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Preface

This book is intended to introduce graduate students and practicing professionals
to some of the main ideas and methods of semiparametric and nonparametric esti-
mation in econometrics. It contains more than enough material for a one-semester
graduate-level course and, to a large extent, is based on a course in semiparametric
and nonparametric methods that I teach at Northwestern University. In the book,
as in the course, I try to emphasize key ideas and provide an intuitive grasp of
how things work while avoiding formal proofs, which in this field tend to be highly
technical, lengthy, and intimidating. Readers who want to see the proofs can find
them in the references that are cited in the book. The book is mainly methodolog-
ical, but it includes empirical examples that illustrate the usefulness of the estima-
tion methods that are presented. The main prerequisite for this book is knowledge
of econometric theory, especially asymptotic distribution theory, at the level found
(for example) in the textbooks by Amemiya (1985) and Davidson and MacKin-
non (1993) and the Handbook of Econometrics chapter by McFadden and Newey
(1994).

The literature in semiparametric and nonparametric estimation in econometrics
and statistics is huge. A book of encyclopedic length would be needed to cover
it exhaustively. The treatment in this book is highly selective. It presents a rela-
tively small set of methods that are important for applied research and that use and,
thereby, provide an opportunity for explaining fundamental concepts and results.
Because the treatment is selective, some readers will find that their favorite meth-
ods are not discussed. However, I hope that this book will provide readers with a
background and understanding of key ideas that makes the broader literature more
accessible to than it would otherwise be.

This book builds on and greatly extends my 1998 book on semiparametric meth-
ods in econometrics. About 50% of the material in this book was not in the 1998
book. The new material includes estimation of nonparametric additive models,
including models with an unknown link function, partially linear models, nonpara-
metric instrumental variables estimation, semiparametric proportional hazards mod-
els with unobserved heterogeneity, and quantile estimators for nonparametric addi-
tive, partially linear, and semiparametric single-index models. In addition, there are
brief discussions of local linear and series estimation of conditional mean and quan-
tile functions. Most of the material that was in the previous book is also in this one,
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but it has been expanded to include estimation methods, especially for single-index
models, that were developed after the previous book was finished.

Many people helped to make this book possible. Wolfgang Hirdle provided the
initial impetus for the 1998 book and, indirectly, this one by inviting me to give
a series of lectures at the annual Paris-Berlin Seminar (which, unfortunately, no
longer exists). The 1998 book is an expanded version of these lectures. Numerous
students read and commented on parts of the new manuscript. I especially thank
Brendan Kline for reading the entire manuscript, finding many errors, and providing
many suggestions for improvements. Xiaohong Chen also read and provided very
helpful comments on parts of the manuscript. John Kimmel, my editor at Springer,
encouraged me to write this book and remained patient even when it became clear
that the writing was taking much longer than either of us originally intended it to.
Finally, I thank Ronna Lerner for her patience and support throughout the lengthy
preparation of this book.

Evanston, 1L
Joel L. Horowitz
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Chapter 1
Introduction

1.1 The Goals of This Book

Many estimation problems in econometrics involve an unknown function or an
unknown function and an unknown finite-dimensional parameter. Models and esti-
mation problems that involve an unknown function are called nonparametric. Mod-
els and estimation problems that involve an unknown function and an unknown
finite-dimensional parameter are called semiparametric.

There are many simple and familiar examples of semiparametric estimation prob-
lems. One is estimating the vector of coefficients 8 in the linear model

Y=XB+U,

where Y is an observed dependent variable, X is an observed (column) vector of
explanatory variables, and U is an unobserved random variable whose mean con-
ditional on X is zero. If the distribution of U is known up to finitely many param-
eters, then the method of maximum likelihood provides an asymptotically efficient
estimator of B and the parameters of the distribution of U. Examples of finite-
dimensional families of distributions are the normal, the exponential, and the Pois-
son. Each of these distributions is completely determined by the values of one or
two constants (e.g., the mean and the standard deviation in the case of the normal
distribution). If the distribution of U is not known up to finitely many parameters,
the problem of estimating B is semiparametric. The most familiar semiparametric
estimator is ordinary least squares (OLS), which is consistent under mild assump-
tions regardless of the distribution of U. By contrast, a parametric estimator of j
need not be consistent. For example, the maximum-likelihood estimator is incon-
sistent if U is exponentially distributed but the analyst erroneously assumes it to be
lognormal.

The problem of estimating the coefficient vector in a linear model is so sim-
ple and familiar that labeling it with a term as fancy as semiparametric may seem
excessive. A more difficult problem that has received much attention in economet-
rics is estimation of a binary-response model. Let Y be a random variable whose
only possible values are 0 and 1, and let X be a vector of covariates of Y. Consider

J.L. Horowitz, Semiparametric and Nonparametric Methods in Econometrics, 1
Springer Series in Statistics, DOI 10.1007/978-0-387-92870-8_1,
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2 1 Introduction

the problem of estimating the probability that ¥ = 1 conditional on X. Suppose that
the true conditional probability is

P(Y =1X=x) =FXp),

where F is a distribution function and § is a vector of constant parameters that is
conformable with X. If F is assumed to be known a priori, as in a binary probit
model, where F is the standard normal distribution function, the only problem is to
estimate . This can be done by maximum likelihood. F is rarely known in appli-
cations, however. If F is misspecified, then the maximum-likelihood estimators of
B and P(Y = 1|X = x) are inconsistent except in special cases, and inferences
based on them can be highly misleading. In contrast to estimation of a linear model,
where a simple and familiar estimator (OLS) is automatically semiparametric, the
distribution function F has a nontrivial influence on the most familiar estimator of a
binary-response model.

Many other important estimation problems involve unknown functions in non-
trivial ways. Often, as is the case in the foregoing examples, the unknown func-
tion is the distribution function of an unobserved random variable that influences
the relation between observed variables. As will be discussed later in this chapter,
however, the unknown function may also describe other features of a model. The
methods needed to estimate models that include both an unknown function and an
unknown finite-dimensional parameter (semiparametric models) are different from
those needed to estimate models that contain one or more unknown functions but no
finite-dimensional parameters (nonparametric models). Thus, it is important to dis-
tinguish between the two types of models. This book is concerned with estimation
of both types.

Nonparametric and semiparametric estimation problems have generated large lit-
eratures in both econometrics and statistics. Most of this literature is highly techni-
cal. Moreover, much of it is divorced from applications, so even technically sophis-
ticated readers can have difficulty judging whether a particular technique is likely to
be useful in applied research. This book aims at mitigating these problems. I have
tried to present the main ideas underlying a variety of nonparametric and semipara-
metric methods in a way that will be accessible to graduate students and applied
researchers who are familiar with econometric theory at the level found (for exam-
ple) in the textbooks by Amemiya (1985) and Davidson and MacKinnon (1993)
or the Handbook of Econometrics chapter by McFadden and Newey (1994). To this
end, I have emphasized ideas rather than technical details and have provided as intu-
itive an exposition as possible. I have given heuristic explanations of how important
results are proved, rather than formal proofs. Many results are stated without any
kind of proof, heuristic or otherwise. In all cases, however, I have given references
to sources that provide complete, formal proofs.

I have also tried to establish links to applications and to illustrate the ability of
nonparametric and semiparametric methods to provide insights into data that are
not readily available using more familiar parametric methods. To this end, each
chapter contains a real-data application as well as examples without data of applied
problems in which semiparametric methods can be useful.
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I have not attempted to provide a comprehensive treatment of nonparametric and
semiparametric methods in econometrics. The subject is so large that any effort to
treat it comprehensively would require a book of encyclopedic length. Accordingly,
this book treats only a small set of estimation problems that I have selected because
they are central to the field, illustrate important methods and ideas, and are useful
for a wide variety of applications. Some other important estimation problems are
described briefly, but I have not attempted to list all important problems and topics.
Estimation of models for time series is not treated. Nonparametric and semipara-
metric methods for estimating conditional quantile functions have received much
attention in recent years, but their treatment in this book is briefer than the treatment
of conditional mean functions. Quantile estimation is technically complex owing to
the nonsmoothness of the quantile criterion function. A thorough treatment would
be parallel to and as long as this book’s treatment of conditional mean functions. The
subject of specification testing, which has received much attention recently, is also
not treated. Other treatments of nonparametric and semiparametric estimation are
provided in the books by Bickel et al. (1993), Pagan and Ullah (1999), and Li and
Racine (2007) and the review by Powell (1994). These treatments are also selective,
but they cover some of the topics not included in this book.

1.2 Dimension Reduction

One of the most important tasks of applied econometrics and statistics is estimating
a conditional mean or quantile function. For example, one may want to estimate the
mean annual earnings of workers in a certain population as a function of observ-
able characteristics such as level of education and experience in the workforce. As
another example, one may want to estimate the probability that an individual is
employed conditional on observable characteristics such as age, level of education,
and sex.

The most frequently used estimation methods assume that the function of inter-
est is known up to a set of constant parameters that can be estimated from data. For
example, a linear model of the mean of a random variable Y conditional on another
variable X is E(Y|X = x) = Bo + B1x, where By and B are constant parameters.
The use of such a parametric model greatly simplifies estimation, statistical infer-
ence, and interpretation of the estimation results but is rarely justified by theoretical
or other a priori considerations. Estimation and inference based on convenient but
incorrect assumptions about the form of the conditional mean function can be highly
misleading.

As an illustration, the solid line in Fig. 1.1 shows an estimate of the mean of the
logarithm of weekly wages, log W, conditional on years of work experience, EXP,
for white males with 12 years of education who work full time and live in urban
areas of the North Central United States. The estimate was obtained by applying
kernel nonparametric regression (see Section A.2 of the Appendix) to data from the
1993 Current Population Survey (CPS). The estimated conditional mean of log W
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Fig. 1.1 Nonparametric and parametric estimates of mean log wages

increases steadily up to approximately 25 years of experience and is nearly flat there-
after. The dashed and dotted lines in Fig. 1.1 show two parametric estimates of the
mean of the logarithm of weekly wages conditional on years of work experience.
The dashed line is the OLS estimate that is obtained by assuming that the mean of
log W conditional on EXP is the linear function E(log W | EXP) = Bo+ S1EXP. The
dotted line is the OLS estimate that is obtained by assuming that E(log W|EXP) is
the quadratic function E(log W | EXP) = By + B1EXP + B, EXP?. The nonparamet-
ric estimate (solid line) places no restrictions on the shape of E(log W|EXP). The
linear and quadratic models give misleading estimates of E(log W|EXP). The lin-
ear model indicates that E(log W|EXP) increases steadily as experience increases.
The quadratic model indicates that E(log W|EXP) decreases after 32 years of expe-
rience. Because the nonparametric estimate does not restrict the conditional mean
function to be linear or quadratic, it is more likely to represent the true conditional
mean function. In fact, the linear and quadratic models are misspecified. Both are
rejected by simple specification tests such as RESET (Ramsey 1969).

Many investigators attempt to minimize the risk of specification error by carrying
out a specification search in which several different models are estimated and con-
clusions are based on the one that appears to fit the data best. Specification searches
may be unavoidable in some applications, but they have many undesirable properties
and their use should be minimized. There is no guarantee that a specification search
will include the correct model or a good approximation to it. If the search includes
the correct model, there is no guarantee that it will be selected by the investiga-
tor’s model selection criteria. Moreover, the search process invalidates the statistical
theory on which inference is based.

The possibility of specification error in estimation of a conditional mean or quan-
tile function can be essentially eliminated through the use of nonparametric estima-
tion methods. In nonparametric estimation, E(Y|X = x) considered as a function of x
is assumed to satisfy smoothness conditions (e.g., differentiability), but no assump-
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tions are made about its shape or the form of its dependence on x. Similarly, a condi-
tional quantile function is assumed to satisfy smoothness conditions but is otherwise
unrestricted. Nonparametric estimation techniques and their properties are summa-
rized in the Appendix. Nonparametric estimation of a conditional mean or quantile
function maximizes flexibility and minimizes the risk of specification error. The
price of this flexibility can be high, however, for several reasons.

First, estimation precision decreases rapidly as the dimension of X increases (the
curse of dimensionality). Specifically, the fastest achievable rate of convergence
in probability of an estimator of E(Y |X = x) decreases as the number of con-
tinuously distributed components of X increases (Stone 1980). The same is true
for a conditional quantile function. As a result, impracticably large samples may
be needed to obtain acceptable estimation precision if X is multidimensional, as it
often is in economic applications. This is an unavoidable problem in nonparametric
estimation.

A second problem with nonparametric estimation is that its results can be difficult
to display, communicate, and interpret when X is multidimensional. Nonparametric
estimates usually do not have simple analytic forms. If x is one- or two-dimensional,
a nonparametric estimate of, say, E(Y | X = x) can be displayed graphically. When
X has three or more components, however, only reduced-dimension projections of
E(Y|X = x) can be displayed. Many such displays and much skill in interpreting
them may be needed to fully convey and comprehend the shape of E(Y|X = x).

A further problem with nonparametric estimation is that it does not permit extrap-
olation. For example, in the case of a conditional mean function it does not provide
predictions of E(Y|X = x) at points x that are outside of the support (or range) of
the random variable X. This is a serious drawback in policy analysis and forecasting,
where it is often important to predict what might happen under conditions that do
not exist in the available data. Finally, in nonparametric estimation, it can be diffi-
cult to impose restrictions suggested by economic or other theory. Matzkin (1994)
discusses this issue.

A variety of methods are now available for overcoming the curse of dimension-
ality and other drawbacks of fully nonparametric estimation. These methods offer a
compromise between the flexibility of fully nonparametric estimation and the pre-
cision of parametric models. They make assumptions about functional form that are
stronger than those of a nonparametric model but less restrictive than those of a para-
metric model, thereby reducing (though not eliminating) the possibility of specifi-
cation error. They provide greater estimation precision than do fully nonparametric
methods when X is multidimensional; the estimation results are easier to display and
interpret; and there are limited capabilities for extrapolation and imposing restric-
tions derived from economic or other theory models. The term dimension reduction
is often used to describe these estimation methods because they increase estimation
precision by reducing the effective dimension of the estimation problem. Chapters
2,3, 4, and 6 of this book present several leading methods for achieving dimension
reduction. Chapter 2 treats semiparametric single-index models. Chapter 3 treats
nonparametric additive models and semiparametric partially linear models. Chap-
ter 4 discusses semiparametric estimation methods for binary-response models.
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Chapter 6 discusses semiparametric transformation models. Chapter 5 treats a class
of nonparametric estimation problems that do not involve dimension reduction.

1.3 Are Semiparametric and Nonparametric Methods Really
Different from Parametric Ones?

Suppose one wants to estimate the conditional mean function E(Y|X = x), and
E(Y|X = x) is a continuous function of x. Suppose, also, that X is contained in
the compact interval [a,b]. A continuous function on a compact set can be approx-
imated arbitrarily accurately by a polynomial, so E(Y|X = x) can be approximated
arbitrarily accurately on [a,b] by a polynomial. Sometimes it is argued that this fact
makes nonparametric estimation unnecessary. According to the argument, it suffices
to estimate the coefficients of the approximating polynomial, which can be done by
ordinary least squares. Indeed, a class of nonparametric estimation methods called
series or sieve estimators works this way. See the Appendix. Thus, it is possible
for parametric and nonparametric estimates of a conditional mean function to be
identical. Similar results are available for other functions and for semiparametric
estimation.

However, parametric estimation and nonparametric series or sieve estimation
lead to different inference even if they give identical estimates of a conditional mean
function or other function. Inference based on a parametric estimate treats the para-
metric model as exact, whereas inference based on nonparametric estimation treats
it as an approximation. The approximation error is included in confidence inter-
vals and hypothesis tests based on nonparametric methods but not in those based
on parametric estimation. Therefore, the apparent precision of parametric estimates
is misleading unless the parametric model is known to be correct. The parametric
model reflects “information” that is in the parametric specification as well as infor-
mation that is in the data. For example, in the case of using a polynomial to estimate
a conditional mean function, parametric estimation assumes that the true conditional
mean function is a polynomial whose degree does not exceed a known, finite value.
In contrast, nonparametric estimation allows the possibility that no finite polynomial
fits the true conditional mean function exactly. Because inference based on paramet-
ric estimation does not take account of approximation error, conclusions that appear
to be supported by a parametric model may not be supported by nonparametric
methods even if the parametric and nonparametric estimates are identical. This is
why the argument described in the previous paragraph is wrong. Similar consider-
ations apply to semiparametric models. Even if a parametric model gives the same
estimates as a semiparametric one, the parametric and semiparametric models yield
different inference except in special cases.



Chapter 2
Single-Index Models

This chapter describes single-index models for conditional mean and quantile func-
tions. Single-index models relax some of the restrictive assumptions of familiar
parametric models, such as linear models and binary probit or logit models. In addi-
tion, single-index models achieve dimension reduction and, thereby, greater estima-
tion precision than is possible with fully nonparametric estimation of E(Y|X = x)
when X is multidimensional. Finally, single-index models are often easy to compute,
and their results are easy to interpret. Sections 2.1-2.9 present a detailed discussion
of single-index models for conditional mean functions. Conditional quantile func-
tions are discussed in Section 2.9.

2.1 Definition of a Single-Index Model of a Conditional
Mean Function

Let Y be a scalar random variable and X be a d x 1 random vector. In a single-index
model, the conditional mean function E(Y|X = x) has the form

E(YIX =x) =G (¥8), 2.1)

where 8 is an unknown d X 1 constant vector and G is an unknown function. The
quantity x’ B is called an index. The inferential problem in (2.1) is to estimate 8 and
G from observations of (Y, X).

Model (2.1) contains many widely used parametric models as special cases. If G
is the identity function, then (2.1) is a linear model. If G is the cumulative normal
or logistic distribution function, then (2.1) is a binary probit or logit model. A tobit
model is obtained if one assumes that G (x/ ,3) = E(Y|X = x) in the model

Y =max (0, X'8+U),

where U is an unobserved, normally distributed random variable that is independent
of X and has a mean of zero. When G is unknown, (2.1) provides a specification that

J.L. Horowitz, Semiparametric and Nonparametric Methods in Econometrics, 7
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8 2 Single-Index Models

is more flexible than a parametric model but retains many of the desirable features
of parametric models.

A single-index model achieves dimension reduction and avoids the curse of
dimensionality because, as will be seen later in this chapter, the index x'8 aggre-
gates the dimension of x. Consequently, G in a single-index model can be esti-
mated with the same rate of convergence in probability that it would have if the
one-dimensional quantity X’8 were observable. Moreover, 8 can be estimated with
the same rate of convergence, n~1/2 that is achieved in a parametric model. Thus,
in terms of rate of convergence in probability, the single-index model is as accurate
as a parametric model for estimating 8 and as accurate as a one-dimensional non-
parametric mean regression for estimating G. This dimension-reduction feature of
single-index models gives them a considerable advantage over nonparametric meth-
ods in applications where X is multidimensional and the single-index structure is
plausible.

The assumptions of a single-index model are weaker than those of a paramet-
ric model and stronger than those of a fully nonparametric model. Thus, a single-
index model reduces the risk of misspecification relative to a parametric model
while avoiding some drawbacks of fully nonparametric methods such as the curse
of dimensionality, difficulty of interpretation, and lack of extrapolation capability.

There is an important exception to the characterization of a single-index model
as intermediate or as making weaker assumptions than a nonparametric model.
This exception occurs in the estimation of structural economic models. A struc-
tural model is one whose components have a clearly defined relation to economic
theory. It turns out that the restrictions needed to make possible a structural interpre-
tation of a nonparametric model can cause the nonparametric model to be no more
general than a single-index model. To see why, consider a simple structural model
of whether an individual is employed or unemployed.

