enough n) =

Pr( max | ﬁkl =0, for large enough n) =

<<0

(b) As n — oo,

ap —ay = My Zeﬂx 1Bo) [Xi2) — Q21(X; 1 By)

l 1

x{Q11X; )} Xi(l)]+0p(n 1/2|9’®n)>
R B 12 .
fi0)—f5q) = [fQul 1(Xj|ﬁo);;fiXi(l)Khn(XiTjﬁO)
1 .
+—h2fO(X')+@(h Tn|@>®n)’

b;—b? = [QX;|B)] i1 ZKh X B X Bo/h )X

J

+0(h,71,19, @ )

(c) With C o, being the Moore-Penrose inverse of Cog,
By~ Bos = —C Ze FXBIMX;) +O(h,ty),

where

M(X)) = vy (Xil Bp)X; £o(Xi) — (Mo QDX 1B Ky
—E{(f M35)XI|B M X i) — (Q21Q77)
x(X;1Bo) X 1))
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SIMULATION STUDY

In this section, we use simulation studies to demonstrate and
augment our theoretical results and to evaluate the accuracy
of the proposed model selection and estimation procedure.
The kernel function we used in this section is Epanechnikov
kernel K(t) = 0.75(1 — t?),. Following the idea in Section 5.1.2,
we select the bandwidth in terms of H = 0.6(d,,/n)°2. The
tuning parameters are determined by the criterion described
in Section 5.2.

We initially show that the goodness of the ultimate es-
timators from our proposed approach is independent of the
choice of initial value B in Section 4.2.2. Then present several
simulated examples to assess the accuracy of the proposed
model selection and estimation procedure and also examine

the oracle property of the proposed estimators in Section 7.2.
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7.1 Sensitivity to the choice of
initial value f
In this section, we consider the same simulation model (5.1)

in Section 5.1. Based on the constraints that ||B]|=1, ;>0

and B4, # 0, we provide several candidate initial values f as

follows:
p —i(111 1" p —i(llo 1"
(1) \/E yLydyeeey ’ (2) \/§ s Ly Uyeeny ’
. 1 - 1
=—(1,0,0...,1)", =—4(2,0,0,...,1)".
ﬁ(3) \/g ﬁ(4) \/§

We conduct simulation on the regression example (5.1)
with dimension d = 7 in 1000 replications, each with the
sample size n = 600.

Start with each candidate initial value given above; our it-
erative procedure will be executed to obtain the corresponding
Correct Rate (defined in Section 5.2), MSE of the estimated
index parameters and RMISE of the estimated functional co-
efficients (defined in Section 5.1), respectively. The bandwidth
is chosen as H = 0.30 and the tuning parameters are chosen
to be Ay =4,15=40. We summarise the simulated results in
Table 7.1.
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Table 7.1: Sensitivity to the choice of initial value B on the
regression model with dimension d =7

Initial value | Correct Rate MSE RMISE
ﬁ(l) 0.989 0.003606 0.16129
3(2) 0.989 0.003599 0.16217
3(3) 0.988 0.003592 0.16182
[~5(4) 0.987 0.003604 0.16289

From the statistic of each criterion in Table 7.1, we can
easily find that the diverse candidates of initial value lead to
almost the same selection and estimation results, which all
performs remarkably well.

Furthermore, by setting the dimension of the regression
example (5.1) d = 20, we will conduct another simulation to
verify the fact again in the high-dimensional situation. The

simulated results are reported in Table 7.2.

Table 7.2: Sensitivity to the choice of initial value B on the
regression model with dimension d = 20

Initial value | Correct Rate MSE RMISE
B(1) 0.946 0.004673 0.14091
B(z) 0.945 0.004632 0.14106
B, 0.949 0.004571  0.14012
3(4) 0.950 0.004528 0.13809
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From the statistic results in Table 7.1 and Table 7.2, we
conclude that the our proposed approach of model selection

and estimation is not sensitive to the choice of initial value B.

7.2 Simulation examples

In this section, we shall begin with two varying coefficients
examples in a modest dimension that is d = 7. Then, to fur-
ther illustrate the goodness of the proposed method in higher
dimensionality, we will increase the dimension of both sim-
ulated examples to d = 20. Meanwhile, we will compare the
performance of the proposed method in different dimensions
on model selection, structure specification and the accuracy
of estimation.

Similar to the regression example (5.1), we consider the

following two examples of varying coefficient models.

1. Y; =2exp(—Z?)+ X o+€;, with Z; = X[ B, = 2(2X;1+2X 0+
Xid)?

2. Yi = 2008(0.57'[Zi) + ZiXil + 4eXp(—Zi2)Xi2 +&;, with Zi =
X! B, = %(Xil +2X;9+2X,4),

where X; = (X;1,X9,...,Xiq)", for i = 1,...,n, are normally

distributed independent random vectors and noise ¢; are
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independent N(0, 1) random variables. The regression mod-
els are based on the form (4.2) with g, = %(2,2,0, ..., 1T and
B, = %(1, 2,0,...,2)", respectively. we will firstly consider these
models in the dimension of d = 7. Then, another simulation
will be conducted on the same regression functions but the
dimensions of models is replaced by d = 20. For each case,
we conduct simulation with sample size n = 600, in a total of
1000 replications.

To evaluate the performance of model selection, we report
the ratio of correct, under-fitted, over-fitted and other models.
Whenever the resulting model simultaneously detects the
true model and identifies the modeling structure correctly,
we classify it as a "correct model". Whenever the estimated
model eliminates at least one significant covariates but does
not include any irrelevant covariates, we classify it as an
"under-fitted model". Whenever the estimated model includes
at least one insignificant covariates but does not miss any
relevant covariates, it is labelled as an "over-fitted model".
The "other models" means that the estimated model not only
includes the irrelevant covariates but also ignores relevant
covariates.