Example 2.1: A Binary-Response Model of Employment Status An important
model in economic theory states that an individual is employed if his market wage
exceeds his reservation wage, which is the value of his time if unemployed. Let Y :
denote the difference between an individual’s market and reservation wages. Con-
sider the problem of inferring the probability distribution of ¥" conditional on a
vector of covariates, X, that characterizes the individual and, possibly, the state of
the economy. Let H denote the conditional mean function. That is, EY1X =x) =
H(x). Then

Y = H(X) - U, (2.2)

where U is an unobserved random variable that captures the effects of variables other
than X that influence employment status (unobserved covariates). Suppose that U is
independent of X, and let F' be the cumulative distribution function (CDF) of U. The
estimation problem is to infer H and F. It turns out, however, that this problem has
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no solution unless suitable a priori restrictions are placed on H and F. The remainder
of this example explains why this is so and compares alternative sets of restrictions.

To begin, suppose that ¥~ were observable. Then H could be estimated nonpara-
metrically as the nonparametric mean regression of Y  on X. More importantly, the
population distribution of the random vector (Y ", X) would identify (that is, uniquely
determine) H if H is a continuous function of the continuous components of X. F
would also be identified if ¥* were observable, because F would be the CDF of the
identified random variable U = H(X) — Y". F could be estimated as the empirical
distribution function of the quantity that is obtained from U by replacing H with
its estimator. However, Y is not observable because the market wage is observable
only for employed individuals, and the reservation wage is never observable. An
individual’s employment status is observable, though. Moreover, according to the
economic theory model, Y > 0 for employed individuals, whereas Y" < 0 for indi-
viduals who are not employed. Thus, employment status provides an observation of
the sign of Y. Let ¥ be the indicator of employment status: ¥ = 1 if an individual
is employed and Y = 0 otherwise. We now investigate whether H and F can be
inferred from observations of (Y, X).

To solve this problem, let G(x) = P(Y = 1|x) be the probability that ¥ = 1 con-
ditional on X = x. Because Y is binary, G(x) = E(Y|X = x) and G can be estimated
as the nonparametric mean regression of ¥ on X. More importantly, the population
distribution of the observable random vector (Y, X) identifies G if G is a continuous
function of the continuous components of X. It follows from (2.2) that P( Y > 01X =
x) = F[H(x)]. Therefore, since ¥~ > 0 if and onlyif ¥ =1, P(Y* >0X =x) =
P(Y = 1|x) and

FIH(X)] = G(x). (2.3)

The problem of inferring H and F can now be seen. The population distribution
of (Y, X) identifies G. H and F are related to G by (2.3). Therefore, H and F are
identified and nonparametrically estimable only if (2.3) has a unique solution for H
and F in terms of G.

One way to achieve identification is by assuming that H has the single-index
structure

H(x) = ¥'B. (2.4)

If (2.4) holds, then identification of H is equivalent to identification of 8. As will be
discussed in Section 2.3, B is identified if X has at least one continuously distributed
component whose B coefficient is nonzero, F is differentiable and nonconstant, and
certain other conditions are satisfied. F is also identified and can be estimated as the
nonparametric mean regression of Y on the estimate of X’8.

The single-index model (2.4) is more restrictive than a fully nonparametric
model, so it is important to ask whether H and F are identified and estimable non-
parametrically. This question has been investigatedby Matzkin (1992, 1994). The
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answer turns out to be no unless H is restricted to a suitably small class of functions.
To see why, suppose that X is a scalar and

Gx) = .
*) I+e*
Then one solution to (2.3) is
H(x) =x
and
F(u) = ; —00 < U < 00.

14+e#
Another solution is

H(x) =

1 +e*

and
Fu)=u;0<u<l.

Therefore, (2.3) does not have a unique solution, and F and H are not identified
unless they are restricted to classes that are smaller than the class of all distribution
functions (for F) and the class of all functions (for H).

Matzkin (1992, 1994) gives examples of suitable classes. Each contains some
single-index models but none contains all. Thus, the single-index specification con-
sisting of (2.3) and (2.4) contains models that are not within Matzkin’s classes of
identifiable, nonparametric, structural models. Similarly, there are identifiable, non-
parametric, structural models that are not single-index models. Therefore, Matzkin’s
classes of identifiable, nonparametric, structural models are neither more nor less
general than the class of single-index models. It is an open question whether there
are interesting and useful classes of identifiable, nonparametric, structural models
of the form (2.3) that contain all identifiable single-index submodels of (2.3).

2.2 Multiple-Index Models

A multiple-index model is a generalization of a single-index model. Its form is

EY|X=x) = x(')ﬂo +G (x/l,Bl, el x}WﬂM) s 2.5)
where M > 1 is a known integer, x,, (m = 0, ...,M) is a subvector of x, S,
(m = 0, ...,M) is a vector of unknown parameters, and G is an unknown func-

tion. This model has been investigated in detail by Ichimura and Lee (1991) and
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Hristache et al. (2001). A different form of the model called sliced inverse regres-
sion has been proposed by Li (1991). If the g parameters in (2.5) are identified and
certain other conditions are satisfied, then the 8 s can be estimated with a n1/2 rate
of convergence in probability, the same as the rate with a parametric model. The
estimator of E(Y|X = x) converges at the rate of a nonparametric estimate of a con-
ditional mean function with an M-dimensional argument. Thus, in a multiple-index
model, estimation of E(Y|X = x) but not of 8 suffers from the curse of dimension-
ality as M increases.

The applications in which a multiple-index model is likely to be useful are dif-
ferent from those in which a single-index model is likely to be useful. The curse
of dimensionality associated with increasing M and the need to specify identifi-
able indices a priori limit the usefulness of multiple-index models for estimating
E(Y|X = x). There are, however, applications in which the object of interest is 3,
not E(Y|X = x), and the specification of indices arises naturally. The following
example provides an illustration.

Example 2.2: A Wage Equation with Selectivity Bias Let W denote the loga-
rithm of an individual’s market wage. Suppose we want to estimate E(W|Z = z) =
E(W|z), where Z is a vector of covariates such as experience and level of educa-
tion. Suppose, also, that the conditional mean function is assumed to be linear. Then
E(W|z) = 7o, where « is a vector of coefficients. Moreover,

W=7Za+V, 2.6)

where V is an unobserved random variable that represents the effects on wages
of variables not included in Z (e.g., unobserved ability). If (W, Z) were observ-
able for a random sample of individuals, then « could be estimated, among other
ways, by applying ordinary least squares to (2.6). However, W is observable only
for employed individuals, and a random sample of individuals is likely to include
some who are unemployed. Therefore, unless attention is restricted to groups in
which nearly everyone is employed, one cannot expect to observe (W, Z) for a ran-
dom sample of individuals.

To see how this problem affects estimation of o and how it can lead to a multiple-
index model, suppose that employment status is given by the single-index model
consisting of (2.2) and (2.4). Then the mean of W conditional on X = x, Z = z, and
Y=1is

EW|z,x,Y =1)=7a+E (Vlz, x,U < x’ﬂ) . 2.7
If Vis independent of Z and X conditional on U, then (2.7) becomes
EWlz,xY = 1) =Za+G(¥B), (2.8)

where G(X'8) = E(V|z, x,U < x'B). Equation (2.8) is a multiple-index model that
gives the mean of log wages of employed individuals conditional on covariates



12 2 Single-Index Models

Z and X. Observe that (2.8) is not equivalent to the linear model (2.6) unless
E(V|z, x,U < x'B) = 0. If E(V|z, x,U < x'B) # 0, estimation of (2.6) by ordinary
least squares will give rise to a selectivity bias arising from the fact that one does not
observe W for a random sample of individuals. This is also called a sample selec-
tion problem because the observed values of W are selected nonrandomly from the
population. Gronau (1974) and Heckman (1974) used models like (2.7) under the
additional assumption that V and U are bivariate normally distributed. In this case
G is known up to a scalar parameter, and the model is no longer semiparametric.

In (2.8), « is identified only if X has at least one continuously distributed compo-
nent that is not a component of Z and whose f coefficient is nonzero. The credibility
of such an exclusion restriction in an application can be highly problematic. Manski
(1994, 1995) provides a detailed discussion of the problems of identification in the
presence of sample selection. H

2.3 Identification of Single-Index Models

The remainder of this chapter is concerned with the semiparametric single-index
model (2.1).

2.3.1 Conditions for Identification of B and G

Before estimation of 8 and G can be considered, restrictions must be imposed that
ensure their identification. That is, 8 and G must be uniquely determined by the pop-
ulation distribution of (Y, X). Identification of single-index models has been inves-
tigated by Ichimura (1993) and, for the special case of binary-response models, by
Manski (1988). Some of the restrictions required for identification are easy to see. It
is clear that $ is not identified if G is a constant function. It is also clear that as in a
linear model, B is not identified if there is an exact linear relation among the compo-
nents of X (perfect multicollinearity). In other words, 8 is not identified if there are
a constant vector o and a constant scalar ¢ such that X'a = ¢ with probability one.

To obtain additional conditions for identification, let y be any constant and § be
any nonzero constant. Define the function G by the relation G*(y + 6v) = G(v) for
all v in the support of X’8. Then

E(Y|X =x) =G (¥B) 2.9)
and
EYIX=x) =G (y +xB9). (2.10)

Models (2.9) and (2.10) are observationally equivalent. They could not be distin-
guished empirically even if the population distribution of (¥, X) were known. There-
fore, B and G are not identified unless restrictions are imposed that uniquely specify
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y and 8. The restriction on y is called a location normalization, and the restriction
on § is called a scale normalization. Location normalization can be achieved by
requiring X to contain no constant (intercept) component. Scale normalization can
be achieved by setting the B coefficient of one component of X equal to one. In this
chapter it will be assumed that the components of X have been arranged so that scale
normalization is carried out on the coefficient of the first component. Moreover, for
reasons that will now be explained, it will also be assumed that this component of X
is a continuously distributed random variable.

To see why there must be at least one continuously distributed component of X,
consider the following example.

Example 2.3: A Single-Index Model with Only Discrete Covariates Suppose that
X = (X1,X>) is two-dimensional and discrete with support consisting of the corners
of the unit square: (0,0), (1,0), (0,1), and (1,1). Set the coefficient X; equal to one to
achieve scale normalization. Then (2.1) becomes

EY|X =x) =G (x1 + Baxz) .

Suppose that the values of E(Y|X = x) at the points of support of X are as shown in
Table 2.1. Then all choices of , and G that equate the entry in the second column
to the corresponding entry in the third column are correct models of E(Y|X = x).
These models are observationally equivalent and would be indistinguishable from
one another even if the population distribution of (Y, X) were known. There are
infinitely many such models, so B> and G are not identified. Bierens and Hartog
(1988) provide a detailed discussion of alternative, observationally equivalent forms
of f and G when all components of X are discrete. H

Another requirement for identification is that G must be differentiable. To under-
stand why, observe that the distinguishing characteristic of a single-index model
that makes identification possible is that E(Y|X = Xx) is constant if x changes in
such a way that X’ 8 stays constant. However, if X’8 is a continuously distributed
random variable, as it is if X has at least one continuous component with a nonzero
coefficient, the set of X values on which X8 = c¢ has probability zero for any c.
Events of probability zero happen too infrequently to permit identification. If G is
differentiable, then G(X’B) is close to G(c) whenever X’B is close to c. The set of

Table 2.1 An unidentified single-index model

(x1,x2) (x1, X2) E(Y|X =Xx) G(x1 + Pax2)
(0, 0) 0 G(0)

(1,0) 0.1 G(1)

0, 1) 03 G(B2)

(1,1 0.4 G(1 + B2)
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X values on which X’B is within any specified nonzero distance of ¢ has nonzero
probability for any c in the interior of the support of X’8. This permits identification
of B through “approximate” constancy of X’8.

It is now possible to state a complete set of conditions for identification of g in
a single-index model. This theorem assumes that the components of X are all con-
tinuous random variables. Identification when some components of X are discrete is
more complicated. This case is discussed after the statement of the theorem.

Theorem 2.1 (Identification in Single-Index Models): Suppose that E(Y|X = x)
satisfies model (2.1) and X is a d-dimensional random variable. Then 8 and G are
identified if the following conditions hold:

(a) G is differentiable and not constant on the support of X'B .

(b) The components of X are continuously distributed random variables that have
a joint probability density function.

(c) The support of X is not contained in any proper linear subspace of R? .

(d pg=1.1

Ichimura (1993) and Manski (1988) provide proofs of several versions of this
theorem. It is also possible to prove a version that permits some components of X to
be discrete. Two additional conditions are needed. These are as follows: (1) varying
the values of the discrete components must not divide the support of X’ 8 into disjoint
subsets and (2) G must satisfy a nonperiodicity condition.

The following example illustrates the need for condition (1).

Example 2.4: Identification of a Single-Index Model with Continuous and
Discrete Covariates Suppose that X has one continuous component, X, whose
support is [0,1], and one discrete component, X>, whose support is the two-point
set {0,1}. Assume that X; and X, are independent and that G is strictly increasing
on [0,1]. Set B; = 1 to achieve scale normalization. Then X’'8 = X|+8,X;. Observe
that E[Y|X = (x1,0)] = G(x1) and E[Y|X = (x1,1)] = G(x1 + B2). Observations
of X for which X, = 0 identify G on [0,1]. However, if 8, > 1, the support of
X1 + B2 is disjoint from [0,1], and B is, in effect, an intercept term in the model for
E[Y|X = (x1,1)]. As was explained in the discussion of location and scale normal-
ization, an intercept term is not identified, so 3, is not identified in this model.

The situation is different if 8, < 1, because the supports of X| and X| + B> then
overlap. The interval of overlap is [8>,1]. Because of this overlap, there is a subset
of the support of X on which X, = 1 and G(X| + B2) = G(v) for some v € [0,1].
The subset is {X: X| € [B2,1], Xo = 1}. Since G(v) is identified for v € [B,,1] by
observations of X for which X, = 0, 8, can be identified by solving

E[YX = (x1,1)] = G(x1 + B2) (2.11)

on the set of x| values where the ranges of E(Y|X = (x1,1)) and G(x| + B2) overlap.
|
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To see why G must satisfy a nonperiodicity condition, suppose that in Exam-
ple 2.3 G were periodic on [f2,1] instead of strictly increasing. Then (2.11) would
have at least two solutions, so 8> would not be identified. The assumption that
G is strictly increasing on [0,1] prevents this kind of periodicity, but many other
shapes of G also satisfy the nonperiodicity requirement. See Ichimura (1993) for
details.

2.3.2 Identification Analysis When X Is Discrete

One of the conclusions reached in Section 2.3.1 is that 8 and G are not identified in
a semiparametric single-index model if all components of X are discrete. It does not
necessarily follow, however, that data are completely uninformative about g. In this
section it is shown that if G is assumed to be an increasing function, then one can
obtain identified bounds on the components of S.

To begin, it can be seen from Table 2.1 that there is a G that solves (2.11) for
every possible value of 8, in Example 2.3. Therefore, nothing can be learned about
B> if nothing is known about G. This is not surprising. Even when the compo-
nents of X are all continuous, some information about G is necessary to identify g
(e.g., differentiability in the case of Theorem 2.1). Continuity and differentiability of
G are not useful for identification when all components of X are discrete. A property
that is useful, however, is monotonicity. The usefulness of this property is illustrated
by the following example, which is a continuation of Example 2.3.

Example 2.5: Identification When X Is Discrete and G Is Monotonic Consider
the model of Example 2.3 and Table 2.1 but with the additional assumption that G
is a strictly increasing function. That is,

G(v)) < GO») & vy <. (2.12)

Inequality (2.12) together with the information in columns 2 and 3 of Table 2.1
implies that 8, > 1. This result is informative, even though it does not point-identify
B2, because any value of 8, in ( — 00,00) is possible in principle. Knowledge of the
population distribution of (¥, X) combined with monotonicity of G excludes all
values in ( — oo,1].

If the support of X is large enough, then it is possible to identify an upper bound
on B as well as a lower bound. For example, suppose that the point (X1,X2) =
(0.6,0.5) is in the support of X along with the four points in Example 2.3 and that
E(Y|X; = 0.6, X, = 0.5) = G(0.6 + 0.587) = 0.35. This information combined
with (2.12) and row 3 of Table 2.1 implies that 8y < 0.64-0.58;, so B2 < 1.2. There-
fore, the available information gives the identified bounds 1 < 8> < 1.2. Any value
of B in the interval (1,1.2) is logically possible given the available information, so
the bounds 1 < B < 1.2 are the tightest possible. l
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Now consider the general case in which X is d-dimensional for any finite d > 2
and has M points of support for any finite M > 2. Let x,, denote the m th point of
support (m = 1, ..., M). The population distribution of (¥, X) identifies G(x,S)
for each m. Assume without loss of generality that the support points x,, are sorted
so that

G\ B) < G(x4B) < -+ < GxyB).

Achieve location and scale normalization by assuming that X has no constant com-
ponent and that 81 = 1. Also, assume that G is strictly increasing. Then tight, identi-
fied bounds on B, (2 < m < M) can be obtained by solving the linear programming
problems

maximize (minimize): b,, (.13
subjectto:x]{bij’»ﬂb; j=1, ..., M—1 13)

with strict equality holding in the constraint if G(xb) = G(xj’. 1b). The solutions to
these problems are informative whenever they are not infinite.

Bounds on other functionals of 8 can be obtained by suitably modifying the
objective function of (2.13). For example, suppose that z is a point that is not in the
support of X and that we are interested in learning whether E(Y|X = z) = G(Z'B)
is larger or smaller than E(Y|X = x,,) = G(x],B8) for some x,, in the support of X.
G(Z'B) — G(x,,B) is not identified if X is discrete, but (z — x,,)’ 8 can be bounded
by replacing b, with (z — x,,,)'b in the objective function of (2.13). If the resulting
lower bound exceeds zero, then we know that G(z'8) > G(x), 8), even though G(z'8)
is unknown. Similarly, G(z'8) < G(x],8) if the upper bound obtained from the
modified version of (2.13) is negative.

Now consider solving (2.13) with the objective function (x,, — z)’b for each
m = 1,...,M. Suppose this procedure yields the result (x,, — z)’8 < 0if m < j for
some j (1 <j < M). Then it follows from monotonicity of G that G(z'8) > G(x]’- B).
Similarly, if the solutions to the modified version of (2.13) yield the result (x,, —
2)'B > 0if m > k for some k (1 < k < M), then G(z'8) < G(x;B). Since G(xj’.,B)
and G(x; B) are identified, this procedure yields identified bounds on the unidentified
quantity G(z'B), thereby providing a form of extrapolation in a single-index model
with a discrete X. The following example illustrates this form of extrapolation.

Example 2.6: Extrapolation When X Is Discrete and G Is Monotonic Let G,
E(Y|X = x), and the points of support of X be as in Example 2.5. Order the points
of support as in Table 2.2. As in Example 2.5, the available information implies that

l<p <12 (2.14)

but does not further identify B,. Suppose that z = (0.3,0.25)". What can be said
about the value of E(Y|X = z) = G(z/8) = G(0.3 + 0.258,)? This quantity is not
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Table 2.2 A second unidentified single-index model

m Xm EY|X = xn) G(xm)

1 (0, 0) 0 G(0)

2 (1, 0) 0.1 G(1)

3 0,1 0.3 G(B2)

4 (0.6, 0.5) 0.35 G(0.6 4+ 0.562)
5 (1, 1) 0.4 G(1 4+ B2)

identified, but the following bounds may be obtained by combining the information
in Table 2.2 with inequality (2.14):

—0.6 < (x1 —2)B < —0.55,
0.4 < (xp —2)'B < 0.45,
0.45 < (x3 — 2B < 0.60,
0.55 < (x4 — 2)'B < 0.60,

and
1.45 < (xs —2)'B < 1.60.

Therefore, monotonicity of G implies that G(x} 8) < G(z'B) < G(x},p), so identified
bounds on the unidentified quantity G(z'8) are 0 < G(z/8) < 0.1. R

2.4 Estimating G in a Single-Index Model

‘We now turn to the problem of estimating G and S in the single-index model (2.1). It
is assumed throughout the remainder of this chapter that G and g are identified. This
section is concerned with estimating G. Estimation of 8 is dealt with in Sections 2.5
and 2.6.

Suppose, for the moment, that 8 is known. Then G can be estimated as the
nonparametric mean regression of ¥ on X’f. There are many nonparametric mean-
regression estimators that can be used. See, for example, Hérdle (1990), Hirdle and
Linton (1994), and the Appendix. This chapter uses kernel estimators. The proper-
ties of these estimators are summarized in the Appendix.

To obtain a kernel estimator of G(z) at any z in the support of X', let the data con-
sist of a random sample of n observations of (Y, X). Let{Y;, X; : i=1, ..., n}
denote the sample. Here, the subscript i indexes observations, not components of X.
Define Z; = X{ B. Let K be a kernel function, and let {#,} be a sequence of band-
width parameters. Under the assumption that 8 is known, the kernel nonparametric
estimator of G(z) is

n

E:YK<Z_Z> (2.15)
1 hn ) .

i=1

O @
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where

n

* 1 Z_Zi
pn<z>=n—hnZK< i ) (2.16)

i=1

The estimator (2.15) cannot be implemented in an application because 8 and, there-
fore, Z; are not known. This problem can be remedied by replacing the unknown g
with an estimator b,,. Define Z,; = lebn to be the corresponding estimator of Z;.
The resulting kernel estimator of G is

n

1 Z— Zni

Gy(z) = —— Y~K< >, (2.17)
" nhpa(2) ; A
where
R~ 2 — Zni
pn(2) = K( ) (2.18)
" nhy, ; hn

It is shown in Sections 2.5 and 2.6 that 8 can be estimated with a n~!/? rate of

convergence in probability. That is, there exist estimators b, with the property that
b, —B) = Op(rfl/ 2). This is faster than the fastest possible rate of convergence in
probability of a nonparametric estimator of E(Y|X’8 = z). As aresult, the difference
between the estimators G:; and G,, is asymptotically negligible. Specifically,

(1) 2 [G(2) — G(2)] = (nhy)'?[G(2) — G(@)] + 0p(1)

for any z in the support of Z. Therefore, estimation of § has no effect on the asymp-
totic distributional properties of the estimator of G. The reasoning behind this con-
clusion is easily outlined. Let b, and B, respectively, denote the vectors obtained
from b, and B by removing their first components (the components set by scale nor-
malization). Let X; be the vector obtained from X;, by removing its first component.
Define K’ to be the derivative of the kernel function K . For any b and b = (1, &Y,
define

- - 72— X/b
An(b) = VK| ——),
o= e 2 (557)
- 1< 72— Xb\ -
Anz<b>=—WZYiK’( - )X
n

=1

- 1 & 7z—X'b
(D) = K =,
pn(b) nh; < B )
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and
1 < z—Xb
) = —— S K (=22 %,
Dnz(b) nh% — ( hy ) i

Now observe that G,(z) = A,(b,)/pn(bs) and G;(z) = A,(B)/pn(B). Therefore, a
Taylor-series expansion of the right-hand side of (2.17) about b, = B yields

A (5) A (B) e (5

Gu(2) = G,(2) + —~ (bn — B, (2.19)

p(B) B (B)

where l;; is between b, and B. By using a suitable uniform law of large numbers
(see, e.g., Pakes and Pollard 1989, Lemma 2.8), it can be shown that the quantity in
brackets on the right-hand side of (2.19) converges in probability to a nonstochastic
limit. Therefore, there is a nonstochastic function I" such that

A (B)  Au(5) 5 (5)
(b)) B (B)

It follows from (2.19), (2.20), and b, — B = O,(n~'/?) that

= TI'(2) + op(1). (2.20)

Gu(2) — G, (2) = T(2)(bn — B) + 0p(by — B) = 0,(n~'1?).

This implies that
(1) ?[Gu(2) — G, (2)] = 0,(h/?), (2.21)

which gives the desired result
The foregoing results concerning estimation of G apply with any b, that is a
n~1/2_consistent estimator of 8. We now turn to developing such estimators.

2.5 Optimization Estimators of 8

Estimators of 8 can be classified according to whether they require solving nonlinear
optimization problems. This section discusses estimators that are obtained as the
solutions to nonlinear optimization problems. Section 2.6 discusses estimators that
do not require solving optimization problems.
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2.5.1 Nonlinear Least Squares

If G were known, then 8 could be estimated by nonlinear least squares or weighted
nonlinear least squares (WNLS). Let the data consist of the random sample
{Yi, Xi : i = 1, ..., n}. Then the WNLS estimator of 8, byrs, is the solution
to

minimize: S, (b) = 1 S W) [vi - G (X)) (2.22)
n

i=1

where W is the weight function. Under mild regularity conditions, byrs is a consis-
tent estimator of 8, and n'/?(byzs — B) is asymptotically normally distributed with
a mean of zero and a covariance matrix that can be estimated consistently. See, for
example, Amemiya (1985), Davidson and MacKinnon (1993), and Gallant (1987).

The estimator byrs is not available in the semiparametric case, where G is
unknown. Ichimura (1993) showed that this problem can be overcome by replac-
ing G in (2.22) with a suitable estimator. This estimator is a modified version of
the kernel estimator (2.17). Carroll et al. (1997) proposed using a local-linear esti-
mator for a more elaborate model that includes a single-index model as a special
case. Ichimura (1993) makes three modifications of the usual kernel estimator. First,
observe that if G, is defined as in (2.17), then the denominator of G, (Xl’b) con-
tains the term pj, (Xl’ b). To keep this term from getting arbitrarily close to zero as n
increases, it is necessary to restrict the sums in (2.17) and (2.22) to observations i
for which the probability density of X’ at the point X8 exceeds a small, positive
number. Second, observation i is excluded from the calculation of G, (Xl/b) Third,
the terms of the sums in the calculation of G, are weighted the same way that the
terms in the sum (2.22) are weighted.

To carry out these modifications, let p( -, b) denote the probability density func-
tion of X’b. Let B be a compact set that contains 8. Define A, and A, to be the
following sets:

Ay = {x:p(x'b, b) = n for all b€ B}
and
Apx = {x: |x —x*|| < 2h, for some x* € A,},
where n > 0 is a constant, A, is the bandwidth used for kernel estimation, and ||| is
the Euclidean norm. A, contains A, and shrinks toward A, as i, — 0. Let I denote

the indicator function. /(- ) = 1 if the event in parentheses occurs and 0 otherwise.
Define J; = I(X; € Ay) and J,;; = I[(X; € A,y). Finally, define

Guilz, b ! oWk [ 225 223
i (25 )—m; nj (;)1 hy > (2.23)
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where for any z

1 2= Xib
PaiCe, b) = —— 3 Iy WOGDK | ——— ). (2.24)
i i "

The estimator of G(X}b) that is used in (2.22) is G,,;(X}b, b). Thus, the semiparamet-
ric WNLS estimator of f is the solution to

n
minimize: S,,(b) = % > TWE) [V~ Gui (X(b. b))% (2.25)
i=1

The minimization is over I;, not b, to impose scale normalization. Let l;n denote the
resulting estimator, and call it the semiparametric WNLS estimator of S.

Ichimura (1993) gives conditions under which b, is a consistent estimator of
B and

W2, — B S N, Q). (2.26)

The covariance matrix, €2, is given in (2.28) below. The conditions under which
(2.26) holds are stated in Theorem 2.2.

Theorem 2.2: Equation (2.26) holds if the following conditions are satisfied:

(a) Y, Xi i=1, ..., n} is a random sample from a distribution that satisfies
(2.1).

(b) B is identified and is an interior point of the known compact set B.

(c) Ay is compact, and W is bounded and positive on A,.

(d) EY|X'b = z) and p(z, b) are three times continuously differentiable with
respect to z. The third derivatives are Lipschitz continuous uniformly over B for
all ze {zz=xb, be B, x€A,}.

(e) E|Y|" < oo for some m > 3. The variance of Y conditional on X = x is
bounded and bounded away from 0 for x € A, .

(f) The kernel function K is twice continuously differentiable, and its second
derivative is Lipschitz continuous. Moreover K(v) =0 if |v| > 1, and

1 e
/ vIK(Ww)dv = ! ,lf{ =0
1 0ifj=1

(g) The bandwidth sequence {h,} satisfies (loghn)/[nh2+3/(n171)] — 0 and

nh — 0 as n— oo. M

There are several noteworthy features of Theorem 2.2. First, b, converges in
probability to B at the rate n~!/2, which is the same rate that would be obtained if
G were known and faster than the rate of convergence of a nonparametric density
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or mean-regression estimator. This result was used in deriving (2.21). Second, the
asymptotic distribution of nl/ Z(En — ,3) is centered at zero. This contrasts with the
case of nonparametric density and mean-regression estimators, whose asymptotic
distributions are not centered at zero in general when the estimators have their fastest
possible rates of convergence. Third, the range of permissible rates of convergence
of h,, includes the rate n~!/3, which is the standard rate in nonparametric density and
mean-regression estimation. Finally, Theorem 2.2 requires S to be contained in the
known, compact set B. Therefore, in principle S,(b) should be minimized subject
to the constraint » € B. In practice, however, the probability that the constraint is
binding for any reasonable B is so small that it can be ignored. This is a useful result
because solving a constrained nonlinear optimization problem is usually much more
difficult than solving an unconstrained one.

Stating the covariance matrix, €2, requires additional notation. Let p( - |X, b)
denote the probability density function of X’b conditional on X = %. Define p(- %) =
p(- 1%, B), 02(x) = Var(Y|X = x), and

G(z, b) = plim Gy;(z, b).

n— oo

Calculations that are lengthy but standard in kernel estimation show that

E[E(Y|X'b = z, X)I(X € AgW(X)p(zlX, b)]

G(z, b) = ~
E[(X € A)W(X)p(z|X, b)]

_ Rz b)

" Ry(z, b)’
where

Ri(z, b) = E{Glz — X'(b — B)Iplz — X'(b — B)IXIWX)I(X € Ay)}
and
Ra(z, b) = E{plz — X'(b — BIXIWX)I(X € A)}.

Moreover,

Gz, B) =G(2)

and for z = X'

aG(z, B)
ab

B E[XWX)|X'B =z, X € A,

=NV T Ewow =z xeAd |

2.27)
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Now define
C=2E |:I(X e Ay CX BB 3G(Xiﬁ’f3)}
ab b’
and
D = 4E|10¢ € AgWA (00 LB IECLD |
b b
Then
@=c'pc. (2.28)

Theorem 2.2 is proved in Ichimura (1993). The technical details of the proof are
complex, but the main ideas are straightforward and based on the familiar Taylor-
series methods of asymptotic distribution theory. With probability approaching one
as n — 00, the solution to (2.25) satisfies the first-order condition

0S8, (by)
ab

Therefore, a Taylor-series expansion gives

=0.

1208B) _ 928ubn) 1o
3B abob

(bn — B), (2.29)

where b, is between b, and ,5 . Now consider the left-hand side of (2.29). Differen-
tiation of S, gives

1205.(B) _ 2
81; 1/2

3G (X8, ﬂ)

ZJW(X) [¥i = Gui (XiB.8)] —>

Moreover,

G (XB.8) &> G (X;B)
and
3Gy (X)8.8) 2 IG (X/B.B)
ab ab

sufficiently rapidly that we may write

1208uB) _

G (X;B.B)
AP . (230
b b op(h- (230)

1/2 ZJW(X)[Y G (X))
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The first term on the right-hand side of (2.30) is asymptotically distributed as
N(0, D) by the multivariate generalization of the Lindeberg—Levy central limit the-
orem. Therefore, the left-hand side of (2.29) is also asymptotically distributed as
N(0, D).

Now consider the right-hand side of (2.29). Differentiation of S, gives

abob  n“ b

325,1([_?") _2 Xn:JiW(Xi) aGni(X,/;Bn’Bn) aGni(Xl/;[;n,l;n)
i=1
2 & — _3%Gu(Xiby,by)
— 2 TWEDLY: — GilXjby b)) —
n3 obob’
Because G,;(x’'b, b) and its derivatives converge to G(x'b, b) and its derivatives uni-
formly over both arguments, we may write

IGX!B, B) 0G (XB. B)

328,(by) 2
ﬁ — ZJiW(Xi) L
P b b

abab  n“
32G(Xfﬁ, B)

2 n
- - JiW(X; Y,'—GXZ/» , —
L DIV = GUGB. pl— =

i=1

+op(1).

The first term on the right-hand side of this equation converges almost surely to
C and the second term converges almost surely to zero by the strong law of large
numbers. This result together with the previously obtained asymptotic distribution
of the left-hand side of (2.29) implies that (2.29) can be written in the form

N, D) = Cn'/?(by, — B) + op(1). (2.31)

Equation (2.26) is obtained by multiplying both sides of (2.31) by C!.
In applications, €2 is unknown, and a consistent estimator is needed to make
statistical inference possible. To this end, define

2 & 3Gi(Xiby, by) 3Gui(X/by, by)
C, = - z;JiW(Xi) ~ 7
=

and

zaGni(X,{bn» bn) aGni(Xl{bm bn)
db b’ '

4 n
Dy =~ X;JiW<Xi>[n — Gi(Xbn)]
=
Under the assumptions of Theorem 2.2, C,, and D,,, respectively, are consistent esti-
mators of C and D. Q2 is estimated consistently by

Q, =C,'p,C; L.
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Intuitively, these results can be understood by observing that because G,; converges
in probability to G and b,, converges in probability to S,

2 AGXB.B) 0G(X[B.B)
Cu =~ > Iw)—L £+ op(D)

b’

i=1

and

,IGXB.B) IG(X;B.B)
db b

4 & ,
Dy =3 W)Y = GXP)] + op(1).
i=1
Convergence of C, to C and D, to D now follows from the strong law of large
numbers.

2.5.2 Choosing the Weight Function

The choice of weight function, W, affects the efficiency of the estimator of ,3 . Ideally,
one would like to choose W so as to maximize the asymptotic efficiency of the
estimator. Some care is needed in defining the concept of asymptotic efficiency so
as to avoid the pathology of superefficiency. See Bickel et al. (1993) and Ibragimov
and Has’minskii (1981) for discussions of superefficiency and methods for avoiding
it. Estimators that are restricted so as to avoid superefficiency are called regular.

Within the class of semiparametric WNLS estimators, an estimator is asymptot-
ically efficient if the covariance matrix €2 of its asymptotic distribution differs from
the covariance matrix €2 of any other weighted WNLS estimator by a positive-
semidefinite matrix. That is, Q' —Qis positive semidefinite. More generally, one
can consider the class of all regular estimators of single-index models (2.1). This
class includes estimators that may not be semiparametric WNLS estimators. The
definition of an asymptotically efficient estimator remains the same, however. The
covariance matrix of the asymptotic distribution of any regular estimator exceeds
that of the asymptotically efficient estimator by a positive-semidefinite matrix.

The problem of asymptotically efficient estimation of B in a semiparametric
single-index model is related to but more difficult than the problem of asymptot-
ically efficient estimation in a nonlinear regression model with a known G. The case
of a nonlinear regression model (not necessarily a single-index model) in which G
is known has been investigated by Chamberlain (1987), who derived an asymptotic
efficiency bound. The covariance matrix of the asymptotic distribution of any regu-
lar estimator must exceed this bound by a positive-semidefinite matrix. The model is
E(Y|X = x) = G(x, B). The variance function, o2(x) = E{[Y — G(X, B)I*|X = x},
is unknown. Chamberlain (1986) showed that the efficiency bound is

1 3GX, B)IG(X, ﬁ)]}_l

Qnig = |E
NER {[02()() ab b’
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This is the covariance matrix of a weighted (or generalized) nonlinear least-squares
estimator of B with weight function W(x) = 1/o2(x). For the special case of the
linear model G(x, B) = xB, Carroll (1982) and Robinson (1987) showed that this
covariance matrix is obtained asymptotically even if o%(x) is unknown by replac-
ing o2(x) with a nonparametric estimator. Thus, lack of knowledge of o2(x) causes
no loss of asymptotic efficiency relative to infeasible generalized least-squares
estimation.

The problem of efficient estimation of § in a single-index model with an
unknown G has been investigated by Hall and Ichimura (1991) and Newey and
Stoker (1993). These authors showed that under regularity conditions, the efficiency
bound for estimating g in a single-index model with unknown G and using only data
for which X € A, is (2.28) with weight function W(x) = 1/ az(x). With this weight
function, C = D in (2.28), so the efficiency bound is

! / —1
Qg = {E [I(X € Ay) 3G(X~ﬂ,/3) 3G(X~ﬁ,ﬁ)} } ‘ (2.32)

o2(X) ab ab'

This bound is achieved by the semiparametric WNLS estimator if o-2(X) is known
or independent of X. The assumption that the estimator uses only observations for
which X € A, can be eliminated by letting A, grow very slowly as n increases.
Chamberlain (1986) and Cosslett (1987) derived this asymptotic efficiency bound
for the case in which (2.1) is a binary-response model (that is, the only possible val-
ues of Y are 0 and 1) and G is a distribution function. Chamberlain and Cosslett also
derived efficiency bounds for certain kinds of censored regression models. Except
in special cases, Q257 exceeds the asymptotic efficiency bound that would be achiev-
able if G were known. Thus, there is a cost in terms of asymptotic efficiency (but
not rate of convergence of the estimator) for not knowing G. Cosslett (1987) gives
formulae for the efficiency losses in binary-response and censored linear regression
models.

When o 2(x) is unknown, as is likely in applications, it can be replaced by a con-
sistent estimator. Call this estimator sfl(x) . The asymptotic efficiency bound will
be achieved by setting W(x) = 1 /sﬁ(x) in the semiparametric WNLS estimator
(Newey and Stoker 1993). Therefore, an asymptotically efficient estimator of 8 can
be obtained even when o2 (x) is unknown.

A consistent estimator of o2 (x) can be obtained by using the following two-
step procedure. In the first step, estimate S by using semiparametric WNLS with
W(x) = 1. The resulting estimator is n~!/? -consistent and asymptotically normal
but inefficient. Let ¢; be the ith residual from the estimated model. That is, ¢; =
Yi—Gi(X l’ by, by).Inthe second step, set sﬁ (x) equal to a nonparametric estimator of
the mean regression of el.2 on X;. Robinson (1987) discusses technical problems that
arise if X has unbounded support or a density that can be arbitrarily close to zero.
He avoids these problems by using a nearest-neighbor nonparametric regression
estimator. In practice, a kernel estimator will suffice if A, is chosen so as to keep the
estimated density of X away from zero.
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This concludes the discussion of semiparametric weighted nonlinear least-
squares estimation of single-index models. To summarize, Ichimura (1993) has
given conditions under which the semiparametric WNLS estimator of 8 in (2.1)
is n~!1/2-consistent and asymptotically normal. The estimator of § is also asymp-
totically efficient if the weight function is a consistent estimator of 1/0%(x). A con-
sistent estimator of o2(x) can be obtained by a two-step procedure in which the
first step is semiparametric WNLS estimation of 8 with a unit weight function and
the second step is nonparametric estimation of the mean of the squared first-step
residuals conditional on X .

2.5.3 Semiparametric Maximum-Likelihood Estimation
of Binary-Response Models

This section is concerned with estimation of (2.1) when the only possible values of
Y are 0 and 1. In this case, G(x’8) = P(Y = 1|X = x). If G were a known function,
then the asymptotically efficient estimator of 8 would be the maximum-likelihood
estimator (MLE). The MLE solves the problem

maximize: logL(b) = %Z {Yilog G(X/b) + (1 — Yy log[1 — G(X[b)]}. (2.33)
i=1

In the semiparametric case, where G is unknown, one can consider replacing G on
the right-hand side of (2.33) with an estimator such as Gy; in (2.23). This idea has
been investigated in detail by Klein and Spady (1993). It is clear from (2.33) that
care must be taken to ensure that any estimate of G is kept sufficiently far from
0 and 1. Klein and Spady (1993) use elaborate trimming procedures to accom-
plish this without artificially restricting X to a fixed set A, on which G(X’'B) is
bounded away from O and 1. They find, however, that trimming has little effect on
the numerical performance of the resulting estimator. Therefore, in practice little is
lost in terms of estimation efficiency and much is gained in simplicity by using only
observations for which x € A,. This method will be used in the remainder of this
section.