The simulation results are reported in Table 7.3. We can
notice that, in all cases, the percentage of the correctly se-
lected models is no less than 94%, which verifies that the

proposed method indeed select the true model consistently.
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Besides, the fact that the ratio of correctly fitted models in-

creases slightly as the dimension decrease also makes sense.

Table 7.3: The ratios of model selection in 1000 replications

d Correct Under-fitted Over-fitted Others

Example 1
7  0.972 0.013 0.015 0
20 0.943 0.032 0.023 0.002
Example 2
7 0971 0.007 0.022 0
20 0.940 0.023 0.037 0

Apart from assessing the correctness of the selection, we
will also evaluate the estimation accuracy of the proposed
estimate. In particular, instead of computing the MSE of the
vector of estimated index parameter, in this section, we cal-
culate the MSE in component-wise manner, namely, compute
the MSE of the estimate with respect to each significant index

parameter, which can be defined as
1 & o 2
MSEp, = - > (B, = Br),
1=1

where ,Bg), k=12,...,d,,l =1,2,...,L, is the estimate from
the [ —th replication with respect to the £ —th index parameter
in the [ — th; we also figure out the RMISE for the estimates

of each relevant coefficient, which is approximated as follows
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1L Y (FPE) - fulz))?
Relative MISEfk(.) ~ ZZ[ d 1an ;. (z )}; ’ ’
I=1 j=11k\%j

where f,il)(-), k=0,1,...,d,-1,1=1,2,...,L, is estimator of
the £ —th functional coefficient in the [ —th replication and
zZj= x;‘piij =1,...,n. with some estimator f5.

Additionally, introducing a benchmark to compare with is
essential for evaluating the accuracy of the estimation. We
employ the "oracle estimators” as the benchmark, who are the
estimators of coefficients from the models that have already
been correctly selected as the true model and whose estima-
tion procedure is free from penalised approaches. Hence, we
will report the RMISE and MSE of oracle estimators as well.
The simulation is also conducted in 1000 replications whose
results are summarized in Table 7.4.

As we can see from Table 7.4, all the values of MSE and
RMISE are reasonably small, who gradually become smaller
with the decrease of the dimension of models. Besides, the
oracle estimators are always more accurate than the estima-
tors from other models. Both of these findings confirm the
accuracy of our estimation. Therefore, we conclude that our
proposed method can simultaneously select the true model
correctly and estimate the model precisely.

Inspired by the fact that our proposed selection method can
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consistently select the true model and the oracle estimators
from the true model outperform the penalised estimates, we
decide to improve our proposed approach by the following

procedures:

1. Apply the model selection method proposed in Section
4.2.2 to select a sub-model which is expected to be the

true model;

2. Estimate the selected sub-model by the penalty free
iterative approach proposed in Section 3.2.2 to obtain
the final estimates for index parameters and functional

coefficients, respectively.

This modified procedure will be used in the real data anal-

ysis in Chapter 8.
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Table 7.4: The RMISEs and MSEs of the varying and constant

parameters
Model 1
d="T d =20 Oracle
MSEg 0.0357 0.0452 0.0248
MSEg, 0.0283 0.0299 0.0232
MSEgs 0.0105 0.0111 0.0048
MSE. 0.0067 0.0523 0.0005
RMISE; 0.1584 0.1880 0.0699
Model 2
d="17 d =20 Oracle
MSEg 0.0020 0.0119 0.0008
MSEg, 0.0015 0.0031 0.0005
MSEgs, 0.0016 0.0046 0.0006
RMISE,; 0.2017 0.2136 0.1556
RMISE, 0.0535 0.2424 0.0386
RMISE; 0.0766 0.0964 0.0630

NOTE: The rows labeled by d =7 and d = 20 rep-
resent the estimators from the proposed method
in the 7-dimensional models and 20-dimensional
models, respectively. the rows labeled by “oracle”
depict the oracle estimators. In Model 1, there
exists a constant coefficient, which is denoted by
cg and the column labeled as MSE ., is the MSE
of this costant coefficient.



CHAPTER

REAL DATA ANALYSIS

In this chapter, we are going to illustrate the Iterative kernel
smoothly clipped absolute deviation penalty method by two
real data examples. We first construct the single index varying
coefficient model on both datasets to solve regression problems

and then use the purposed method to select and fit the models.

8.1 Real data examplel

We consider here an environmental data set from Hong Kong,
which was collected from January 1, 1994, to December 31,
1995 (courtesy of Professor T. S. Lau). In the dataset, we take
the numbers of daily total hospital admissions for circulatory
and respiratory problems as the response and the following
covariates as the X-variables: SO4 (coded by x1), NOg (coded
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by x3), dust (coded by x3), ozone (coded by x4), temperature
(coded by x5), the change in temperature (which is the abso-
lute value of the temperature difference between two time
points, coded by xg) and humidity (coded by x7).

Among all these environmental factors, we would like to
detect which factors are significantly relevant to the number
of daily total hospital admissions for circulatory and respira-
tory problems (whose logarithm is coded by y), and whether
the effect of those factors vary over a comprehensive envi-
ronment index (coded by z =x' f, x = (x1,...,x7)"), which is a
linear combination of index parameter (coded by f) and some
of the collected environmental factors. Before the modelling,
as the variables are in different units, we need to standard-
ize the data such that they have sample mean 0 and sample
covariance matrix I;. To realize the objective, we employ a

single index varying coefficient model as follows:

yi = fo(z;)) + f1(zi)xi1 + fa(zi)xia + ... + fe(2i)xi6 + €;,

Wichi ZXIﬁ = ﬁlxi1+ﬁ2xi2+...+ﬁ7xi7, (8.1)

where we take x;0 = 1 as the intercept term. We apply the
proposed model selection method to identify the sub-model
with significant variables and important index parameters.
The tuning parameters are selected by the GIC approach

described in Section 5.2.
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The selected results suggest that SO, , NOy, temperature
and the change in temperature have significant effects on the
response and all of their coefficients are functional coefficients.
Meanwhile, the important index parameters are selected as
B = (B1, B2, Bs, )", which indicates that the comprehensive
environment index includes SO5 , NOy, temperature and hu-

midity. Hence, we have such a selected model

vi = fo(z;) + f1(zi)xi1 + fa(zi)xie + f5(2i)xi5 + fe(2i)xi6 + €5,

withz; =x! B = B1x;1 + Paxio + Bsxis + Prxir.
(8.2)