A second simplification can be obtained by observing that in the special case
of a binary-response model, Var(Y|X = x) = G('B)[1 — G(’'B)]. Thus, o%(x)
depends only on the index z = x’B. In this case, W cancels out of the numerator and
denominator terms on the right-hand side of (2.27), so

0C D) _ 6o - BN ==X e AL

By substituting this result into (2.28) and (2.32), it can be seen that the covariance
matrix of the asymptotic distribution of the semiparametric WNLS estimator of g is
the same whether the estimator of G is weighted or not. Moreover, the asymptotic
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efficiency bound 2g; can be achieved without weighting the estimator of G. Accord-
ingly, define the unweighted estimator of G

R 1 7z—Xb
Gi(z,b) = ————— Y JiViK .
" nhypui(z, b) ; o ( hn

where

. 1 z—Xb
Pnilz, 0) = - Z-Ian( hnj )

"
Now consider the following semiparametric analog of (2.33):

I R .
maximize: log Lgp(b) = = Y _ Ji{¥;log G,i(Xjb.b) + (1—Y;)log[1 —Gy,i(X;b. b)]}.
n
i=1

(2.34)
Let b, denote the resulting estimator of B. If B is identified (see the discussion in
Section 2.3), consistency of by, for B can be demonstrated by showing that Gm(z, b)
converges to G(z, b) uniformly over z and b. Therefore, the probability limit of the
solution to (2.34) is the same as the probability limit of the solution to

N
maximize: log L¢p(b) = — Z-’i{Yi log G(X!b, b) + (1 — Y;) log[1 — G(X}b, b)]}.
n
i=1
(2.35)
The solution to (2.34) is consistent for B if the solution to (2.35) is. The solution
to (2.35) is a parametric maximum-likelihood estimator. Consistency for 8 can be
proved using standard methods for parametric maximum-likelihood estimators. See,
for example, Amemiya (1985).
By differentiating the right-hand side of (2.34), it can be seen that b, = (1, l;,,/)/
satisfies the first-order condition

1 Z Y; = Gui(Xjbu, bn) 3G i(Xjbn, bn)
'GiXibn, b1 — GuiXiby, b)] 0D

=0
11

with probability approaching 1 as n — oo. This is the same as the first-order condi-
tion for semiparametric WNLS estimation of 8 with the estimated weight function

W(x) = {GiWby, b1 — Gui(X'bp, b))} ™!
= (GWAI1 — G AN +0,(1)
= [Var(Y|X = 0]~ + 0,(1).

It now follows from the discussion of asymptotic efficiency in semiparametric
WNLS estimation (Section 2.5.2) that the semiparametric maximum-likelihood
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estimator of S in a single-index binary-response model achieves the asymptotic effi-
ciency bound 2g;.

The conclusions of this section may be summarized as follows. The semipara-
metric maximum-likelihood estimator of § in a single-index binary-response model
solves (2.34). The estimator is asymptotically efficient and satisfies

A ~ d
n'2(b, — B) S N, Q).

2.5.4 Semiparametric Maximum-Likelihood Estimation
of Other Single-Index Models

Ai (1997) has extended semiparametric maximum-likelihood estimation to single-
index models other than binary-response models. As in the binary-response esti-
mator of Klein and Spady (1993), Ai (1997) forms a quasi-likelihood function by
replacing the unknown probability density function of the dependent variable con-
ditional on the index with a nonparametric estimator. To illustrate, suppose that
the probability distribution of the dependent variable Y depends on the explana-
tory variables X only through the index X’B. Let f( - |v, B) denote the probability
density function of ¥ conditional on X’8 = v. If f were known, then B could be esti-
mated by parametric maximum likelihood. For the semiparametric case, in which f
is unknown, Ai replaces f with a kernel estimator of the density of Y conditional on
the index. He then maximizes a trimmed version of the resulting quasi-likelihood
function. Under suitable conditions, the resulting semiparametric estimator of f
is asymptotically efficient (in the sense of achieving the semiparametric efficiency
bound). See Ai (1997) for the details of the trimming procedure and regularity con-
ditions.

Ai and Chen (2003) have given conditions for asymptotically efficient estimation
of B in the moment condition model

E[p(Z, B.g(-)IX] =0, (2.36)

where Z = (Y', X)), Y is a random vector, X7 is a subvector of the random vector
X, p is a vector of known functions, 8 is an unknown finite-dimensional parameter,
and g is a finite-dimensional vector of unknown functions that may include 8 among
their arguments. Model (2.36) is very general and includes single-index models,
partially linear models, and many others as special cases. The cost of this generality,
however, is that the analysis of (2.36) is both lengthy and complicated. The details
are given in Ai and Chen (2003).

2.5.5 Semiparametric Rank Estimators

If G in (2.1) is a nondecreasing function and Y — G(X’B) is independent of X, then
X;B > X:p implies that P(Y; > Y;) > P(Y; > Y;). This suggests estimating j by
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choosing the estimator b, so as to make the rank ordering of {Y;:i = 1, ..., n}
as close as possible to that of {le,B:i = 1, ..., n}. The resulting maximum rank
correlation (MRC) estimator is

n n
by, MrC = arg max ﬁ 21: X;I(Yi > Y)IXjb > X/b).
T
The MRC estimator was first proposed by Han (1987), who also gave conditions for
consistency of the estimator. Cavanagh and Sherman (1998) proposed a modified
estimator

n n
bu.cs = arg max ﬁ Z ZM(Yi)I(x;b > Xb),
i=1 j=1
J#
where M is an increasing function. This estimator is consistent under conditions that
are weaker than those required for the MRC estimator. It is also easier to compute
than the MRC estimator.

Deriving the asymptotic distributions of these estimators is complicated because
their objective functions are discontinuous. Sherman (1993) gave conditions under
which n'/2(b, yrc — B) is asymptotically normally distributed with mean 0.
Cavanagh and Sherman (1998) gave conditions for asymptotic normality of
nl/ z(bn,CS — B). The derivation of these results relies on empirical process meth-
ods that are beyond the scope of this book. Sherman (1993) and Cavanagh and
Sherman (1998) also give methods for estimating the covariance matrices of the
asymptotic distributions of nt/ Z(bn, MrCc — PB) and nt/ 2(bn,cs — B), but these are
hard to implement. Subbotin (2008) proves that the bootstrap estimates these dis-
tributions consistently, which makes the bootstrap a potentially attractive method
for carrying out inference with b, yrc and b, cs in applied research. Rank estima-
tors are not asymptotically efficient and can be hard to compute, but they do not
require bandwidths or other smoothing parameters. This may be an advantage in
some applications.

2.6 Direct Semiparametric Estimators

Semiparametric weighted nonlinear least-squares and maximum-likelihood esti-
mators have the significant practical disadvantage of being very difficult to com-
pute. This is because they are solutions to nonlinear optimization problems whose
objective functions may be nonconvex (nonconcave in the case of the maximum-
likelihood estimator) or multimodal. Moreover, computing the objective functions
requires estimating a nonparametric mean regression at each data point and, there-
fore, can be very slow.

This section describes an estimation approach that does not require solving an
optimization problem and is noniterative (hence the name direct). Direct estimates
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can be computed very quickly. Although direct estimators are not asymptotically
efficient, an asymptotically efficient estimator can be obtained from a direct estima-
tor in one additional, noniterative, computational step. The relative computational
simplicity of direct estimators makes them highly attractive for practical data
analysis.

Xia et al. (2002) have proposed an iterative scheme called rMAVE (Refined Min-
imum Average Conditional Variance Estimation) that simplifies the computations of
semiparametric weighted nonlinear least-squares and maximum-likelihood estima-
tors. Xia (2006) has given conditions under which rMAVE yields the asymptotically
efficient estimator of a single-index model. However, these conditions include start-
ing the rMAVE iterations at a point by that satisfies ||bg — B = o(n=9/29). Conse-
quently, ’IMAVE has no apparent advantages over taking an additional step beyond
one of the direct estimators that is described in this section.

Section 2.6.1 describes a well-known direct estimation method under the
assumption that X is a continuously distributed random vector. Section 2.6.2
describes a direct estimation method that overcomes an important disadvantage of
the method of Section 2.6.1 though at the cost of additional complexity. Section
2.6.3 shows how the direct estimation method can be extended to models in which
some components of X are discrete. Section 2.6.4 describes the one-step method for
obtaining an asymptotically efficient estimator from a direct estimate.

2.6.1 Average-Derivative Estimators

The idea underlying direct estimation of a single-index model when X is a contin-
uously distributed random vector is very simple. Let (2.1) hold. Assume that G is
differentiable, as is required for identification of 8. Then

AE(Y|X = x) L
— = BG' (X'B). (2.37)

Moreover, for any bounded, continuous function W,

IE(Y|X) /ot
E [W(X)T} = BE[W(X)G'(X'B)]. (2.38)

The quantity on the left-hand side of (2.38) is called a weighted average derivative
of E(Y|X) with weight function W. Equation (2.38) shows that a weighted average
derivative of E(Y|X) is proportional to 8. Owing to the need for scale normalization,
B is identified only up to scale, so any weighted average derivative of E(Y|X) is
observationally equivalent to 8. Thus, to estimate g, it suffices to estimate the left-
hand side of (2.38) for some W. The scale normalization 81 = 1 can be imposed,
if desired, by dividing each component of the left-hand side of (2.38) by the first
component.
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The left-hand side of (2.38) can be estimated by replacing dE(Y|X)/dx with a
kernel (or other nonparametric) estimator and the population expectation E( - ) with
a sample average. Hristache et al. (2001), Hirdle and Stoker (1989), Powell et al.
(1989), and Stoker (1986, 1991a,b) describe various ways of doing this. The dis-
cussion in this section concentrates on the method of Powell et al. (1989), which
is especially easy to analyze and implement. Section 2.6.2 describes the method of
Hristache et al. (2001), which overcomes an important disadvantage of the method
of Powell et al. (1989).

To describe the method of Powell et al. (1989), let p( - ) denote the probability
density function of X, and set W(x) = p(x). Then the left-hand side of (2.38) can be
written in the form

IE(Y|X E(Y|X
[W(X) (Y| )] |:(X) (xl ):|
:/—aE(Y|X:x)p(x)2dx.
ox

Assume that p(x) = 0 if x is on the boundary of the support of X. Then integration
by parts gives

[W(X)BE(fC'X)} =2 f E(Y|X = x) a;; ix)p(x)dx

= _2E |:Y8p(X):| .
0x

Define
8 = —2E[Ydp(X)/ox]. (2.39)

Then § is observationally equivalent to  up to scale normalization. A consistent
estimator of § can be obtained by replacing p with a nonparametric estimator and
the expectation operator with a sample average. Let {Y;, X;: i =1, ..., n} denote
the sample. The estimator of § is

n
Apni(X;
S=-2) ¥ p’gi 24 (2.40)
i=1

where p,;(X;) is the estimator of p(X;). The quantity §, is called a density-weighted
average-derivative estimator.

To implement (2.40), the estimator of p must be specified. A kernel estimator is
attractive because it is relatively easily analyzed and implemented. To this end, let
d = dim (X), and let K be a kernel function with a d -dimensional argument. Condi-
tions that K must satisfy are given in Theorem 2.3 below. Let {£,} be a sequence of
bandwidth parameters. Set
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1 1 x—X;
i) = ——— K 2.
Pai(x) n_lhg,z ( " )
J#
It follows from the properties of kernel density estimators (see the Appendix) that
Pri(x) is a consistent estimator of p(x). Moreover, dp(x)/dx is estimated consistently
by dpni(x)/9x. The formula for dp,;(x)/0x is

Opni(x) 1 1 (X=X
= K|——), 2.41
X n—1pdt! ; hy, (2.4D)

where K’ denotes the gradient of K. Substituting (2.41) into (2.40) yields

2 1 <& X —X;
= —————— v,K | =—). 242
= o o () )

i=1 j#i

Observe that the right-hand side of (2.42) does not have a density estimator or other
random variable in its denominator. This is because setting W(x) = p(x) in the
weighted average derivative defined in (2.38) cancels the density function that would
otherwise be in the denominator of the estimator of E(Y|X = x). This lack of a
random denominator is the main reason for the relative ease with which §,, can be
analyzed and implemented.

Powell et al. (1989) give conditions under which §, is a consistent estimator of
8 and n'/2(8, — &) is asymptotically normally distributed with mean 0. The formal
statement of this result and the conditions under which it holds are given in Theorem
2.3. Let ||-|| denote the Euclidean norm. Let P = (d + 2)/2 if d is even and P =
(d+3)/2if d is odd.

Theorem 2.3: Let the following conditions hold.

(a) The support of X is a convex, possibly unbounded, subset of RY with a
nonempty interior. X has a probability density function p. All partial deriva-
tives of p up to order P+ 1 exist.

(b) The components of OE(Y|X)/0x and of the matrix [0p(X)/3x](Y, X') have
finite second moments. E[Y3"p(X)] exists for all positive integers r < P+ 1 ,
where 9"p(x) denotes any order r mixed partial derivative of p. E(Y?*|X = x)
is a continuous function of x. There is a function m(x) such that

E[(1+ Y]+ IX])mX)]* < oo,

dpx+¢)  dp
ax a

) H <m@ g1l
X

and

H Ip+OEY|X =x+¢)  IpEX|X =)

o o H < mx)|[£]l.
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(c) The kernel function K is symmetrical about the origin, bounded, and differen-

tiable. The moments of K through order P are finite. The moments of K of order
rareall 0if 1 <r < P. In addition

/K(v)dv =1

(d) The bandwidth sequence {hy} satisfies nhﬁP — 0 and nhi“‘2 — o0 asn — oo.
Then

n' 28, — 8) % N, Qup),

where
Qup = 4E[R(Y, X)R(Y, X)'] — 488’ (2.43)
and
AE(Y|X = 9
R(. x) = p(x)% —[¥Y — E(Y|X = »)] ’gix). m

A consistent estimator of Q4p is given in (2.44) below.

Several comments may be made about the conditions imposed in Theorem 2.3.
Condition (a) implies that X is a continuously distributed random variable and that
no component of X is functionally determined by other components. Condition (b)
requires the existence of various moments and imposes smoothness requirements
on p(x), E(Y|X = x), and E(Y? |X = x). Condition (c) requires K to be a higher-
order kernel, meaning that some of its even moments vanish. In condition (c), the
order is P. Higher-order kernels are used in density estimation and nonparametric
mean regression to reduce bias. See the Appendix for further discussion of this use
of higher-order kernels. Here, the higher-order kernel is used to make the bias of
8, have size o(n~'/%), which is needed to ensure that the asymptotic distribution of
n'/2(8,—8)is centered at 0. Finally, the rate of convergence of &, is faster than would
be optimal if the aim were to estimate p(x) or E(Y|X = x) nonparametrically. Under
the conditions of Theorem 2.3, the rate of convergence in probability of an estimator
of p(x) or E(Y|X = x) is maximized by setting 4, n~V/@P+d) \which is too slow
to satisfy the requirement in condition (d) that nh2f — 0 as n — oo. The rela-
tively fast rate of convergence of %, required by condition (d), like the higher-order
kernel required by condition (c), is needed to prevent the asymptotic distribution of
nl/ 2(8,, — §) from having a nonzero mean.

Kernel density and mean-regression estimators cannot achieve O,(n~!/?) rates
of convergence, so it may seem surprising that g, achieves this rate. The fast con-
vergence of §, is possible because the sum over i on the right-hand side of (2.42)
makes 8, an average of kernel estimators. Averages of kernel estimators can achieve
faster rates of convergence than kernel estimators that are not averaged.
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A consistent estimator of 24p can be obtained from (2.43) by replacing § with §,,
the population expectation with a sample average, and R with a consistent estimator.
Powell et al. (1989) give the details of the calculation. The result is that Q4p is
estimated consistently by

_ 4 & / ’
Qap, n = — E Ry(Yi, X))R,(Y;, X;) — 48,0 (2.44)
n

n’
i=1

where

11 X — X;
Ru(Yi Xi) = ==~ ) (Yi = K’ (—h * )
no "

2.6.2 An Improved Average-Derivative Estimator

The density-weighted average-derivative estimator of (2.42) requires the density of
X to be increasingly smooth as the dimension of X increases. This is necessary to
make n!/ 2(3,1 — §) asymptotically normal with a mean of 0. See assumption (a) of
Theorem 2.3. The need for increasing smoothness is a form of the curse of dimen-
sionality. Its practical consequence is that the finite-sample performance of the
density-weighted average-derivative estimator is likely to deteriorate as the dimen-
sion of X increases, especially if the density of X is not very smooth. Specifically,
the estimator’s bias and mean-square error are likely to increase as the dimension of
X increases.

Hristache et al. (2001) proposed an iterated average-derivative estimator that
overcomes this problem. Their estimator is based on the observation that G(x' )
does not vary when x varies in a direction that is perpendicular to §. Therefore,
only the directional derivative of E(Y|X = x) along the direction of j is needed for
estimation. If this direction were known, then estimating the directional derivative
would be a one-dimensional nonparametric estimation problem, and there would be
no curse of dimensionality.

Of course, the direction of 8 is not known in applications, but Hristache et al.
show that it can be estimated with sufficient accuracy through an iterative proce-
dure. At each iteration, the gradient of E(Y|X = x) is estimated using two band-
widths. The bandwidth in the estimated direction of B decreases as the iterations
proceed, and the bandwidth in the estimated perpendicular direction increases. The
use of two bandwidths enables the iterative procedure to mimic taking a directional
derivative with increasing accuracy as the iterations proceed. The contribution to
variance from estimation in the estimated perpendicular direction is small because
the bandwidth in this direction is large. The contribution to bias is small despite
the large bandwidth because E(Y|X = x) varies little in the estimated perpendicular
direction.
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The details of the estimation procedure are as follows:

1. Specify the values of the tuning parameters 01, Pmin, @p, @n, A1, and  hmax.
Methods for doing this are discussed below. Also, set bp =0 and j=1.

2. Atiteration j(j = 1,2, ...),set S; = (I + ,oj_zbj_lbj’._l)l/2 , where bj_; is the
estimate of B atiteration j—1,/isthe k x k identity matrix, and k = dim (B).

3. Let K be a kernel function. Denote the data by {Y;, X;:i =1, ..., n}. For each
i,¢{ =1, ..., n,define the column vector Xy; = Xy — X; . Let E/(X,-) and
@Ej(Xi) denote the estimates of E(Y|X = X;) and JdE(Y|X = X;)/0x at the jth
iteration. Foreach i =1, ..., n, these are obtained from the formula

80 T () 2 (58] (2

4. Compute the vector bj =n~"' Y1, @Ej(X,-) )
5. Set hjr1 = aphj and pjr1 = app; . If pjy1 > Pmin, set j =j+ 1 and return
to Step 2. Terminate if 0j+1 < Omin -

Let j(n) denote the total number of iterations. The average-derivative estimate of
is bj(,y. This estimate does not satisfy the scale normalization that requires its first
component to equal 1, but that normalization can be achieved by division. Alter-
natively, bj;) can be normalized to have unit length. This is the normalization that
Hristache et al. use. It gives the estimate § = bjwy/ ||bj(,,) || In Step 3, Ej(Xi) and
@Ej(X,») are local-linear estimates of E(Y|X = X;) and its gradient. Local-linear

estimation is discussed in the Appendix. In particular, Ej(X,-) and @Ej(X,') solve the
problem

[E-(Xi)}_arg - i(y_c_ & (15%6l”
VE|(X)) ceR.beRt =t “ 2o )

J

Hristache et al. proposed the following choices of tuning parameters. These choices
are based on heuristic considerations and simulation evidence:

—1/3 -1/6

p1 =1, Pmin = N //hmaXa a, = ¢€ /’

hy=n~ V@D g2, 1/R24vad)]

ap=e

We now state the asymptotic properties of the estimator. Make the following
assumptions.

HIJS1: The kernel, K, is a continuously differentiable, decreasing function on
R4+ with K(0)=1 and K(v) =0 forall v>1.