It states in Chapter 7.2 that, if the correct sub-model has
been consistently selected, smoothing the sub-model via the
penalty-free iterative approach leads to the estimates can
be treated as the approximation of "oracle estimators"”. The
"oracle estimators" are shown to outperform the penalised
estimates. Accordingly, We fit the selected model (8.2) by the
proposed penalty-free iterative approach, and hence work out
the estimators of the varying coefficients with respect to the
significant covariates and the estimators of index parameters,

which are
B =B, Ps, Bs, B7)" =(0.5981,0.7226,0.1177, 0.3260)".

However, from an intuitive assessment, we notice that

the estimated curves are not very smooth. To ameliorate this
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issue, we decide to employ a "two-step" local linear regression
as a modification to produce better-estimated cures and, more
important, to get a more accurate estimation result. Precisely,
this straightforward smoothing is implemented as follows.

Specify a set Sy =1{0,1,...,d — 1} and its subset S1={k:k €
So, fk(-) is not constant}. From the aforementioned procedure,
we have obtained the local estimators of f(:), £ € S1, which is
denoted by £, = (fiz,...,fu)" €R", k€S and the estimator of
index parameters ﬁAk, kelk:k=1,...,d, ,Bk # 0}. We consider
(fik,éi), 1=1,...,n as the observations. A regression problem
assumes that

fir=mu(8) + e,

where 2; = XiT ii and ¢; is the random noise. The local linear
estimators for the unknown function m;(2;), j = 1,...,n is

obtained by minimizing the sum
13,4 e
;;{fik —[Aj, + B3 - )1} Kin(2; — 2)), (8.3)

with respect to A ;; and B;;,. We define the minimiser of (8.3)
as A ik, which is the estimator of m.(2;). Consequently, the
fitted value of f ik, J=1,...,n is given by A jr. By solving the
minimisation problem (8.3), we obtain the resulting estima-
tors of f(-) from the "two-step" method as Ajk = (Alk, ... ,Alk).

Furthermore, in order to verify that the "two-step" local

linear regression leads to better estimates, we next compare
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the performance of the corresponding estimators from our
purposed methods with those from the "two-step" methods.
The "Leave-p-out Cross-Validation (LpO CV)" is introduced as
the measurement. The "LpO CV" of the "two-step” methods
is 0.0316, which is slightly smaller than the "LpO CV" of
our purposed method, which is 0.0375. Hence, implementing
the "two-step" local linear regression to smooth the curves is
reasonable. We now visualise our ultimate estimation results
in Figure 8.1.

As illustrated in Figure 8.1, the coefficients of those three
factors are unlikely to be null or other constants, and they
all vary over the range of comprehensive environment index.
Besides, we can easily discover some simple but convincing
conclusions from the estimated results. Firstly, from the esti-
mated curves, we find that both NOy and SOy, become more
damaging to people’s circulatory or respiratory system in the
warm and moist climate. Secondly, the main air pollution puts
people at more risk for sickness with the increasing of their
concentration. Meanwhile, when the concentration of the toxic
gas is above some certain level (when the index z is larger
than zero), both NOy and SO, always have a positive impact
on people’s circulatory or respiratory problems. In addition,
from the last estimated curve in Figure 8.1, we notice that the
change of temperature has an index-varying positive effect

on the daily number of total hospital admissions when the
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Figure 8.1: Estimated curves of varying coefficients in the
selected model

Intercept Sulphur Dioxide

-2

-4

-6
|

-8
L
4
|

-2 -1 0 1 2 3 4 -2 -1 0 1 2 3 4
z z
Nitrogen Dioxide Temperature
® g
S
o 3 |
oS
o
- 4 S 4
N‘ m\ e
E - o
o S A
o
- i
<
o
R o
T T T T T T T ! T T T T T T T
-2 -1 0 1 2 3 4 -2 -1 0 1 2 3 4
z z

Change of Temperature

f 6
0.04 0.06
Il 1

0.02
Il

1

-0.02  0.00

1

index is positive. This insight is in line with the fact that large
fluctuations in temperature may exacerbate people’s health

conditions and trigger many kinds of pains and diseases.
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Moreover, we would like to analyse our estimated results

by evaluating the residuals between y; (the logarithm of the

number of daily total hospital admission) and its estimator y;.

We depict the residuals in figure 8.2.

Figure 8.2: Residuals
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It can be seen in Figure 8.2, there is no obvious tendency,

which also corroborates our purposed selection and estimation

methods decently.

8.2 Real data e

We now illustrate the appl

xample II

ication of the proposed methodology

in Boston housing data, which has been analysed in numer-

ous amounts of literature includes Fan and Huang (2005) and
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Wang and Xia (2009). The data set consists of 506 US bor-
oughs in the Boston area. The response variable is the median
value of owner-occupied homes (MEDV) in 1970 and there
are thirteen factors can be taken into account, some of which
may affect the variation in housing value significantly. The
description of these thirteen factors serving as the covariates

are given in Table 8.1:
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Table 8.1: The covariates in Boston houing dataset

CRIM (x4) per capita crime rate by town
ZN (x5) proportion of residential land zoned
for lots over 25,000 sq.ft.
proportion of non-retail business
INDUS () acres per town
Charles River dummy variable
CHAS (x4) (= 1 if tract bounds river; 0 otherwise)
nitric oxides concentration
NOX (x5) (parts per 10 million)
RM (x¢) average number of rooms per dwelling
proportion of owner-occupied units
AGE (x7) built prior to 1940
DIS weighted distances to five Boston
(xs) employment centres
RAD (x9) index of accessibility to radial highways
TAX (x19) full-value property-tax rate per $10,000
PTRATIO (x11) pupil-teacher ratio by town
B (x19) 1000(B% — 0.63)? where Bk is the
proportion of blacks by town
LSTAT (x12) percentage of lower status of

the population

In this empirical analysis, we are primarily interested in

the following three aspects.

1. Identifying which factors among the all the collected
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factors contribute significantly to MEDV.

2. Revealing whether the impacts of the relevant factors

are constant or vary over an index variable.

3. Detecting which factors are the real components of the

index.

To fulfil the objectives, we start by considering a single

index varying coefficient model

vi = fo(z)) + f1(zi)xi1 + fa(zi)xio + ... + f12(2i)xi10 + €5,

(8.4)
withz; =x! B = B1x;1 + Paxia + ... + B13%xi13,

where x;0=1,1 =1,...,50 is set as the intercept term. To unify
the scale of each covariate, we standardize the covariates and
response firstly. Then, we apply the proposed method to select
the true model in (8.4).

The estimated results suggest that CRIM, ZN, CHAS,
NOX, AGE, RAD, TAX, PTRATIO are the significant covari-
ates to the response. Among these relevant factors, only NOX
and AGE have a constant impact on MEDYV, the rest of them
affect the median value of owner-occupied homes in varying
significant level. In addition, we identify that the variable
CRIM is the most crucial component of the index, which also
includes covariates ZN and LSTAT. Therefore, we have such

a selected model
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vi =fo(zi) + f1(zi)xi1 + fo(z))xia + fa(2i)xiq + Cs(2;)x;5
+Cr(z))xi7 + fo(zi)xi9 + f10(2i)xi10 + f11(21)xi11 + €5,

: T
withz; =x; B = B1x;1 + Paxia + P13Xi13,

where C5 and C; present the constant coefficient of covariate
NOX and AGE, respectively.

We next introduce a similar estimation procedure without
penalised approaches to estimate the specified model. By
applying the proposed method, we obtain the estimators of

index parameters, which are
B = (B, B, B1z)" = (0.9453,0.2861, 0.1567)",
the estimated constant coefficients
C5=0.3752, C7=0.0808,

and the estimated curves of all the varying coefficients of the
corresponding covariate, which are provided in Figure 8.3.

Apparently, all the curves in Figure 8.3 indicate that those
six coefficients are unlikely to be null or other constants. More
importantly, we would like to explore some more insights from
the estimated results.

We can see visually that the estimated functional coeffi-
cient of CRIM is always negative, which reflects the fact that

crimes have a significant negative impact on prices of a house.
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Figure 8.3: Estimated curves of the varying coefficients
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Besides, as the main component of the index is CRIM, we
can state from the estimates that the negative impacts of
crimes are more sensitive to property value when the CRIM

stays at a very low level and the marginal impact of crime
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decreases. From the plot of the coefficient of ZN, we find that
the large property is highly demanded in the area with good
public security but largely devalued in those unsafe areas.
Meanwhile, the fact that located beside the river, good traffic
facilities and adequate education resource all have positive
effects on the property value also makes sense. Also, it can
be visually found that the effect of property taxes on house
values is consistently adverse once the index is positive. Addi-
tionally, houses based in the community with high crime rate
are more impressionable to the property taxes.

Following the idea in section 8.1, we also report the esti-

mated results in figure 8.4 for further evaluation.

Figure 8.4: Residuals

(e}
o

As it is shown in Figure 8.4, there is no obvious tendency,
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which also corroborates that the purposed selection and esti-

mation methods is quite substantial.
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CHAPTER

PROOF OF THEORETICAL RESULTS

In Chapter 9.1, we give some technical lemmas which are
needed to prove the asymptotic theory in Chapter 6 and their
proofs. Then, we provide the proofs of the main theoretical
results in Chapter 9.2. Like Chapter 6, this chapter based
on my submitted paper "An Iterative Approach for Model
Selection in Single-index Varying Coefficient Models", which
is the joint work with Prof. Efang Kong and Prof. Wenyang
Zhang.

9.1 Lemmas and Proofs

Under (C2), (C5) and (C6) in Section 6.1, the following results
are quite standard in the literature on strong uniform con-

vergence for nonparametric smoothing, e.g. Masry (1996) and
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Pollard (1984). implies

—Zxx X B/h DK, (X )

—h [f QI'xIp)+0(1617,12, ©,)
= half QI XIB) + 0161 + 7,12, O,), (9.1)

—ZXXT(X B/h,) Ky X B)

[f QIx|p)+0(1,12, ®,) ((=0,2)

where [f.Ql(x|B) = f (x| )Q(x|B), and [f.Q2]'(x|B) denotes the
matrix of element-wise (first order) derivative of [f.Q](¢|B)

with respect to ¢, and evaluated at ¢t =x' .

We first establish the asymptotic properties relating to
a(B) = @B, F(B) := (fi1(B) = (Ba(P),--- ,£.(B)", and B(P) :=
(éjk(B)) = (b1(B),---,b,(B))", the minima of (6.2) with ini-
tial estimate B, as estimates of a°, F? := (fJQk) = (fg, e )T =
(f?O), .. ,f?d_l)), and B? := (b?k) =(bY,---,bY)", respectively. For
any real matrix A, let |A|,, denote the greatest among the

absolute values of its elements.
Lemma 9.1.1. Under conditions in Theorem 6.2.1, we have

|a(B) —a’|, = @’(I6I~;| +7,10,), IF(B) ~FO = @’(|6I~;I +7,10,),
IB(B) —B|oo = O(1,,10,).
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Proof of Lemma 9.1.1 Write a,,=71,+16 B|. It thus suffices to
show that with probability one, for large enough C >0 and n,

min {Q,@°+Ca,w,F’+Ca,U,B°+C1,V|B,A)