HJS2: The model is Y; = G(le B) + U;, where the U; are independently and
identically normally distributed with mean 0 and finite variance o>
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HJS3: The function G is twice differentiable with a bounded second derivative.
HIS4: The points {Xj:i = 1, ..., n} are independently and identically dis-
tributed with a continuous, strictly positive density on [0,1]¢ .

We now have the following theorem.

Theorem 2.4: Let assumptions HISI-HJS4 hold. Define z, = (1 + 2logn +
2loglogm)'/? and B* = n='p' Y 1| G'(X\B). Then for all sufficiently large n,

Cz,%n‘zﬁ} _ 3
I8~

where C is a constant and y is a normally distributed random vector in R with
mean 0 and a bounded covariance matrix. B

ello-0-7l - :

Hristache et al. actually assume a fixed design (the X; s are nonrandom), but this
requires a rather complicated “design regularity” condition. A random design satis-
fies this condition with a probability that approaches 1 exponentially as n increases.
Normality of the U; s is not essential. The results can be extended to heteroskedastic,
nonnormal U;s that satisfy sup; ;. E[ exp (AU;)] < D for some positive constants
A and D. The requirement that X; € [0,1]¢ is not restrictive because it can always be
satisfied by transforming the X; s.

Theorem 2.4 states, among other things, that the iterated average-derivative esti-
mator is n~'/?-consistent and asymptotically normally distributed with a mean of 0.
In contrast to the density-weighted average-derivative estimator of Section 2.6.1,
this happens whenever X has a continuous, positive density, regardless of the dimen-
sion of X. Increasing smoothness and higher-order kernels are not needed to accom-
modate high-dimensional X s. The covariance matrix of the asymptotic distribution
of the iterated average-derivative estimator is not specified, but this is unimportant
because the estimator can be made asymptotically efficient with covariance matrix
Qg by taking one step toward the minimum of a suitable version of the weighted
nonlinear least-squares estimator of Section 2.5. See Section 2.6.4.

2.6.3 Direct Estimation with Discrete Covariates

Average-derivative methods cannot be used to estimate components of 8 that mul-
tiply discrete components of X. This is because derivatives of E(Y|X = x) with
respect to discrete components of X are not identified. This section explains how
direct (noniterative) estimation can be carried out when some components of X are
discrete.

To distinguish between continuous and discrete covariates, let X denote the con-
tinuously distributed covariates and Z denote the discrete ones. Rewrite (2.1) in the
form

EY|IX=x,Z=2) =GXp+7a), (2.45)
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where « is the vector of coefficients of the discrete covariates. As was discussed
in Section 2.3, identification requires there to be at least one continuous covari-
ate. There need not be any discrete covariates, but it is assumed in this section
that there is at least one. Let d, > 1 denote the number of discrete covariates and
components of Z.

The problem of interest in this section is estimating «. The parameter B can be
estimated by using the average-derivative estimators of Sections 2.6.1 and 2.6.2 as
follows. Let S, = {z):i = 1, ..., M} be the points of support of Z. Define Sff) to
be the average-derivative estimator of § that is obtained by applying the methods
of Section 2.6.1 or 2.6.2 to the observations for which Z = z®. Let 32’1) be the

first component of 8,@. Letw,; (i =1, ..., M) be a set of nonnegative (possibly
data-dependent) weights that sum to one. The estimator of 8 is

&)
_Z Wyidn
bn _ =1

T (2.46)
'Zl W”i(snl
=

One possible set of weights is w;,; = n;/n, where n; is the number of observations
the sample for which Z = 7. However, the results presented in this section hold
with any set of nonnegative weights that sum to one.

To see how « can be estimated, assume for the moment that G in (2.45) is known.
Let p(-|z) denote the probability density function of X’8 conditional on Z = z. Make
the following assumption.

Assumption G: There are finite numbers vo, vi, co, and c¢; such that vo < vy,
co < c1, and G(v) = ¢ or ¢y at only finitely many values of v. Moreover, for each
z€ 8,

(a) Gv+7Za)<co if v<vg,
b) Gov+7Za)>cy if v>vy,
(c) p(-|z) is bounded away from O on an open interval containing [vo,v;] .

Parts (a) and (b) of Assumption G impose a form of weak monotonicity on G. G
must be smaller than ¢y at sufficiently small values of its argument and larger than ¢
at sufficiently large values. G is unrestricted at intermediate values of its argument.
Part (c) ensures that G(v + 7’«) is identified on vy < v < vy.

To see the implications of Assumption G for estimating «, define

Vi
J(2) = / {col[G(v + Za) < col + c1I[G(v + 7 @) > c1]
Vo
+ G+ Za)[co < G+ Za) < cil}dv.

Define v, = max{vg + Za:z € S;} and v, = min{v; + Za:z € S;}. Make the
change of variables v = u — 7« in the integrals on the right-hand side of J(z).
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Observe that by Assumption G, I[G(u) < co]l = 0if u > vp, I[G(u) > c1] = 0 if
u < vy, and Ilco < G(u) < c;] =0ifu < v, or u > vp. Therefore,

J(2) = C()/ ’ 1[G(u) < coldu + C()/ ’ 1[G(u) < coldu

0+7 o

+/ ’ Gw)l[co < G(u) < cildu + ¢y f bI[G(u) > c1]du

v+
+ c1 / 1IG(u) > c1]du
V,

b

=co(vg —vo—Z )+ cof bI[G(u) < coldu +/ bG(u)I[co <G(u)<cildu

Va a

Vb
+c / IIG(w) > ci]ldu + c1(vi — vy + 7).
V,

a

It follows that fori =2, ..., M

T = Iz = (1 = el = 2V (247)

Since co, c1, and the support of Z are known, (2.47) constitutes M — 1 linear equa-
tions in the d; unknown components of «. These equations can be solved for « if a
unique solution exists. To do this, define the (M — 1) x 1 vector AJ by
J[ZP] = J1z 0]
AJ = :

J[Z(M)] _ J[Z(l)]

Also, define the (M — 1) x d, matrix W by
7@ _ D
W= :
L0 _ ()
Then
W AJ = (c1 — co) ' W Wa.

Therefore, if W'W is a nonsingular matrix,

o = (c] — c))(WW) "W AJ. (2.48)

Equation (2.48) forms the basis of the estimator of «. The estimator is obtained
by replacing the unknown G(v + 7'«) that enters AJ with a kernel estimator of the
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nonparametric mean regression of Y on X’b, conditional on Z = z. The resulting
estimator of G(v + 7 «) is

1 - — Vni
Gue(v) = ———— > I(Z; = 2)YiK <i) (2.49)
nhyzpnz(v) P Bz

where h,,; is a bandwidth, K is a kernel function, V,; = Xl/ b, and

- v — Vi
Pnz(V) = Y IZi=2K <—”> : (2.50)
nhnz —1 hnz
The estimator of « is then
an = (c1 — co) "\ WW) "W A, (2.51)
where
Jl2P] = Ju[21]
AJ, = :
Julz™] — J,[zD]
and

vy
Ju(2) :/ {col[Gnz(v) < col + ctI[Gpz(v) > ci]
o

+ G (W [co < Gy (v) < c1]}dv.

Horowitz and Hirdle (1996) give conditions under which a,, in (2.51) is a consis-
tent estimator of o and n'/%(a, —a) is asymptotically normally distributed with mean
0. The formal statement of this result is given in Theorem 2.5. Define V = X',
Vi =XB,v =x'B, and G.(v) = G(v + Z'a). Let p(v|z) be the probability density
of V conditional on Z = z, let p(z) be the probability that Z = z (z € S;), let
p(v, 2) = p(v|2)p(z), and let p(v, X|z) be the joint density of (V, X) conditional on
Z = z. Finally, define

') = —/ l G.WEX|v, Dl[co < G(v + Za) < c1]dv.
vo

Theorem 2.5: Let the following conditions hold.

(a) S is a finite set. E(Hf(”2 |Z=z) < 00 and E(|Y| H)N(”2 |Z=z) < oo for
each 7 € S, . E<|Y|2 ||5(|}2|V=v,z=1), E(YRV = v, Z = 2), and

p(v, ) are bounded uniformly over v € [vy — e,v1 + €] for some ¢ > 0 and
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all z € S,. Foreach z € S,, p(v, X|z) is everywhere three times continuously
differentiable with respect to v and the third derivative is bounded uniformly.
Var(Y|V=v,Z =17) > 0 forall z € S; and almost every v.

(b) W'W is nonsingular.

(c) EX|X =x,Z=2)=GXB+7a). Gis rtimes continuously differentiable for
some r > 4. G and its first r derivatives are bounded on all bounded intervals.

(d) Assumption G holds.

(e) If d=dim(X) > 1, thereisa (d — 1) x 1 vector-valued function o(y, x, z)
satisfying Elo(Y, X, Z2)] =0,

1 n
n1/2(bn —-B) = 2 Za)(Yi, Xi,.Zi) + o0p(1),
i=1
and
1 < J
2 > oY, XiZi) > N(O,V,)
i=1

for some finite matrix V,, .

(f) Kin (2.49) and (2.50) is a bounded, symmetrical, differentiable function that
is nonzero only on [ — 1,11. K’ is Lipschitz continuous. For each integer j
between 0 and r (r > 4),

1 . .
. 1if j=0
/ viKwdv =4 DTV
1 Oif 1<j<r-—1

(g) As n — oo, nhle — 00 and nh,zf — 0, where hy, is the bandwidth in (2.49)
and (2.50).

Then ay, is a consistent estimator of «. Moreover, n'/*(a, — &) is asymptotically
distributed as N(0, Q2y), where 2 is the covariance matrix of the d, x 1 random
vector A, whose m th component is

m n
S IW WY W ™2y (2 = 2 D)p(vi ey
j=2 i=1
[¥; = G (Villleo < Goo (Vi) < erl = 1(Zi = 2Dyp(Vie)™!
[Yi — G,oy(Vlllco < G,n(V) < 1] + (T — To)e(Y;, Xi,Z;)} B

Condition (a) makes Z a discrete random variable with finite support and estab-
lishes the existence and properties of certain moments. The need for conditions
(b) and (d) has already been discussed. Condition (c) makes E(Y|X = x, Z = z) a
single-index model. Condition (e) is satisfied by the estimators of 8 discussed in
Sections 2.6.1 and 2.6.2 but does not require the use of these estimators. Condi-
tions (f) and (g) require K to be a higher-order kernel with undersmoothing. As in
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Section 2.6.1, conditions (f) and (g) are used to insure that the asymptotic distribu-
tion of n'/2(a, — ) is centered at 0.

The covariance matrix €2, can be estimated consistently by replacing unknown
quantities with consistent estimators. ', is estimated consistently by

|
Poe = —— Y Xil(Zi = 9l(v0 = Vyi < v)l[c0 = GueVii) < 11 (Vai) [ paz(Vii),
i=1

where G;Z(v) = dGy;(v)/dv. Define A(y,v, z) to be the (M — 1) x 1 vector whose
(j— 1) component (j =2, ..., M)is

/ y - an(/)(v)
A, 2) = I(z = 29)—"2"""1[cy < G < C1]
] Pt (V) nzV(v)
y—=G, )
— 1z =72")"—"2 "¢y < G,.ny < 1]
Prz0(V) new

Let w, be a consistent estimator of w. Then 2, is estimated consistently by the
sample covariance of the d; x 1 vector whose mth component (m =1, ..., d;)is

m
Z [(WWY "W ilaj(Yi, Viiy Zi) 4+ (Tt — Tps)0n(Yiy X Z9)]-
J=2
Horowitz and Hirdle (1996) show how to estimate w when the estimator of B is
(2.46) and the 8,(1’) are density-weighted average-derivative estimates (Section 2.6.1).

To state their result, let py;(x) be a kernel estimator of the probability density of X
conditional on Z = z®. That is,

1 & x—X;
Pui) = — Y 1(Zj ="K (—’)
niSp © Sn

j=1
where K is a kernel function_of a k -dimensional argument, »; is the number of
observations for which Z = 70, and s,, is a bandwidth. Let (1 be the first compo-

nent of x. Then the estimator of w is

. . N o o
1t [ 0t
né, | 0x ox

2.6.4 One-Step Asymptotically Efficient Estimators

In parametric estimation, an asymptotically efficient estimator can be obtained
by taking one Newton step from any n~'/2-consistent estimator toward the
maximum-likelihood estimator. This procedure is called one-step asymptotically
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efficient estimation. The resulting estimator is called a one-step asymptotically effi-
cient estimator. This section shows that the same idea applies to estimation of 8 in a
semiparametric single-index model. Specifically, let S, be the objective function of
the semiparametric WNLS estimator (2.25) with W(x) = 1/ sﬁ(x). Then an asymp-
totically efficient estimator of B can be obtained by taking one Newton step from
any n'/? -consistent estimator toward the minimum of S,,. In the case of a single-
index binary-response model, the step may be taken toward the maximum of the
semiparametric log-likelihood function (2.34).

One-step asymptotically efficient estimation is especially useful in semiparamet-
ric single-index models because the direct estimators described in Sections 2.6.1—
2.6.3 can be computed very rapidly. Therefore, one-step estimators can be obtained
with much less computation than is needed to minimize S, or maximize the semi-
parametric log-likelihood function.

Consider one-step asymptotically efficient estimation based on §,, . Let X denote
the entire vector of covariates, continuous and discrete. Let 8 denote the entire vec-
tor of coefficients of X in (2.1). Let lNJ;; be any n~ Y2 _consistent estimator of B Ctis
convenient in applications but not essential to the arguments made here to let 132 be
a direct estimator. The one-step asymptotically efficient estimator of S is

~% -1 ~%
= | 3%Su( 3Su(b
by =b,— ~”(~") ”( "). (2.52)
abab’ ab
To see why b, is asymptotically efficient, write (2.52) in the form
e -1 ~
. R 828, (b)) 8S,(b,)
1/2 _ 12 nOp 172 99n\by
O P bl ob
Observe that just as in the arguments leading to (2.31),
PSu(b,) C+op(1) (2.54)
— = - = o . .
abal/ !

Moreover, a Taylor-series expansion gives

3Su(by)  3Su(B)  3%Su(bn) v <
B _ 9B | SiB) Geg
ab ab obob’
where b, is between E; and f8. The second-derivative term in this equation converges
in probability to C, so

12 asn(NE;) _ asnEB)
db

o + Cn'2 (b, — B) + 0,(1). (2.55)
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Substitution of (2.54) and (2.55) into (2.53) yields

n1/2([7n _ B) - _Cflnl/Z% + 0p(1).

Asin (2.30)

3S.(B
nl/Z% <4 N, D).

Therefore, n'/2(b,— f) % N(O,C~'DC). Since C-'DC~! = Qg when W(x) =
1/5%(x),
2By — B) S N, Q).

This establishes the asymptotic efficiency of the one-step semiparametric WNLS
estimator. The same arguments apply to the one-step semiparametric maximum-
likelihood estimator after replacing S, with the semiparametric log-likelihood
function.

2.7 Bandwidth Selection

Implementation of any of the semiparametric estimators for single-index models
that are discussed in this chapter requires choosing the numerical values of one or
more bandwidth parameters and, possibly, of other tuning parameters. The selec-
tion of tuning parameters for the average-derivative estimator of Section 2.6.2 was
discussed in that section. This section summarizes what is known about selecting
tuning parameters for other estimators.

Hirdle et al. (1993) investigated bandwidth selection for the semiparametric
weighted nonlinear least-squares estimator of (2.25). They proposed optimizing the
objective function over b and the bandwidth &,,. They gave conditions under which
this yields an estimate of the bandwidth that minimizes the asymptotic integrated
mean-square error of a kernel estimator of G. Thus, the resulting bandwidth esti-
mate is an estimate of the asymptotically optimal bandwidth for kernel estimation
of G. This bandwidth does not necessarily have any optimality properties for esti-
mation of g.

As can be seen from the results in Sections 2.4, 2.5, and 2.6, in semipara-
metric single-index models, the asymptotic distribution of n'/?(b, — ) does not
depend on the bandwidth £,,. Therefore, bandwidth selection must be based on a
higher-order approximation to the distribution of n'/?(b, — B). Hirdle and Tsybakov
(1993) used such an approximation to obtain a formula for the bandwidth that min-
imizes the asymptotic approximation to E ||8, — 8|, where § and 8,,, respectively,
are as in (2.39) and (2.42), and ||-|| is the Euclidean norm. This is an asymptot-
ically optimal bandwidth for estimating 8. Powell and Stoker(1996) obtained the
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bandwidth that minimizes the asymptotic mean-square error of a single component
of §,, — 4.

Two aspects of the results of Hérdle and Tsybakov (1993) and Powell and Stoker
(1996) are especially noteworthy. First, the asymptotically optimal bandwidth has
the form

hy, opt = hon72/(2P+d+2)’

where P and d are defined as in Theorem 2.3 and kg is a constant. Second, Powell
and Stoker (1996) provide a method for estimating /g in an application. To state
this method, let 4, be an initial bandwidth estimate that satisfies #,,; — 0 and
nhz1 — oo asn — 0o, where c = max(n +2d +4, P+ d + 2) for some n > 0.
Define

1 , (X1 — X2
qn(y1, X192, X2) = =5 (1 =y2)K' | ———
nl hnl
and
) 5
0= wn—1) qu: qn(Yi, XY}, Xj)”.

Let §,(h) denote the density-weighted average-derivative estimator of § based on
bandwidth 4. Let T # 1 be a positive number. Define

In(thn1) — 8n(hn1)

S=
(thnl)P - hf:l

The estimator of A is

» [(d+2)@
hy = | ———=
PS?

:| 1/(2P+d+2)

Another possible approach to bandwidth selection is based on resampling the
data. Suppose that the asymptotically optimal bandwidth has the form

hn,opt = hOn_y

for some known y . For example, in density-weighted average-derivative estimation,
y =2P+d+2.Letm < nbeapositiveinteger.Let{Y:, X;F: i=1, ..., m}bea
sample of size m that is obtained by sampling the estimation data randomly without
replacement. Then {Y: , X;} is a random sample from the population distribution
of (¥, X). Repeat this resampling process J times. Let b,;(h) (j = 1, ..., J) be
the estimate of § that is obtained from the jth sample using bandwidth A = tm™7,
where 7 is a constant. Let b, be the estimate of 8 that is obtained from the full
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sample by using a preliminary bandwidth estimate that satisfies the requirements
needed to make b, a n~/2-consistent estimator of B. Let 7, be the solution to the
problem

J
1
minimize: — Y  [byi(h) — byl
S Z [bmj(h) — b]
j=1
Then t,, estimates ho, and hy, op; is estimated by

A~

hn,opt = Tmn_y.

Horowitz and Hardle (1996) used Monte Carlo methods to obtain rules of thumb
for selecting the tuning parameters required for the estimator of o described in Sec-
tion 2.6.3. Horowitz and Hirdle (1996) obtained good numerical results in Monte
Carlo experiments by setting h,,, = svznz_l/ 7'5, where s, is the sample standard
deviation of X’b,, conditional on Z = z € S, and n;, is the number of observations

with Z = z. In these experiments, the values of the other tuning parameters were

vy = min max {X/b, — hn;: Z; = z},
z€S8; 1<i<n

vo = max min {X;b, + h,;: Z; = z},
zeS; 1<i<n

€p = max max G;Z(Xl/»bn),

ZESZ Xibnfv()

and
¢y =min_min G,_(X/by).

! 2€S; Xiby>v) nz( L n)
In the formulae for ¢y and ¢y, G;Z is the kernel estimator of G, that is obtained
using a second-order kernel instead of the higher-order kernel used to estimate
«. Horowitz and Hérdle (1996) found that using a second-order kernel produced
estimates of cp and c¢; that were more stable than those obtained with a higher-
order kernel.