ﬁe@n
-Q.(a",F°,B°|,A)} >0, 9.3)
for any generic vector w = (wp)o<r<q—1, matrices U = (ug,--- ,u,) "
= (u(0)7 . 7u(d—1)) € R(n—l)xd and V — (Vl,. .o ’Vn)T — (V(O), "

Vig—1)) € R"*?, such that |W|e = 1, [Ulo = 1, [V]s = 1. We first
show that with probability one, for large enough C >0 and n,

Iﬁnin QR,@’+Ca,w,F°+Ca,U,B’+ Ct,VIp)
€0,

-Q.(a",F", B’ )| =0, 9.4)

where the equality holds if and only if w=0, U=0 and V=0,

and
_ 1 A2 - -
Q.(a,F,B|p) = E_22.21{1@—xjwwfj)—(Xiyrf/hn)XZbJ-}z
J=2i=
xKp, (X )
12 i i
+ ;{Yi ~X'a- X}, p/h,)X b1}2K), (X],B);
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specifically, for any large enough C and n, with fO =0

—Z{Y X (a’ +Canw+fO+CanuJ)
ni-1

~(XLB/h )X 0% +C1,v)PPK, (XL P)
> §C2ai(w+uj)T[f.Q](Xj| B)(w +u,)

1
+§CZTiVjT[f.Q](X1|ﬁ)Vj’
(9.5)

uniformly in j=1,---,n, and f € ®,. To illustrate, consider

—Z{Y ~X, (@’ + Ca,w)— X[, p/h )X, (b9 + C1,v))

xKj X/ ﬁ)—;Z{Y ~X/a’— X/, p/h )X, BK, (X))

> %Czain[f.QKXﬂ pIw + %CzrivlT[f.Q](Xll vy, (9.6)
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uniformly in € 0, and X; € 9, where the last inequality
follows from (9.2) and results in Corollary 9.2.1, for any large
enough C and n. (9.6) could be proved in exactly the same
manner. (9.4) thus holds where the equality hold if and only
ifw=0,U=0,and V=0.

We now move on to the penalty term. First note that we
needn’t be concerned with terms indexed by £ ¢ S; U S5, for in
=0, and ag = 0 and the penalty functions are
=0,

these cases f?k)

all positive except at the origin. For k£ € S5, we have f?k)

and

0 0
lay |+ £, = layl =m; >0,

@l m
0 k k
|ak + CanLUkl + |f?k) + CafnlI(k)l > 7 = 7 > 0,

whence as max{1; : k€ S;uUSy} — 0,

prapl + 18, — palay + Caywy| + £, + Cayug)) = 0.(9.7)

For k£ € S1, by SLLN, we have

1 n
lagl + Iyl = ——= > IfeX)I —my>0a.s.,
n— 1.]:2

|ClO|+|f0 | m
0 k (k) k
Iak+Canwk|+|f?k)+Canu(k)|> 2 > 5 a.s.,

|f?k)| >0, |f?k) + Canu(k)l > 0.
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Therefore, we have

pa(ladl +1£y,) — pa(af + Canwe| + £}, + Caup))
=0, (9.8)
Paa(E + Canug) — pa,, (£, + Cazup) =0, (9.9)

(9.3) thus follows from (9.4) and (9.7)-(9.9). |

Lemma 9.1.2. Under conditions in Theorem 6.2.1, we have,

with probability one for large enough n
If(k)(ii)l =0, forany k¢S1; Gx(B)=0, forany k¢ S,US,.

Proof of Lemma 9.1.2 Leta=(a;,k=0,--- ,d-1),F =(fj, j =
2,---,n,k=0,---,d-1)=(],--- ,£)" =L, - ,f4-1), and B =
b, j=1,---,n,k=0,---,d=1)=(b],---,b,;)" =(b(), - ,b-1))
stand for any generic d x (1) vector, (n —1) xd and n x d ma-

trices such that

|B_B0|oo:@)(5n+hi+|6ﬁlz)a |a_aO|oo:@(Tn+|6B|)a
|F—F0|oo=@’(‘[n+|5ﬁ|). (9.10)

In view of Lemma 9.1.1, it suffices to show that with probabil-

ity one, there exists some small €,, > 0, such that for any such

126



CHAPTER 9. PROOF OF THEORETICAL RESULTS

aaF>B7

0Q.(a,F,B|f,A) <0,
of jr

0Q.(a,F,B|f,A) >0,
of jr

0Q.(a,F,B|f,A) -
Oak

0Qn(a,F,BIf,A)
6ak

for £ ¢ S, if fiz € (—€,,0),

if fjk € (ann);
(9.11)
0, if a €(—€,,0),

forke S{uUS,,

0, ifap €(0,¢,).
(9.12)

To prove (9.11), first note that
0Q.(a,F,BIf,A) _ 1

XY~ X, (a+£)-(X.p/h)X; b}

Of jr n2
XXikKhn(XiTjﬁ) + Py, U Dsign (fz)
+p 2, (lagl + ) sign (fr), (9.13)

where for the first term on the RHS of (9.13), we have that
1§ <! T < T
~ Z{Yi -X; (a+1) - X;;f/h)X; b} X, Kp, (X B)
i=1
=0(t,+165I|X;€2,6€0,). (9.14)

as a result of (9.2), Corollary 9.2.1 and (9.10). As for the
penalty terms in (9.13), it holds that

keSy: lagl+Ifn)l=la) +Cayl+Ca,>0— py,(lagl+ |fx)) =0;

ke S1USq: lapl+ [fa)l =O0(a,) = o0(Aprq) = Do, (arl +1fr))) = Ap.
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Meanwhile f;, = O(r,+|6 iil) = 0(1;.4q), under condition (6.5), whence
DPa,..(fx)) = Ap+q. This together with (9.14) and (9.13) yields

0Q,.(a,F,B|S, A
keSy: 9 (aaf.k L
J

0Q,(a,F,B|B,A)

Of jn
where the term o(1) is uniform in X; € 9, ff € ©,,. This finishes
the proof of (9.11).

To prove (9.12), we only need to note that for 2 ¢ S; US>,
gl + I,
[fz)]) = A.. Consequently,
0Q,(a,F,B|B,A)

oap

= }Lk+d{sign (f]k) + 0(1)}’

keS,uUSy: = (A + Ap+a)sign (fjz) + o(1)},

)I =0, hence |a.| + |fs)| =0, + |5ﬁ):o(Ak) and p,(lag| +

Y Y {Y, -X (a+£) - (X] p/h,)X, b}
j=2i=1
XXikKhn(XiTjﬁ)

1
n?

1 n - ~
- ;{Yi — XiTa — (XiTlﬁ/hn)Xinﬂ

xX;pKp, X1 )

+paUarl +fz)sign(az)
= O(a,|pe®,)+ Asign(ay)
= Apfsign(ar)+o(1)}.

The proof is thus complete. B
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For any x € & and f € O,, define

Ms(x|B) = E[f(ino(x)X'iXiT X! B, =x'p],

X

Msq)(x1B) = EIX; f,x)X ;X 1X] B, =x" B,

X

Ms0)(xIp) = E[X; £o(x)X 0 X[ 1X] B, =x" B.

X

Now we give the asymptotics regarding a(p), F( B), and ﬁ(ii),
the minimizer of (6.2). Seeing Lemma 9.1.2, let a5, () denote
the subvector of a(p) indexed by Sg, and f;,)(B), the subvector
of £,(B) indexed by S;.

Lemma 9.1.3. Under conditions in Theorem 6.2.1, we have

forj:]"...’n’

3 41 9 _ 5
ao)(P)-ay = M()l;zfif(xilﬁ) [Xi2)— Q1 QDX )X 1)

=1

+0,(n" "+ 1,16 g)), (9.15)
. B 1 ~
tiB) -1, = [f.Qq1] 1(Xj|ﬁ0);ZEiXi(l)Khn(X;;ﬁ)

=1
1 5.
+Q57 X1 B M30)X;1 )6 g+ thfo(xj)
+@’(hnrn+|5ﬁ|hn|@,®n), (9.16)

L 1 -
biB)-b) = [QX;IBN~ ) Kn, Xi;HX;B/hn)Xic,
i=1
+ﬁ(hnrn+hn|6ﬁ|). (9.17)

Proof of Lemma 9.1.3 For ease of composition, (B) is left

out in aw)(B), £;1)(B) and b;(B), so that these are replaced with
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ag), T 1) and b i, respectively. Nevertheless we should remem-
ber these estimates depend on B. Based on the results in
Lemma 9.1.2, we have with probability one, that among the
elements of & = (4y, -+ ,d4-1)", d» =0, if £ ¢ S;USy; while
for £; = (fjo,---,fja-1)", fjr =0if k ¢ S1. Now with A;; = Y; -
X, (a%+£9) - (XiTjﬁ/hn)f{in?, we have any k € S;U S,

0Q.(a,F,BIf,A) _ ZZ{AU -X;(a-a"+f;,— )

aak j=2i=

—(xT p/h)X; (b~ bOIX;1 Ky, (X))

+—Z{AL1 X/ (a-a°) - (X, p/h,)

<X, (b, —b)IX;, K, (X}, )
+paUarl + fz)sign (az).
(9.18)

Regarding the penalty term within (9.18), since la}| + £}, | > 0
for £ € S;US,, then according to Lemma 9.1.1, it is also
true that |a;| + If'(k)l > 0; whence p,,,(Idx] + If'(k)l) = 0, since
max{A,k € S;USs} = 0(1). Therefore, a(g), F(B), B(B) must sat-

isfy the following equation

%fim X! (a-a®+§ - £) - (X, p/h,)X] (b; —b)
j=2i=1

xXixKn, (XTﬁ)+ Z{Au X/ (a-a% - X[, p/h,)X; (b — b))}

XXikKhn(Xilﬁ): , k ESlLJSz,
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the matrix form of which is such that

> > A XK, X p) = Z ZKh X BXi2X o)A —ay)

j=li=1 J=li=

+ Z [Z K hn(XiTjﬁ)Xi@)X;l)](%j(l) - f(}(1))

j2i1

+) ZKh X BX;,p/hy XX ]
i=1

x(b; bO) (9.19)

S

We now move on to the fjs. Note that for £ € S, If?k)l > 0,
whence [f,)| = If?k) +O0(a,)| > 0 and |G| + |f )| > 0. Therefore,

a(p),F(p),B(p) must also satisfy the following equation

0}Q.(a,F,B|g,A) 1 Z ~ T
af}k ::;;Zzg;hﬁij-}(i(an—5104-f}-f9)

~X] p/h)X; (b~ b XK, (X =0,

for £ € S1, the matrix form of which is such that for j =2,--- ,n,

1 . 1 5 g .
; Z Aini(l)Khn(X;;-ﬁ) = {; ZKhn(X;;ﬁ)Xi(l)Xg;g)}(a@) - a?g))
=1 i=1

1 n ~ ~ T A
+{— Z Khn(XiTjﬁ)Xi(l)Xi(l)}(fj(l) - f?(l))

zlﬁ

ﬂmem()uﬁ]
1=1
x(b; —b?). (9.20)
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Since f)j —b? =0(t, + |5ﬁ|) (uniformly in j), from (9.20), we

have, for j =2,---,n,

£i)— f?(l) = [S11,,] 1T, — S12,/(A@) — ak)}
+@>(hn‘[n+hn|6ﬁ| @7®n),

where

l 1

l 1

:‘>|b—l

— ZKh (leﬁ)Xl(l)XL(l)
Q11(XJ|ﬁ)f(XJ|ﬁ)+ (0)(7,19,0,)
- ZKh X] XX
QZQ(leﬁ)f(leﬁ)+(O)(Tn|@,®n)
— ZKh (leﬁ)Xl(l)XL@)
Q12(leﬁ)f(XJ|ﬁ)+(O)(Tn|9 ©,)
= Z A XiKn, X B),

l] L(Z)Kh (leﬁ)