2.8 An Empirical Example

This section presents an empirical example that illustrates the usefulness of semi-
parametric single-index models. The example is taken from Horowitz and Hérdle
(1996) and consists of estimating a model of product innovation by German manu-
facturers of investment goods. The data, assembled in 1989 by the IFO Institute of
Munich, consist of observations on 1100 manufacturers. The dependent variable is
Y = 1 if a manufacturer realized an innovation during 1989 in a specific product
category and O otherwise. The independent variables are the number of employ-
ees in the product category (EMPLP), the number of employees in the entire firm
(EMPLF), an indicator of the firm’s production capacity utilization (CAP), and a
discrete variable DEM, which is 1 if a firm expected increasing demand in the prod-
uct category and 0 otherwise.The first three independent variables are standardized
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so that they have units of standard deviations from their means. Scale normalization
was achieved by setting Beyprp = 1.

Table 2.3 shows the parameter estimates obtained using a binary probit model and
the direct semiparametric methods of Sections 2.6.1 and 2.6.3. Figure 2.1 shows a
kernel estimate of G'(v). There are two important differences between the semipara-
metric and probit estimates. First, the semiparametric estimate of Sgyprr is small
and statistically nonsignificant, whereas the probit estimate is significant at the 0.05
level and similar in size to Bcap. Second, in the binary probit model, G is a cumu-
lative normal  distribution function, so G’ is a normal density function. Figure 2.1
reveals, however, that G’ is bimodal. This bimodality suggests that the data may be
a mixture of two populations. An obvious next step in the analysis of the data would
be to search for variables that characterize these populations. Standard diagnostic
techniques for binary probit models would provide no indication that G’ is bimodal.
Thus, the semiparametric estimate has revealed an important feature of the data that
could not easily be found using standard parametric methods.

Table 2.3 Estimated coefficients (standard errors) for model of product innovation

EMPLP EMPLF CAP DEM

Semiparametric model

1 0.032 0.346 1.732
(0.023) (0.078) (0.509)
Probit model
1 0.516 0.520 1.895
(0.024) (0.163) (0.387)

Source: Horowitz and Hirdle (1996). The coefficient of EMPLP is 1 by scale normalization.

.15 4

G'(v)

.05

Fig. 2.1 Plot of G'( v) for model of product innovation. Source: Horowitz and Hirdle (1996)
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2.9 Single-Index Models of Conditional Quantile Functions

Let Q,(Y|X) denote the w-quantile of Y conditional on X, where 0 < o < 1.
Then P[Y < Qu(Y|X)|X] = «. In a single-index model of the conditional quantile
function,

0u(Y|X = x) = G('B), (2.56)

where 8 is an unknown constant vector and G is an unknown function. It is not
difficult to show that G and § are identified under the assumptions of Theorem 2.1.
Moreover, if b, is a n~'/2-consistent estimator of f, then G can be estimated with a
one-dimensional nonparametric rate of convergence by carrying out a nonparamet-
ric quantile regression of ¥ on X’ b,,. Nonparametric quantile regression is discussed
briefly in the Appendix and in more detail by Chaudhuri (1991a,b), Fan et al. (1994),
and Yu and Jones (1998). This section concentrates on n~/2-consistent estimation
of B. As is explained in the Appendix, estimating a conditional quantile function
requires optimizing a nonsmooth objective function. Consequently, quantile esti-
mation is more complex technically than estimation of conditional mean functions,
and it requires regularity conditions that are more elaborate and difficult to interpret
intuitively.

As with single-index models of conditional mean functions, § in (2.56) is pro-
portional to 00, (Y |X = x)/dx. Let W be a weight function. Define

Sk [aQamX =)

W(x)] . 2.57)
0x

Then § and B are equal up to a proportionality constant. Replacing 0Qy(Y|X =
x)/0x with a nonparametric estimator and the population expectation with a sample
average in (2.57) yields an average-derivative estimator of § and, hence, 8 up to a
proportionality constant. Specifically, let the data {Y;, X; : i =1, ..., n}beasim-
ple random sample of (¥, X), and let GQQ(Y |X;)/0x be a nonparametric estimator
of 004 (Y|X = x)/0x|x=x;. Then the average-derivative estimator is

n

o L[ 00a(YIX) ,
bap=—3_ [ } W(X)).

0x
i=1

Chaudhuri et al. (1997) have derived the asymptotic distributional properties of
<§A p. Their result requires the following definition of smoothness of a function. The
definition is somewhat technical but basically requires derivatives of the function to
be continuous. Let V be an open, convex subset of RY, where d = dim (X). Let m
be a function from R to R. Define m to have order of smoothness p on V and write
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m € S,(V)if p = £+ y for some integer £ > 0 and y satisfies 0 < y < 1, all partial
derivatives of m through order ¢ exist, and each order £ partial derivative satisfies

D'm(x1) — D m(xp)| < Cllxi — x2|I”

for all xq, xp € V, where D%m denotes any order £ partial derivative of m and C > 0
is a finite constant.

Let px denote the probability density function of X and py|x denote the density
of Y conditional on X. For sequences of numbers {c,} and {d,}, let ¢, < d, mean
that ¢, /d, is bounded away from 0 and co as n — ©00. Let [p] denote the largest
integer that is less than or equal to p. For data {Y;, X; : i = 1, ..., n} define
U; = Y;—Qq(Y]X;). Let V denote the gradient operator. Define I(x) = V log [px(x)].

Now make the following assumptions.

QADI1: The probability density of X is positive on V and px € S, (V) , where
p1 = 1+ y forsome y € (0,1].

QAD?2: The weight function W is supported on a compact set with nonempty
interior that is contained in V, and W € S, (V).

QAD3: Define U = Y — Qu(Y|X = x). Let pyx(ulx) denote the probability
density function of U at u conditional on X = x. Then pyx(u|x) considered
as a function of x belongs to S, (v for all # in a neighborhood of 0. Moreover
puix(ulx) > 0 and Adpyx(ulx)/du exists and is continuous for all u in a
neighborhood of 0 and all x € V.

QAD4: Q0 (Y|X = x) € Sp,(v), Where py > 3 +3d/2.

QADS: Qa(Y|X = x) is the local polynomial estimator of Chaudhuri (1991a,b)
with a polynomial of degree [p4] and bandwidth h, satisfying h, =< n™"
with m <K < g333-

The next theorem states the result of Chaudhuri et al. (1997).

Theorem 2.6: Let assumptions QADI-QAD4 hold. Then as n — 00,

n

A 1
Sap —8=— E {W(Xi)an(Y|Xi) — [ —1(U; = 0)]
n

i=1

VW(X;) + WX)IX;) }
Pyix[Qa(Y1X)IXi]

- B+ op(n_l/z). [ |

Theorem 2.6 implies that n'/ 2(8ap — 8) is asymptotically normally distributed
with mean 0 and variance equal to the variance of the summand on the right-hand
side of (2.58). As in average-derivative estimation of a conditional mean function
(Section 2.6), averaging of the nonparametric estimator BQO, /0x in (2.58) enables
Sap to achieve a n~'/2 rate of convergence instead of the slower rate for nonpara-
metric estimation of derivatives. It follows from QADS5 that Q, must be increas-
ingly smooth as d increases. Thus, the average-derivative estimator of Chaudhuri
et al. (1997), like the density-weighted average-derivative estimator of Powell et al.
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(1989) for conditional mean functions, has a curse of dimensionality. Methods for
choosing W and h,, in applications and for avoiding the curse of dimensionality in
average-derivative estimation of conditional quantile functions have not yet been
developed.

Khan (2001) has developed a rank estimator of 8 in (2.56) that is n~12_consistent
and asymptotically normal if G is monotonic. The average-derivative estimator does
not require monotonicity, but the rank estimator requires less smoothness than does
the average-derivative estimator. In addition, the rank estimator can accommodate
discrete components of X, although at least one component must be continuously
distributed. Khan’s estimator is based on an estimator of Cavanagh and Sherman
(1998) and is

b — B . ) )
p=arg min — Y WX)Qu(YIX)I(Xib > X;b),
beB,by=11 i
i

where b denotes the vector consisting of all components of b except the first, B €
R isa compact parameter set, W is a weight function, and Qa is Chaudhuri’s
(1991a,b) nonparametric estimator of Q.

To obtain the asymptotic distribution of Khan’s estimator, define

T1(x, b) =f W(x) 0o (Y|X = x)IX'b > V' b)px(v)dv

+ / W0 (YIX = WIWVb > xX'b)px(v)dv
and

n(x, b) = /I(x’b > Vb)px(v)dv.

Let B be the vector consisting of all components of 8 except the first. Let N be a
neighborhood of 8. Now make the following assumptions.

RADI: 8 is in the interior of the compact parameter set B.

RAD2: Q4(Y|X = x) = G(X'8) and G is a nonconstant, increasing function.

RAD3: Qu(Y|X) € S,(V), where p > 3d/2 and V is the support of X.

RADA4: The weight function W is continuous, bounded, and bounded away from
0 on its support, Sw. Sw has the form Sy X S’W, where Sw; is a compact
subset of the support of the first component of X and has a nonempty interior.
Sy is a compact subset of the remaining d — 1 components of X and
has adnonempty interior. Sy is not contained in any proper linear subspace
of R<.

RADS: The support of X is a convex subset of R? with a nonempty interior.

RADG: X has a probability density function, py, that is continuous and bounded
on its support. Moreover, px(x) > ¢ for some constant ¢ > 0 and all
X € Sw.
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RADT7: Let tg satisty G(f) < G(tp) if t < tp. Assume that

T= max [¥b| <oo.

RGSW, beB

Then [tg — 3T,tg + 3T] € Swi.

RADS: Define U = Y — Qu(Y|X = x). Let pyx(ulx) denote the probability
density function of U at u conditional on X = x. Then pyx(u|x) considered
as a function of x is Lipschitz continuous for all « in a neighborhood of 0.
Moreover pyx(u|x) considered as a function of u is continuous, bounded,
and bounded away from O for all # in a neighborhood of 0.

RAD9: For each x in the support of X and all b € N, Viri(x, b)
= 82r1(x, b)/ 0bob'  exists and is Lipschitz continuous. Moreover,
E[V37 (X, B)] is negative definite.

RADI0: For each x in the support of X and all b e N , Vn(x, b) =
a1 (x, b)/81~9 exists and is continuous. Moreover, E | VTo(X, B)| < oo.

RADI11: Qa is a local polynomial estimator based on a polynomial of degree
[p] and bandwidth A, satisfying n'/?H, — 0 and (logn)/(nh>$)'/? — 0
asn — 0.

The following theorem shows that n'/2(b, — B) is asymptotically normal under
RADI1-RADI1.

Theorem 2.7: Let RADI-RADI1 hold. Then n'/*(b, — B) 4 No,D'sDY),
where D = 0.5E[V?11(X, B)], T = E[s(Y, X)s(Y, X)'], and

W(x)
5, ) = ———{I[y < QY| X =0)] —a}Vra(x, B). W
puix(0x)

Khan (2001) proves Theorem 2.7, provides an estimator of the covariance matrix
D~':D™!, and shows that under slightly modified assumptions, the conclusion of
the theorem holds if some components of X are discrete. Like the average-derivative
estimator, the rank estimator requires fully nonparametric estimation of Q, and
has a curse of dimensionality, but the rank estimator’s smoothness assumptions are
weaker than the smoothness assumptions of the average-derivative estimator.



Chapter 3
Nonparametric Additive Models and
Semiparametric Partially Linear Models

This chapter discusses two types of models of conditional mean and quantile func-
tions. The first is a nonparametric additive model. The second is a semiparametric
partially linear model. In a nonparametric additive model, the mean or quantile of a
random variable Y conditional on a d-dimensional, continuously distributed, random
vector of covariates X is

E(Y|X = x) = Gl + mi(x") + -+ + ma(xh)] (3.1a)
or

Qu(YIX =x) = Gluw +mi(x") + - + ma(x], (3.1b)
where Ou(Y|X = x) is the a-quantile of Y conditional on X = x. In these speci-
fications, ¥(j = 1, ..., d) is the jth component of the d-dimensional vector x; G
is a known function, possibly the identity function, called a link function; | is an
unknown constant; and mj, ..., mg are unknown functions with scalar arguments.
The inferential problem is to estimate n and mj, ..., my from observations of

(Y, X). In a semiparametric partially linear model, there are two vectors of covari-
ates, X and Z. Let d denote the dimension of X. The model is

EYIX=x, Z=2=XB+52) (3.2a)

or

Qu(Y|IX=x, Z=2)=XB+g2), (3.2b)

where B is a d-dimensional vector of unknown coefficients and g is an unknown
function. It is usually assumed that Z is continuously distributed, whereas the com-
ponents of X may be discrete or continuous. The inferential problem is to estimate
B and, possibly, g from observations of (¥, X, Z).

Like single-index models, nonparametric additive and semiparametric partially
linear models achieve dimension reduction and, thereby, greater estimation accuracy
than is possible in fully nonparametric estimation (Stone 1985). In a nonparametric
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Springer Series in Statistics, DOI 10.1007/978-0-387-92870-8_3,
© Springer Science+Business Media, LLC 2009



54 3 Nonparametric Additive Models and Semiparametric Partially Linear Models

additive model, each of the additive components m;(j = 1, ..., d)can be estimated
with the one-dimensional nonparametric rate of convergence. Indeed, it is possible
to estimate each additive component with the same asymptotic accuracy that would
be achieved if all the other components were known and one had to estimate only a
single component with a scalar argument. This property is called oracle efficiency
because, asymptotically (though not necessarily in a finite sample), each additive
component can be estimated with the same accuracy that would be achievable if an
oracle told us the other components. In the partially linear model, 8 can be estimated
with a n~!/2 rate of convergence in probability. This is the same rate that would be
achievable if the function g were known.

Single-index, nonparametric additive, and semiparametric partially linear models
are nonnested. That is, there are single-index models that are not additive or partially
linear, additive models that are not single index or partially linear, and partially lin-
ear models that are not single index or additive. Therefore, except in special cases,
at most one of these models can be correctly specified in a given application. An
analyst must choose among the models, and an incorrect choice causes the result-
ing model to be misspecified. Nonetheless, each of the models relaxes some of the
strong assumptions of standard parametric models. For example, setting G in (3.1)
equal to the identity function yields a model that is less restrictive than the standard
linear model. Setting G equal to the normal (logistic) distribution function yields a
binary-response model that is less restrictive than a probit (logit) model.

Single-index and nonparametric additive models are nonnested because the link
function G is known and fixed in (3.1), whereas it is unknown in a single-index
model. If G is treated as unknown in (3.1), then single-index models become a
special case of the resulting class of nonparametric additive models with unknown
link functions. Specifically, (3.1) with an unknown link function is a semiparametric
single-index model if the m; s are all linear functions. By nesting single-index and
nonparametric additive models, (3.1) with an unknown link function eliminates the
need to choose between single-index and additive models and reduces the likelihood
of specification error. However, estimation with an unknown G is more difficult than
it is for a single-index model or an additive model with a known link.

There is also a connection between additive and partially linear models. To see
this, suppose that d = 2 and G is the identity function in (3.1), so the model is

E(Y|X =x) =+ mi(x") + ma(x?). (3.3)

Also suppose that X!, the first component of the covariate X, is discrete and can
take only J values. Denote these by x/ (j = 1, ..., J). Define B; = m(x) and
xj = I(x1 = xlj), where I is the indicator function. Let 8 and X, respectively, be
the J-dimensional vectors whose jth elements are ; and x;. Then the additive model
(3.3) is equivalent to the partially linear model

EYIX' =% X*=2=pu+¥B+m2). (3.4)
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In applications with continuous covariates, it may be difficult to justify assuming
that the conditional mean function is linear in some covariates but nonparametric
in others. However, (3.4) shows that partial linearity arises naturally if some of the
covariates are discrete and do not interact with the continuous covariates. Absence
of interaction between discrete and continuous covariates means that the conditional
mean function can be written as the sum of a function of the discrete covariates and
a function of the continuous covariates.

Sections 3.1, 3.2, and 3.3 of this chapter discuss estimation of model (3.1a).
Estimation of model (3.1b) is discussed in Section 3.4. Models (3.2a) and (3.2b) are
discussed in Section 3.6. Section 3.5 presents an empirical example.

3.1 Nonparametric Additive Models with Identity
Link Functions

This section is concerned with estimating the model

EYIX =x) = p+m@E)+ - 4 ma(x?), (3.5)

where 1 and the m; s are defined as in (3.1) and X is a continuously distributed ran-
dom vector. We describe three kinds of estimators of  and the additive components
mj when the data consist of the simple random sample {Y;, X;: i = 1, ..., n}.
The first method is called marginal integration. It is conceptually simple but can be
hard to compute and does not work well when d is large. The other two methods
are backfitting and a two-step procedure. The two-step procedure and a version of
backfitting yield asymptotically normal, oracle-efficient estimators that have good
properties even when d is large. The two-step procedure can easily be extended to
estimate an additive model with a link function. This is done in Section 3.2.

The property of oracle efficiency is referred to repeatedly in the discussion of
additive models and requires a precise definition. Suppose that my, ..., my and
w were known. Then m(x') could be estimated by carrying out the nonparametric
regression of ¥ — . — my(X2) — -+ — mg(X%) on X!. Call the resulting estimator
i (x"). Any estimator that has the same asymptotic distribution as 72y (x!) is called
oracle efficient. If such an estimator can be found, then asymptotically there is no
penalty for not knowing mo, ... ,mg and u when estimating m.

It is important to use notation that distinguishes between observations and com-
ponents of random vectors. Accordingly, in this chapter, X/ denotes the jth compo-
nent of the random vector X, X; denotes the ith observation of X, and X{ denotes the
ith observation of the jth component of X.

3.1.1 Marginal Integration

This section describes a method called marginal integration for estimating ¢ and the
additive components m; in (3.5). To begin, observe that (3.5) is unchanged if each
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component m; is replaced by m; + «; for some finite constant «; and w is replaced
by u — a1 — - - - — ag. Therefore, a location normalization that fixes u and the m;s
is needed to identify these quantities. In marginal integration, this is accomplished
by setting

EmX)] =0;j=1,2, ..., d (3.6)

This condition prevents replacing m; with m; + «; for any nonzero «; and, thereby,
identifies u and the m;s. We now consider estimation of 1 and m;. Other additive
components can be estimated by swapping them with m; .

Let X=D be the vector consisting of all components of X except X!. Let p_;
denote the probability density function of X(~1. Then (3.5) and (3.6) imply that

E(Y) = E[E(Y|X)]

d
=+ ) Emix)) 3.7
j=1
Moreover,
/ EYIX = 0p_1 "N =+ my(xh,
SO

) = / E(YIX = 0p_1 (D)) — o, (3.8)

Equations (3.7) and (3.8) express x and m(x') in terms of the population distribu-
tion of the observed random variables (Y, X). We can estimate i and m by replac-
ing unknown population quantities on the left-hand side of (3.7) and the right-hand
side of (3.8) with consistent estimators. This gives the following estimator of u:

= n! Xn: Y;.
i=1

To estimate mj(x!), let g(xl, XD be a kernel estimator of E(Y|X1 =
X, XD = x(_l)). Specifically, let

n 1 _ vyl (=1 _ y(=D
n _ A e X X; x X
au!, ) =P, 1Y) IZYiK1< i l)Kz( . ) (3.9)

i=1
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where

n 1 _ vyl (=1 _ y(=D
o x =X X X:
PR, X ="K L)k, L,
P hy hy

K is a kernel function of a scalar argument, K3 is a kernel function of a d — 1
dimensional argument, and /1 and A, are bandwidths. Now observe that the integral
on the right-hand side of (3.8) is the average of E(Y|X1 =x!, XD = x(_l)) over
XD This can be estimated by the sample average of g(x!, X(=1). The resulting
marginal integration estimator of my is

n
N _ N —1 N
m1(xl)=n 1z:g(xl, Xl( ))—,u,,

i=1

where Xf_l) is the ith observation of X(=1.

The marginal integration estimator was first proposed by Linton and Nielsen
(1995), who derived its asymptotic distributional properties for d = 2. Tjgstheim
and Auestad (1994) present similar ideas in a different setting. Linton and Hérdle
(1996) derived the properties of the estimator for any finite d. They proved the fol-
lowing theorem.

Theorem 3.1: Assume that

(a) Var(Y|X = x) = 0%(x) is bounded and Lipschitz continuous.