Plug (9.21) into ( 9.19), we have with Sy; ; =

A 0
a@2) —An) =

n

{

J=1

12 —11 n -
{;‘;1822,]} ;;ALJKh (X ﬁ)

So1.,[S11,17 X))

x(Xj(2) —

L Lsmil
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To quantify the term on the RHS of (9.22), we make use of the

following facts

Ay = Yi-X; @+ 1)~ Xp/h,)X; b
1
= & +X,£,,X] 0/t h2X foX)X/p/h,)°

]_~‘|'.. T T T T
+§Xi fO(XJ)5ﬁX X 5ﬁ+h X fo(XJ)(X ﬁ/hn)X p

+0(161>+h,|2, ©,);

1 & - -
_2 Z Khn(XiTjﬁ){Xi@) - SZl,j[Sll,j]_lXi(l)}
== Z e:f Kl B)| X i~ Q (Ke| PIQu (KB} K

+op(n—1/2), (9.23)

and

2 Z Kp (Xuﬁ){Xz(z) So1,[S11,;1” X,(l)}X fO(XJ)X B

le

—Zf X | BIX i) — Qo1 (X B X 1)) K0 IX, £o(X:)
ni-1

XVT(Xilﬁ)5ﬁ +0,(7,10 1)
= 0,(1,16 gl); (9.24)
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where the last equality holds due to the fact that

E [f(Xilﬁ)[Xi(Z) — Q01X 1B (X, |ﬁ)Xi(1)]Xino(Xi)VT(Xi 15)
= | X PEXi) ~ Qo1 Xl HIO1 Xi )X s [K 1) X] Bo(X)
xv T (X;] p)] - 0.

Similarly,

1 & - - T
2 > Khn(X;;'ﬁ){Xi(Z)_S21,j[811,j]_lXi(l)}X;rfo(Xj)(X;;ﬁ/hn)2

J,i=1
12 ~ . o T
= n Z X IBIX2) — Qo1 (X [ BH{Q1:1(X; |ﬁ)}_1Xi(1)]X;rfO(Xi)
=1
+0p(Tn) - Op(Tn)’ (925)
since

Elf X1 B X2 — Qo1 Xi | BQ11 X 1 B) 1 X i) X, £5(X)] = 0.

From (9.23)-(9.25), we have (9.15), which means &) — a?z) of
order O,(n""2). This together with (9.22) leads to

%j(l) _f?(l) - [Sll,j]_lle +@>(hn‘[n + hn|6ﬂ| @7®n)a

from which (9.16) easily follows. Lastly,with the derivatives
with respect to B being zero, a(g), F(8), B() must also satisfy
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the following that for j =2,--- ,n,
1 n
~ Y Kn, XX BIh )X A
=1

1 n
= {23 K, (B /A K K ) - ay)

i=1
1
n:

n
1=

+

K, (XTﬁ)(X By )X; Xl(1)}(f.](1) fO(l))
1

%fz{h XLPXLp/n, XX, }](b -b9,  (9.26)

=1

and also

S|

; ﬁ)( Llﬁ)X AU

=[— ZKh X} ﬁ)( llﬁ)XiXiT@)](ﬁ(z)—a?z))
zlﬁ

+= ZKh X ﬁ)( )X-X,.T](Bl—b‘{). (9.27)

(9.17) is then a result of Lemma 9.1.1, (9.26) and (9.27). The
proof is thus complete. |

We now move on to the study of B, the minimizer of (6.3).
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Let f; =0, and it is immediately clear that f minimizes

~ 1 n n ~ - R - _ R -
Q.BIALP) = 5 Y Y7, -X, @) +1(B) - X[, /h)X, b, ()Y

j=1li=1

<K, (X]B) + Z 1,06
= (- ﬁO)TSn(ﬁ)(ﬁ — By — R (BN (B-By)

d
+Y b1, (B, (9.28)
k=1
where
Sn(B) = 2h2 ZiZiKh (XTﬁ)(X b )ZXLJ ij’
nj=11
- 2
R.(p) = — ZlKh XA -X; (a+1) - X By/hn)
ni,j
XX?BJ}X:BJXU

Using results in Lemma 9.1.3, we understand that

S,(B) = E[f(X|ﬁo)C(Xlﬁo)]+@>(|6ﬁ|+Tn|®n)
- CO+@(|5ﬁ|+rn|@ ), (9.29)

~ 2 - T -
R,() = ;Zeiv(xi|ﬁ)XZbi ZMg(D(Xi|ﬁ)sz;11(xi|ﬁ>xi<1>

< f(X;1B)e; — E{(f M ,)(X| ﬁ)}Mgl{ Z 0.9

X [Xi(z)—(9219111)(Xi|ﬁ)Xi(1)]}— Y K, X/ ﬁ)
n LJ
<X, b, X[ X L(I)Qlll(XJ|ﬁ)M3(1)(XJ|ﬁ)6ﬁ +o(n"'?|®,)
= G((logn/n)"2 +16; (9.30)
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The first result states that f is consistent, if the initial esti-

mator f is.

Lemma 9.1.4. Suppose conditions in Theorem 6.2.1 hold. then
p - B, = 0(ogn/n)"* +1541|B).

Proof of Lemma 9.1.4 Let a, = ogn/n)"2+16 ii" It suffices to

show that for any large enough C > 0, such that for any b =
(b1,"++,bg)" € R? such that b"f,=0and |b| =1,

Q.(By+Ca,bIA, ) >Q.(BylA, B),
which easily follows from the fact that

Q(By+ Ca,bll, B)—Q(ByI1, )
=C%ab'S,(B)b-2Ca,b'R,(B)

d
+ ) {p1,(Box + Canbrl)— ps,(1Bor ),
k=1

assumption (C4), (9.29) and (9.30) in exactly the same way as
in Lemma 9.1.1. The proof is thus complete. |

Lemma 9.1.5. Suppose conditions in Theorem 6.2.1 hold.
Then with probability one, ﬁm =0 for large enough n.

Proof of Lemma 9.1.5 Let a, = logn/n)"2+16 B|. For any k& =
1,---,do, consider

0Q,(BIA, B)
0By,

= Pz, (BeDsign (Br) + 2[S,.(B)w)(B - Bo)
+[R,(B)]), (9.31)
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where [S,,(B)]z) stands for the £th row of S, (B), and [R,,(B)lx),
the kth element of R,(B). Therefore, due to 9.30, for any
B=(B1,,Ba) € R? such that B — B, = O(a,), the last two

terms are of order G(a,,|®) = 0(1;), whence

0Q,(BIA, B)
0B

Since B, = Bor + O(a,) = 0o(A), we have Pi,(Brl) = A, for large

= A{p 3, (1 BrDsign (Br)/ Ay + o(1)}.

enough n. Therefore,
0Q(BIA, B3P, >0, if B, >0; 0Q.(BIA, BB <0, if B, <O0.

The proof is thus complete. |

9.2 Proofs of the main results

Proof of Theorem 6.2.1 Claims in part (a) are as given in
Lemma 9.1.2 and Lemma 9.1.5. Those in part (b) follows
directly from Lemma 9.1.3 and the root-n consistency of B.
Therefore, we need only concentrate on proving part (b). To
this aim, first of all as a follow-up on (9.29) and (9.30), we
claim that in the asymptotic expression for {Sn(ﬁ)}_an(B),
the term which concerns 6 B (representing the effect of the ini-

tial estimate B) diminishes geometrically, due to the fact that
the (absolute) eigenvalues of CE[M (X QX B Ms(X|p)]
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are all strictly less than one for all § € Theta,. This could be
argued as follows: by the Cauchy-Schwartz inequality, for any

real vectors a, b of conformable lengths, we have
{a' M3X|p)b}* <a' Q11(X|By)ab’ Cob,
i.e. the (nonzero) eigenvalues of
[Q1:(XIB)]" M5(X| )bb' [M5(X| )],
identical to those of
b [Ms(X|B)]'[Q1:(X| By)]" M3(XIB)b,

are all less than b'Cgb; since this holds for any X, taking
expectation with X, the same conclusion still holds. A direct
consequence of this claim is that from now on when dealing
with R, (B), we could safely ignore this term which involves
o B

For any B = (B1,---,B4)" € R?, consider a partition f =
(B{,B;)", where B, and B, are of length d and d —d,, respec-
tively. According to Lemma (9.1.5), with n large enough, B as
a local maximizer of (9.28), must take the form B = (0, ii;)T,

and consequently satisfy the following normal equation

0Q.(BIA, B)
P, B=0.p,)"

=[S.(B)l2)(By — Boo) + [R(Bi2) + P, (1B
=0; (9.32)
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here [S,(B)]) is the (d —dy) x(d —d,) lower diagonal submatrix
of S,(B), [R,(B)s is the vector consisting the last d —d,
elements of R, (pB), and p;t(2)(|ﬁ2|) is a (d —dp) x 1 vector with
elements pj (|6z1)sign (Br), do+1 <k <d. As B, is a consistent
estimator of B, (Lemma 9.1.4), we have p;(2)(|i52|) =0 which
together with (9.32) implies that

By — Bos = [S1(B)] )[R (B)]2).

First of all, since [Sn(ii)](z) = BongzCogBongz +O(t,, + |6[5|)’
where B is the (d —dy) x (d —dy— 1) matrix with orthonormal
columns given by the (d —dy— 1) eigen-vectors corresponding

to the nonzero eigen-values of Cyy, we have

[S,(B)2)]* =Boa(BisCo2Bo2) ' Bgy+ 01, + 16 g
=Cy+O0(1, + |5B|)’

and this together with (9.30) leads to
(S (B [Ru(B)ley = %cgz;eiﬂxim)v(zxximmfﬁi
+0(62/h + b5 51| B)
—%%;M(lxm(xu BT )R f K B,

2
_;CJzE {(f - My0)XI BRI M,

S

X { ;gif(Xi |ﬁ) [Xi(g) - (9219;11)(Xi|ﬁ))~(i(1)]},
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where we have left out the term which involves 6 B in (9.30),
as argued at the beginning of the proof. Part (b) thus follows
easily from (9.33), and the continuity in f of functions such

as f(X;|B). |

Corollary 9.2.1. Under conditions (C1)-(C4), we have

Z - X[ f(x) - X/ £,0 )X B/h K, (X, B)

:% Z (X[ Brei + 01,1112, ©,),

%lex X, BIRNY; - X a® — (K], /R, ) K] BOK;, (X, B)
=%éx (KT BIR)K, X Bl + 01,16 11D, ©,)=0(1,12, ©,),
%Z X, Bl )Y - X! a® — (X[ p/h,) X bOK, (X, )
=1

:%ZI X}, B K, X Plei + 01,16 6112, ©,)=0(1,12, ©,),
%fii{Yi—X:ao T B/h )X, bUK, (X1 B)

§||—A

= Y XK, X Pes + 0651+ 121, ©,)=0(651 47,12, 6,

Proof of Corollary 9.2.1 These are standard results in ker-
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nel smoothing, which follow easily from the fact that

Y; - X[ fo(x) - X{ £,0x)(X[ /R n)
T 1 -.-T.
= &; + X £,0(x)X] 6 p/hn+ thXino(x)(XiTX BIn,)’

lety o o T § :
+2X; £10(00 gXixX [0 g + 1o X; oKL B/ )X L0 p

+0(5gI° + 1312, ©,),

which holds for X in close proximity of a given x € &. |
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