(b) The functions m; are q times continuously differentiable for some integer q >
d—1.

(c) Let p denote the density of X. Then p and p_, are bounded away from 0 and
are q times continuously differentiable.

(d) The kernel function K is bounded, nonnegative, compactly supported, and Lip-
schitz continuous. It satisfies

1
/ Ki(2)dz =1,
—1
1
/ zK1(2)dz = 0,
—1
and

1
/ ZKi(2)dz = A < .
-1

(e) The kernel function K> has the form K»(z) = ]_[J‘.’:l1 ko(Z), where k> is bounded,
compactly supported, and Lipschitz continuous. It satisfies

1
/ ky(v)dv =1
-1
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and
1 .
/ Vik(Wdv=0; j=1, ..., g—1
-1

(f) The bandwidths satisfy h1 = cin~/3 for some constant ¢; < oo, n2/5hg -0
and n*Phd™! — coas n— oo.

Define
B= / [K1(2))dz.
Then
n? Pl — mehH] =4 alBi ), viah],
where
Bi = ciA Bm/{(xl)er’1 / Moag—j(x)p_l(x(_l))dx(_l)],
and

p* )
(x)

vl(xl) = cle/o2(x) AV m

Under the assumptions of Theorem 3.1, the additive components m; can be esti-
mated with n~2/3 rates of convergence. This is the fastest possible rate of conver-
gence of an estimator of a twice-differentiable conditional mean function of a scalar
argument. But the number of derivatives required by Theorem 3.1, (d — 1), is larger
than two whenever d > 3. Thus, the marginal integration estimator suffers from a
form of the curse of dimensionality in that more derivatives of the m;s and densities
are needed to achieve the n~%/° rate as d increases. In addition, the marginal inte-
gration estimator is not oracle efficient. For example, if o2(x) = o2, where o' is a
constant, then

2 (=1)
vl(xl) = cl_lBa2/M
px)
In contrast, the variance of the oracle-efficient estimator that is obtained from the
nonparametric regression of ¥ — mp(X?) — - - - — mg(X?) on X" is ¢ ' Bo? /p1 (x1) <
vi(x!), where py is the probability density function of X ! (Linton 1997).
The marginal integration estimator has a curse of dimensionality because it
begins with a full-dimensional nonparametric estimator of the conditional mean

=D,
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of Y. See (3.9). As a consequence, the finite-sample performance of the marginal
integration estimator tends to be poor when d is large. If d is large, then there may
be few data points within a bandwidth of any given point x, which causes the estima-
tor to have a high variance and become numerically unstable. If a large bandwidth
is chosen to reduce this problem, then the estimator may be badly biased.

There have been several refinements of the marginal integration estimator that
enable it to achieve oracle efficiency or overcome the curse of dimensionality, but
none of these refinements achieves both goals. Linton (1997) has shown that if
d = 2, then an oracle-efficient estimator can be obtained by taking one step from a
suitable marginal integration estimator. Specifically, define U=Y—[— I’hz(Xiz).
Then an oracle-efficient estimator of m(x!) can be obtained as the value of Ay in

n 1 1
. P /oyl 1y72 Xi
(Bo, p1) = arg min ; [U; — by — by(X} — x")IPK; ( h3 )
where /3 is a bandwidth parameter. Fan et al. (1998) showed how to achieve ora-
cle efficiency with arbitrary values of d. However, this method requires increasing
smoothness of the additive components and density of X as d increases, so it does
not avoid the curse of dimensionality.

Kim et al. (1999) proposed a modified marginal integration estimator that
achieves oracle efficiency if the additive components and densities have enough
derivatives. The modified estimator is also easier to compute than the original
marginal integration estimator. To describe the modified estimator, let m_; =
my + --- + mg, and let p; denote the probability density function of X!.
Define

~ pieHp_ )
wix) = —— 21 7
p(x)

Then
EwX)m_1X“Mx' =x'1=0.
Therefore,
w+mixhH = E[ywX)|1x' = x', (3.10)

and my(x') can be estimated by replacing the expectation and w on the right-hand
side of (3.10) with sample analogs. The resulting estimate of 1 (x!) is

I o = x\ poxih)
5 1 i i N
=— Y vk ~
e =5 2 ( h ) o
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where p and p_ are kernel estimators of p and p_1, respectively. Achieving oracle
efficiency requires an additional step. Define

F ) 5 oyd
Ui=Yi— p—mXj)— - —ma(X7),
where 71; is the modified marginal integration estimator of m;, and define

=xeRYbj+h<¥<b—h j=1, ..., d},

where b; and bj, respectively, are the lower and upper bounds of the support of ¥'.
The oracle efficient estimator of m; (x!) is «g in

q—1 . 1 1
J x —X;
(ao, Ol 1 . ’mln E E aj (Xil —x1> K ( n : )I(X,-GS),

g1
q ]0

where h; is a bandwidth and g is the number of derivatives that the m;s and the
densities have. Kim et al. (1999) show that «q is oracle efficient if the following
conditions are satisfied.

KLHI1. The kernel is bounded, symmetrical about 0, supported on [ — 1, 1],
and satisfies

1
/ 7Ki(Qdv=0; j=1, ..., g—1.
-1

KLH2. The functions m; (j = 1, .., d) and p are g — 1 times continuously
differentiable, where g > (d — 1)/2.
KLH3. The densny function p is bounded away from 0 and oo and supported
n (b, byl x -+ x [ba, by).
KLH4. Var(Y|X = x) is Lipschitz continuous and bounded away from 0 and oo.
KLHS5. The bandwidths satisfy h; = cn~!/@4+D for some positive constant
¢ <ooand h=o[n V2t D] as n — oo.

The result of Kim et al. (1999) shows that an oracle-efficient estimator can be
obtained from a marginal integration estimator if g is sufficiently large. But the
estimator of Kim et al. requires full-dimensional nonparametric estimation of p, and
the curse of dimensionality remains. That is, the number of derivatives that the m;s
and p must have increases as d increases. Consequently, the estimator of Kim et
al. (1999), like the estimator of Theorem 3.1, is likely to perform poorly when d is
large.

Hengartner and Sperlich (2005) found a way to modify the marginal integra-
tion estimator so as to overcome the curse of dimensionality, though the result-
ing estimator is not oracle efficient. To describe their method, let m_1 (D) =
my(x2) + - - + mg(x?). Let r; and 7_; be sufficiently smooth density functions on
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R and R?~!, respectively. Define 7 = my7_;. Hengartner’s and Sperlich’s idea is
to use the location normalization

/ml(xl)n1 chHdx =0 (3.11)

and
/ m_1 TN (DD = 0 (3.12)

instead of (3.6). The normalization (3.11) and (3.12) makes it possible to use the
smoothness of m; to reduce the bias of the marginal integration estimator instead
of using the smoothness of the myjs. Therefore, the m;s do not need to be as smooth
as in marginal integration methods based on (3.6). The avoidance of a need for
smoothness of m;s enables Hengartner’s and Sperlich’s estimator to overcome the
curse of dimensionality.

To describe the estimator, let K be a kernel function of a scalar argument and K>
be a kernel function of a d — 1 dimensional argument. Let p be a kernel estimator of
p. Let hy and hy be bandwidths. Define

I -y P X! D _xV
gl Xy = —— 3 g (T g (2 i),
nhihy " = PXi) h ho

Observe that g(x) is a kind of kernel estimator of E(Y|X = x). The estimator of
my(x') is

mn(x) = / 20!, XD (D)
(3.13)
- / 2z XDz, 2 D)dzdx V.

This estimator can be understood intuitively by observing that if g replaces g in
(3.13), then the location normalization (3.11) and (3.12) implies that the right-hand
side of (3.13) equals 721 (x!). The following theorem, which is proved in Hengartner
and Sperlich (2005), gives the asymptotic behavior of the estimator (3.13).

Theorem 3.2: Assume that

(a) The conditional mean function g(x) is s times continuously differentiable in x'.

The conditional variance function o*(x) is finite and Lipschitz continuous.

(b) The density function p is compactly supported, Lipschitz continuous, and
bounded away from 0 and oo in the interior of the support.

(c) The density of XV conditional on X' is bounded away from 0 everywhere in
the support of X.
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(d) The density m is continuous and bounded away from 0 and o0 on its support,
which is contained in the support of X . Moreover, the density my has s+ 1
continuous, bounded derivatives.

(e) The kernels K; and K, are compactly supported and Lipschitz continuous. K;
satisfies

1 .
/ ZK\(dz=0;j=1, ..., s—1,
—1

1
/ ZKi(dz=A > 0,
—1

1
/ Ki(x)’dz = B

1

(f) The bandwidths satisfy hy = n~V>tD  hy = o(1), and nhg — 00 as

n — Q.
Then
(nh) [y (2 — my (x)] -5 NIBGD), v,
where
m(xl)=A[ ! d—zml(xl)— / ml(z>d—2m<z>dz]
p1(xh) dxy dz? ’
w(x!, xh)
vi(x') =B———= P

(1) 1
o', x) = / fo6) + gl TP
P)

2

p@p1(xh) (1)d(1)]
[/ 8 PP D) e ’

dx =D

and py is the density of x'.1

Theorem 3.2 imposes no smoothness requirements on w_j. Therefore, this den-
sity can be set equal to the Dirac delta function centered at any x(—!. This yields

mi(xh) = gx!, D) — / 8z, *"mi(2)dz

for any x~1 in the support of X(=1).

The assumptions of Theorem 3.2 do not require s to increase as d increases.
Therefore, the estimator (3.13) avoids the curse of dimensionality. The estimator is
not oracle efficient, however, and it is not known whether oracle efficiency can be
obtained by taking an additional step as in Linton (1997) and Kim et al. (1999).
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Hengartner and Sperlich (2005) do not explore how the density 7 should be chosen
in applications.

The next two sections describe estimation methods that avoid the curse of dimen-
sionality and, in some cases, achieve oracle efficiency. The method of Section 3.1.3
is extended in Section 3.2 to estimate an additive model with a nonidentity link
function.

3.1.2 Backfitting

Backfitting is an estimation procedure for model (3.1) that is implemented in many
statistical software packages. To describe the procedure, define

W=Yi— =Y m(xF)
k#j
forj=1, ..., d. Write model (3.1) as

W = mi(x)) + U (3.14)

It W; were known, then oracle efficiency could be achieved by estimating m; in
(3.14) nonparametrically, but W{ is not known. To obtain a feasible estimator, let

A, ﬁ1g, e ﬁ12 be preliminary estimates of w, mp, ..., my. Set

d
Wlo=vi- Z Px)).

Backfitting now proceeds as follows:

1. Estimate m; by nonparametric regression of Wil o on Xil. Denote the resulting
estimate by 7.

A d j
2. Set W2 =Y, — 4% — (X)) — 3 m)(x)).
j=3

3. Estimate my by nonparametric regression of Wf | on X,2 Denote the resulting
estimate by n%%

d .
4. Set Wi | =Y, — 00 — (X)) — my(xH) — Y- rh?(xg).
j=4

5. Estimate m3 by nonparametric regression of Wf | on X? Denote the resulting
estimate by ﬁ%

6. Continue until all additive components have been estimated. Then return to Step
1 but with ﬁzjl (j=2, ..., d)in place of rh;-).

7. Iterate Steps 1-6 until convergence is achieved.
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This estimation procedure was first proposed by Buja et al. (1989) and fur-
ther developed by Hastie and Tibshirani (1990). Backfitting does not require full-
dimensional nonparametric estimation, so one might hope that it avoids the curse of
dimensionality. However, investigation of the statistical properties of the backfitting
procedure is difficult because the estimator is defined as the limit (if it exists) of
a sequence of iterations, rather than by an analytic formula. Opsomer and Ruppert
(1997) and Opsomer (2000) investigated the properties of a version of backfitting
and found, among other things, that the estimator is not oracle efficient. They also
required strong restrictions on the distribution of X.

Mammen et al. (1999) and Mammen and Park (2006) have found ways to mod-
ify backfitting to achieve estimators that are oracle efficient, asymptotically normal,
and free of the curse of dimensionality. The modified estimators are the solutions
to systems of linear integral equations. The equations cannot be solved analytically,
but the solutions can be approached numerically through sequences of successive
approximations that are similar (though not identical) to the sequence used in back-
fitting. The details are lengthy. Rather than present them here, we explain a simpler,
noniterative, two-step estimator that is easy to implement, asymptotically normal,
and oracle efficient. The two-step method can be extended easily to models with
nonidentity link functions (see Section 3.2) and estimation of conditional quantile
functions (see Section 3.4).

3.1.3 Two-Step, Oracle-Efficient Estimation

This section describes an estimation procedure that was developed by Horowitz and
Mammen (2004). The procedure does not use d-dimensional nonparametric regres-
sion and avoids the curse of dimensionality. Estimation takes place in two stages.
In the first stage, ordinary least squares is used to obtain a series approximation
to each m;. Nonparametric series approximations are explained in the Appendix.
The first-stage procedure imposes the additive structure of (3.1), thereby avoiding
the need for d-dimensional nonparametric estimation. This enables the estimator
to avoid the curse of dimensionality. However, it is hard to establish the asymp-
totic distributional properties of series estimators. To overcome this problem, the
Horowitz—Mammen procedure uses the first-stage estimates as inputs to a second
stage whose output is an asymptotically normal, oracle-efficient estimator of each
additive component. The second-stage estimates, like the first-stage ones, avoid the
curse of dimensionality.

To describe the second-stage procedure, let i, mo, ..., my denote the first-
stage series estimates of w, mp, ..., mg. Then second-stage estimate of m is
obtained by carrying out the kernel or local-linear nonparametric regression of
Y — i —imp(X?)—- - - —mg(X?) on X'. The local-linear estimator has better behavior
near the boundaries of the support of X and adapts better to nonuniform designs (Fan
and Gijbels 1996), but it does not necessarily have better numerical performance in
finite samples. In large samples, the second-stage estimator has the structure of an
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ordinary kernel estimator or local-linear estimator, so deriving its pointwise rate of
convergence and asymptotic distribution is relatively easy.

3.1.3.1 Informal Description of the Estimator

Assume that the supportof Xis X =[—1, 11, and normalize my, ..., my so that

1
f mivdv=0; j=1, ..., d.
—1

For any x € R? define m(x) = my(x') 4 - - - 4+ my(x?), where ¥ is the jth component
of x. Let {yx: k = 1, 2, ...} denote a basis for smooth functionson [ — 1, 1]. A
precise definition of “smooth” and conditions that the basis functions must satisfy
are given in Section 3.1.3.2. These conditions include

1
/ Yr(V)dv = 0; (3.15)
-1
1 e
_Jlifj=k
/ ) = { 0 biermise’ (3.16)
and
mi(f) = ()
k=1
foreachj =1, ..., d,each ¥ € [ — 1, 1], and suitable coefficients {0 }. For any
positive integer «, define
v, (x) =[1, xl, R xl, xz, R xz, el
() =[1, Y1(x’) Vie(x'), ¥1(x7) Ve (x7) 3.17)

i), D

Then for 6, € R4 W, (x)6, is a series approximation to w+m(x). Section 3.1.3.2
gives conditions that ¥ must satisfy. These require that k — oo at an appropriate
rate as n — oQ.

To obtain the first-stage estimators of the mys, let {Y;, X;: i = 1, ..., n} be
a random sample of (Y, X). Let én/( be the solution to the ordinary least-squares
estimation problem:

n
minimize: Sy (0) =n"" Y [V — W (X;)01%,
nimize: $u.(0) le[, «(X)'0]
1=
where ©, C R¥“*! is a compact parameter set. The first-stage series estimator of
n+ m(x) is

fi + (x) = We(x) O,
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where [t is the first component of O, The estimator of mj(x/ Yforanyj=1, ..., d
and any & € [ — 1, 1] is the product of [1(¥), ..., ¥, (¥)] with the appropriate
components of 6, There is no curse of dimensionality in this estimator because all
the estimated functions have scalar arguments.

We now describe the second-stage kernel (or local constant) estimator of (say)
mi(xY). Let Xl(_l) denote the ith observation of XV = (X2, ..., Xd). Define
rh_l(Xl(*l)) = ﬁlz(Xl»z) + -+ ﬁid(Xf), where X{ is the ith observation of the jth
component of X and 77; is the series estimator of m;. Let K be a probability density
function on [ — 1, 1] and & be a real, positive constant. Conditions that K and 4 must
satisfy are given in Section 3.1.3.2 These include 4 — 0 at an appropriate rate as
n — oo. The second-stage estimator of n(x!) is

n 1_xl -1 1 _xl
i, K<x‘)=[;1<<x ; )} Z[Yi—ﬁu(XE”)lK(xT'), (3.18)

i=1

where the subscript K indicates that 711, g is the kernel second-stage estimator. In
fact, /i1y, x is simply the Nadaraya—Watson kernel regression of ¥ — /i_j(X™1)
on X!.

The local-linear version of the second-stage estimator is obtained by replacing
the kernel regression with the local-linear regression of ¥ — m_1(X™D) on X'
Accordingly, the local-linear estimator of 1] (xl) ismy, LL(xl) = l;(), where l;o solves
the problem

n
minimize : S,(x!, bo, by) = Z [Y; — by — bl(Xil —xh—a- ﬂ1—1(Xf_l))]2
i=1

bo, by
(xl —X-l>
K L.
h

Section 3.1.3.2 gives conditions under which 7, k(1) and my, () are n—
consistent, asymptotically normal, and oracle efficient for any finite d when the m;s
are twice continuously differentiable. Thus, the second-stage estimators converge at
the optimal rate for estimating a twice-differentiable conditional mean function of
a scalar argument. This result holds for any finite d, so there is no curse of dimen-
sionality.

2/5

3.1.3.2 Asymptotic Properties of the Two-Stage Estimator

This section begins by stating the assumptions that are used to prove that the two-
stage estimator is asymptotically normal and oracle efficient.

The following additional notation is used. For any matrix A, define the matrix
norm ||A|| = [trace(A’A)]Y/%. Define U = Y — p 4+ m(X), V(x) = Var(U|X = x),
Oc = ENV(OW(X)'], and Yy = Q' E{[mOP V)W (X)W, (X)'}Q, " when-
ever the latter quantity exists. Q, and Y, are d(x) x d(x) positive-semidefinite
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matrices, where d(x) = kd + 1. Let A, min denote the smallest eigenvalue of Q.
Let Qy, j; denote the (i, j) element of Q. Define §, = sup,cy W, (x)|. Let {0} be
the coefficients of the series expansion of m;. For each « define

9/( :(M, 911, L] 91K9 921’ L) 92/{3 ceey edl’ ceey edK)/'
The assumptions are

ADDI1: The data, {Y;, X;:i =1, ..., n}, are a simple random sample from
the distribution of (Y, X). Moreover, E(Y|X = x) = u + m(x) for almost
every xe X =[—1, 174

ADD?2: (i) The support of X is X. (ii) The distribution of X is absolutely contin-
uous with respect to Lebesgue measure. (iii) The probability density function
of X is bounded, bounded away from zero, and twice continuously differen-
tiable on X'. (iv) There are constants c¢y > 0 and Cy < oo such that
cy < Var(U|X = x) < Cy forall x € X. (v) There is a constant Cy < 00
such that E|UY < C} 2 JIE(U?) < oo forall j > 2.

ADD3: (i) There is a constant C,, < oo such that [m;(v)] < C, foreach j =
I, ..., dandall v € [ -1, 1]. (ii) Each function m; is twice continuously
differentiable on [ — 1, 1].

ADD4: (i) There are constants Cp < oo and c¢; > O such that [Q,, ;| < Cp
and A¢ min > ¢y forall k andall i, j =1, ..., d(k). (i) The largest
eigenvalue of W, is bounded for all «.

ADDS: (i) The functions {y} satisfy (3.15) and (3.16). (ii) There is a constant
¢ > Osuch that ¢, > ¢, for all sufficiently large «. (iii) ¢c = O(x'/?)
as k — o0. (iv) There are a constant Cyp < oo and vectors 6,9 € O, =
[ — Cy, Cy1%*) such that SUPyey [0+ m(x) — Ve (x) 00|l = O(k~?) as
k — 00. (v) For each «, 6, is an interior point of ©,.

ADDG6: (i) x = C.n*/ 131 for some constant Cy satisfying 0 < C, < oo and
some v satisfying 0 < v < 1/30. (ii)) h = Cpn—1/3 for some constant Cp,
satisfying 0 < Cj, < oo.

ADD7: The function K is a bounded, continuous probability density function
on [ — 1, 1] and is symmetrical about 0.

The assumption that the support of X is [ — 1, 1]¢ entails no loss of generality
as it can always be satisfied by carrying out monotone increasing transformations of
the components of X, even if their support before transformation is unbounded. For
practical computations, it suffices to transform the empirical support to [ — 1, 1]%.
Assumption ADD2 precludes the possibility of treating discrete covariates, though
they can be handled inelegantly by conditioning on them. Differentiability of the
density of X, assumption 2(iii), ensures that the bias of the estimator converges
to zero sufficiently rapidly. Assumption 2(v) restricts the thickness of the tails of
the distribution of U and is used to prove consistency of the first-stage estima-
tor. Assumption ADD3 defines the sense in which m;s must be smooth. Assump-
tion ADD4 insures the existence and nonsingularity of the covariance matrix of the
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asymptotic form of the first-stage estimator. This is analogous to assuming that the
information matrix is positive definite in parametric maximum-likelihood estima-
tion. Assumption ADDA4(i) implies ADDA4(ii) if U is homoskedastic. Assumptions
ADDS5(iii) and ADD5(iv) bound the magnitudes of the basis functions and ensure
that the errors in the series approximations to the m;s converge to zero sufficiently
rapidly as k — oo. These assumptions are satisfied by spline and (for periodic
functions) Fourier bases. The bias of series approximations is discussed further in
the Appendix. Assumption ADDG6 states the rates at which k — oo and 7 — 0 as
n — oo. The assumed rate of convergence of / is asymptotically optimal for one-
dimensional kernel mean regression when the conditional mean function is twice
continuously differentiable. The required rate for « ensures that the asymptotic bias
and variance of the first-stage estimator are sufficiently small to achieve an n~2/
rate of convergence in the second stage. The rate of convergence of the integrated
mean-square error of a series estimator of m; is maximized by setting k¥ n'/3,
which is slower than the rates permitted by assumption ADD6(i) (Newey 1997).
Thus, assumption ADD6(i) requires the first-stage estimator to be undersmoothed.
Undersmoothing is needed to ensure sufficiently rapid convergence of the bias of
the first-stage estimator. Horowitz and Mammen (2004) show that the first-order
performance of the second-stage estimator does not depend on the choice of « if
assumption ADDG6(i) is satisfied. See Theorems 3.4 and 3.5 below. Optimizing the
choice of k¥ would require a rather complicated higher-order theory and is beyond
the scope of this discussion.

We now state three theorems that give the asymptotic properties of the two-stage
estimator. The theorems are proved in Horowitz and Mammen (2004). Theorem 3.3
gives the asymptotic behavior of the first-stage series estimator under assumptions
ADD1-ADDG6(i). Theorem 3.4 gives the properties of the second-stage kernel esti-
mator. Theorem 3.5 gives the properties of the second-stage local-linear estimator.

Fori=1, ..., n,define U; = Y;—pu+m(X;) and bo(x) = p+m(x)— ¥, (x) 0,0.
Let ||v|| denote the Euclidean norm of any finite-dimensional vector v.

Theorem 3.3: Let assumptions ADDI1-ADDO6(i) hold. Then

A

One — Oco|| =0

(a) lim
n—odo

almost surely,

(b) bue — Oco = Op(ic' 2 /n' /% 4 172,

and

(c) sup |m(x) — m(x)] = Op(k/n'/? 4+ =3/%).
xeX
In addition,

n
(d) Onc — B0 =n""0." Y W (X)U;

i=1

n
+n 'O Y W (Xbo(Xi) + R,
i=1

where |R,|| = OP(K3/2/1’1 +n /2 m
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Parts (a—c) of Theorem 3.3 establish the uniform consistency and uniform rate of
convergence of the series estimator. These are standard properties of series estima-
tors that are derived, for example, by Newey (1997). Part (d) provides an asymptotic
representation that is used to derive the properties of the second-stage estimators.

Now let fy and f1, respectively, denote the probability density function of X and
X!, Define

" 1 1
— X — X
S, m) = =2 .§1 [¥; = = mh) = moy(x K (—h ’ )
1=
Also define

1
Ak =/ sz(v)dv,
-1

1
Bk = / K(v)dv,
-1
gty ¥V = @/0) {Imi @ + 5+ moa ()

UG ma O e )

B = CAgf ! / g, XY, 2D,

and

Vit = BxC, ' [4fi(xH] / Var(Ulx', x=D)fe e, XEDyax =D
Theorem 3.4: Let assumptions ADDI-ADD7 hold. Then

(a) i, k(') —mi(x') = =[2nkfi (DL (1 m) + 0p(n= 7)),
uniformly over |x'| <1 —hand i, g(x') —mi(x") = Opl(logn)'/*n
uniformly over X'l <L

(b) nlin, k(") = miGHTSNIBIGD, ViG]

(c) If j # 1, then n*/ iy x(x') — m1(x")] and n*/> [, k() — mj(xj)] are asymp-
totically independently normally distributed. B

~2/5]

Theorem 3.4(a) implies that asymptotically, n>/[fi, x(x') — mi(x!)] is not

affected by random sampling errors in the first-stage estimator. In fact, the second-
stage kernel estimator of m 1(x1) has the same asymptotic distribution that it would
have if mp, ..., my were known and kernel estimation were used to estimate
m(xh) directly. This is the oracle-efficiency property. Parts (b) and (c) of Theo-
rem 3.4 imply that the estimators of m(x!), ..., mg(x?) are asymptotically inde-
pendently normally distributed with n~2/ rates of convergence. These rates do not
depend on d, so there is no curse of dimensionality.
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The oracle-efficiency result can be understood intuitively by observing that i, g
would be oracle efficient by definition if m_; could be replaced by m_ in (3.18).
The use of /n_; contributes bias and variance to 711, g. However, the bias is asymp-
totically negligible because m_1 is undersmoothed (assumption ADD6(i)). Under-
smoothing increases the variance of m_p, but (3.18) averages m_1, and averaging
reduces variance. The combination of bias reduction through undersmoothing and
variance reduction through averaging makes 711, g oracle efficient.

Theorem 3.5 extends the results of Theorem 3.4 to the local-linear estimator. We
need the following additional notation. For j = 0, 1, define

Sy, m) = =23 "[¥; — = mi (') — m XX — 2 VKL - X,
i=1

Also define

Bi, () = CRAkm| () (D).
The theorem is as follows.

Theorem 3.5: Let assumptions ADDI-ADD7 hold. Then

(@) i, G — m@) = 2erfic)] T =80,60 m) 4+ [ GD/fiED]
S;m(xl, m)}—i—op(n_z/s)uniformly over |x1| < l—handy, H=mh =
Opl(log )20 =23 uniformly over |x'| < 1.

(b) n?lin, 12" = mi D15 NIy, @), Vi)

(c) Ifj # 1, then n*/ [, . =m ()] and n2/5[ﬁ1j, L (¥) —mj(xj)] are asymp-
totically independently normally distributed. B

Theorem 3.4 implies that the second-stage local-linear estimator of n2;(x!) has
the same asymptotic distribution that it would have if m;, ..., mgz were known and
local-linear estimation were used to estimate m; (x!) directly. Thus, like the kernel
estimator, the local-linear estimator is oracle efficient. Theorem 3.4 also implies that
the local-linear estimators of m(x'), ..., mgy(x?) are asymptotically independently
normally distributed with n~2/3 rates of convergence and that there is no curse of
dimensionality.

3.2 Estimation with a Nonidentity Link Function

This section extends the two-stage method of Section 3.1.3 to estimation of the
model

E(Y|X =x) = Glu+m(x") + -+ + ma(x))], (3.19)
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where G is a known function that is not necessarily the identity function. As in the
case of an identity link function, the first estimation stage consists of obtaining a
series estimator of the m;s. This is done by using nonlinear least squares to esti-
mate the coefficients of the series approximation. The additive structure is imposed
through the series approximation, thereby avoiding the curse of dimensionality. The
second estimation stage consists of taking one Newton step from the first-stage esti-
mate toward a local-linear or local constant estimate. In large samples, the second-
stage estimator of each additive component has the structure of a local-linear or
local constant estimate in which the other components are known. This implies that
the second-stage estimator is oracle efficient and asymptotically normal. Yu et al.
(2008) give an alternative method for estimating (3.19). This method is more com-
plicated than the one described here but can have better finite-sample accuracy when
the covariates are highly correlated.

3.2.1 Estimation

This section describes the estimator of the additive components in (3.19). The results
are proved in Horowitz and Mammen (2004). As before, let {yy: k = 1, 2, ...}
denote a basis for smooth functions on [ — 1, 1]. Assume that {1/} satisfies (3.15)
and (3.16). Define W, as in (3.17). Let {Y;, X;: i =1, ..., n} be arandom sample
of (Y, X). To obtain the first-stage estimator, let én,( be a solution to

n
minimize: Sy (0) = n"! Y; — G[V, (X,)61)>,
nimize: Suc(0) le{, [ (X)'01)
=
where ©, C Rt is a compact parameter set. Thus, first-stage estimation with a
nonidentity link function is like estimation with an identity link function except that
nonlinear least squares is used instead of ordinary least squares. As with an identity
link function, the series estimator of p + m(x) is i + m(x) = W, (x)'0,,, where [i is

the first component of é,,K, and the‘estimator of mj(xf )foranyj=1, ..., dandany
X € [0, 1]is the product of [ (), ..., ¥, (¥)] with the appropriate components
of 6.

We now describe the second-stage kernel (local constant) estimator of (say)
mi(x}). As in Section 3.1.3, let Xffl) denote the ith observation of XD =
(X2, ..., X9), and define m_; (X V) = ma(X2) + - - - + ma(X?), where 7 is the
series estimator of m;. Let K and / be the kernel and bandwidth, respectively. Define

Sl ) = =23 (¥ = Gl + i () + i (X))
i=1

_x!
Gl + i (1) + iy (XK (%)

and
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" 1 1
[ ~ =] ~ D2 o [ X X
Sy, i) =23 G+ i + i (XK (T)
i=1

—23 ¥ = Gl + i @) + iy (X))
i=1

T TN e ) ' -x}
G'lp+m(x) +m_1(X; )HIK A .

The second-stage estimator of m; (x!) is
(el = m () — 8t /S (). (3.20)

The second-stage estimators of ma(x?), ..., md(xd ) are obtained similarly.

The estimator (3.20) can be understood intuitively by observing that if & and
i_1 were the true values of u and m_, then m1(x') could be estimated by the value
of b that minimizes

n 1 1

Sl b) =Y (¥i = Gl + b+ (P K (x hX’ ) (3:21)
i=1

The estimator (3.20) is the result of taking one Newton step from the starting value

by = m1(x") toward the minimum of the right-hand side of (3.21).

Describing the asymptotic distributional properties of the second-stage estimator
requires modifying some of the notation and assumptions of Section 3.1.3. Define
Ak and Bk as in Section 3.1.3, U = Y — G[u + m(X)], and V(x) = Var(U|X =
x). Redefine O, = E{G'[n + mX)*¥ X)WV, (X)}, and T, = Q;lE{G’[/L +
mX)> VOO, X)W, (X)'}Or . Define e min, Ox, ij» Le» 10}, and O as in Sec-
tion 3.1.3 but with the redefined Q, in place of the version used in Section 3.1.3. In
addition, define

Su@ls m)= =23 (¥ = Glu +mi () +moa (X))

i=1

/ 1 (=1) xl_Xil
Gl +mx)+m_(X; HIK — |

Do(x') =2 / Gl + mi () + moy D) Pfret, 2D,
gl X0y =02/0¢%) [ Gl (¢ 4+ x) + mo1 ()
~GUmG) 4 ma GO e+t 2]
B =2C2Ak Do) ™! [ gl XTG4 mi ) + mo D))
fx(et, xXED)ax=h,

and
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Vix') =Bk C;, ' Do(x') 2 f Var(Ulx', X6 T+ mih) +moy D)2

fx@h, XD,

Make the following assumptions in addition to those already made in Section 3.1.3.
ADD3x: (iii) There are constants Cg; < 00, cg2 > 0, and Cgy < 00 such that
G(v) < Cgrandcgy < G'(v) < Cqr forallv € [u—Cpd, p+Cpd]. (iv) G is twice
continuously differentiable on [u — C,,d, w4+ Cyd]. (v) There is a constant Cg3 <
oo such that |G (v2)—G"(v1)| < Cgzlva—vi|forall vy, vi € [u—Cpd, u+Cpdl.
These assumptions impose smoothness restrictions on the link function G. They
are satisfied automatically and, therefore, not needed if G is the identity function.
The properties of the first-stage estimator are given by the following theorem.

Theorem 3.6: Let assumptions ADDI1-ADD6(i) hold. Then

A

One — Oxc =0

(a) lim
n—0o0

almost surely,

(b) énK — GKO = Op(Kl/z/nl/z +K72),

and

(¢) sup |im(x) — m(x)| = Op(ic/n"/2 + k=3/2).
xeX

In addition,

n
Onc — 6o =n""'07 " G/l + mX)IW, (X)U;
i=1
(d) =
+n7' 0 Y G+ mXD)P W (X)beo(Xi) + Ry,
i=1
where |R, | = Op(c®?/n+n=1/2). M

The interpretation of this theorem is the same as that of Theorem 3.3. Parts (a—c)
of Theorem 3.6 establish the consistency and uniform rate of convergence of the
series estimator. Part (d) provides an asymptotic representation that is used in deriv-
ing the properties of the second-stage estimator.

The properties of the second-stage kernel estimator are given by the next
theorem.

Theorem 3.7: Let assumptions ADDI-ADD7 and ADD3* hold. Then

(a) i, g(x') —mi(x') = —[nhDo(xH] 1S, (' m) + 0,(n™2),
uniformly over |x'| < 1 — h and iy, k(x") — mi(x") = O,[(logn)"/*n
uniformly over |x1| < 1.

(b) n?30h, k(D) — mi (D] -SNIBIGY), ViG],

(c) Ifj # 1, then n?/ iy, x(x") — my(x1)] and n*5[iy, k(F) — mj(¥)] are asymp-
totically independently normally distributed.

~2/5]
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Theorem 3.7(a) provides an asymptotic representation of /11, x(x') that is iden-
tical to the representation that would be obtained from solving (3.21) with the true
additive components m_ in place of the estimates m_. Therefore, Theorem 3.7(a)
implies that the second-stage estimator is oracle efficient. Parts (b) and (c) of Theo-
rem 3.7 show that /71y, g is n~>/>-consistent and asymptotically normal. The rate of
convergence does not depend on d, so there is no curse of dimensionality.

We now describe the local-linear second-stage estimator. Define

Syl i) = =23 ¥ = Gl A i () + g (X))

i=1

1_xl
Glfi + i (") + o (x i —x') Tk (x p X )

forj=0, 1and

~ - ~ - - _ . xl — X1
Sy i) =23 Gl + i) + o (P - YK ( —

i=1

— 2 ¥ = Gl + i) + o (X))

i=1

1ox!
Gl + i () + g O ! —xYK (x ; & )

forj =0, 1, 2. The second-stage estimator of m 1(x1) is

A N T NPT CL ) A CL ) N i 7))

A 1 ~ 1
m x)=m(x)— . (3.22
1, Le(x’) = my(x’) ST, Sy G ) — ST (e, 2 (3.22)
The second-stage estimators of my(x?), ..., mg(x?) are obtained similarly. The

estimator (3.22) can be understood intuitively as follows. If i and m_; were the
true values of 4 and m_1, the local-linear estimator of m(x') would minimize

n 1 1
- - _ x —X;
Sn(x' bo. b=y AYi= Gl +bo +bi(X] —x) i1 X] ”)1}”(( i )

i=1

(3.23)
Moreover, S, (!, m) = 8Su(x!, by, b1)/db; (j =0, 1)evaluated at by = s (x')
and by = 0. S;l’jl(xl, m) gives the second derivatives of Snl(xl, bo, by) evaluated

at the same point. The estimator (3.22) is the result of taking one Newton step from
the starting values by = /1 (x'), b; = 0 toward the minimum of the right-hand side
of (3.23).
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To obtain the asymptotic distribution of the local-linear second-stage estimator,
define

Sy m) = =23 (¥ — Gl + my (") + m_y ()1}

i=1

1 _xl
Gl +m (") +mo X)X —xY /K (x th )

forj=0, 1,

D) =2 / Gl + mi(h) + moy (DPIf(, B/0x'1d,

g, %) = G4 m (") + moy O () + Gl + mi () + moy @1m] (D,

and

B1. 1(x") = 2C;AxDo(x") 7! / g, DG [+ mi(eh) + mo(Dfx(!, Hdx.

The next theorem gives the asymptotic properties of the second-stage estimator.

Theorem 3.8: Let assumptions ADDI-ADD7 and ADD3x hold. Then

(a) iy, () — m@h) = kDo) TH=8,, (!, m) 4+ [Di(x")/Do(xh)]
S”m(xl, m)} + op(n_2/5) uniformly over |x'| < 1 — h and my, h —
ml(x]) = Op[(log n)]/zn’z/s] uniformly over |x1| <L

(b) n*Slinn, 120" = my GO SNIBL, 126, Vi,

(€) If j # 1, then n*PUin, () — miGH] and n®Pliy, 11(F) — my(d)] are
asymptotically independently normally distributed. B

Part (a) of Theorem 3.8 provides an asymptotic representation of 71y, x(x') that
is identical to the representation that would be obtained from solving (3.23) with
the true additive components m_1 in place of the estimates m_;. Therefore, part
(a) implies that the second-stage estimator is oracle efficient. Parts (b) and (c) of
Theorem 3.8 show that /71y, g is n~2/-consistent and asymptotically normal. The
rate of convergence does not depend on d, so there is no curse of dimensionality.

3.2.2 Bandwidth Selection

This section describes a data-based method for selecting the bandwidth £ that is
used in the second estimation stage with either an identity or nonidentity link
function. The presentation here assumes a general link function G. The result
for an identity link function is obtained by replacing G with the identity func-
tion. The method simultaneously estimates the bandwidths for estimating all the
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functions m; (j = 1, ..., d). In general, the bandwidth can be different for differ-
ent m;s. Accordingly, denote the bandwidth for estimating m; by h;. Assume that
hj = Cpin~1/3 for some finite constant Cj,; > 0.

The method described here selects the Cpjs to minimize an estimate of the
average-squared estimation error (ASE), which is

ASE() = n~" Y " {Glft + m(X)] — Glp + mX)1Y,
i=1

1/5

where h = (Cpin~ 13, ..., Cpn= /). Specifically, the method selects the C;s to

n
minimize : PLS(h) = n~! Y — Gt + mX)1}
P — g{ i 1% D1}

(3.24)

n d
+2KO)n Y G [+ mX) PV} Y [n* POy,
i=1 j=1

where the Cy;s are restricted to a compact, positive interval that excludes 0,

. 1 & L
Di() = o > Ky (X, = ¥)G i+ (X)),
T i=1

and

) " I d _\7™!
V(x)=|:ZK(X’h1x>...K(X’hd )}
i=1

n X_l_l Xd_xd
XZK< e )K( g ){Y,-—Gmwmxonz-

=1 1 d

The bandwidths used for V may be different from those used for m because Visa
nonparametric estimator of a function with a d-dimensional argument.

We now present Horowitz’s and Mammen’s (2004) heuristic argument that (3.24)
estimates the bandwidths that minimize ASE(h). Specifically, the difference

n
n~'> " U} + ASE(h) — PLS(h)

i=1
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is asymptotically negligible. For this purpose, note that

n~' Y U+ ASE(h) — PLS(h) = 20" Y " {Gl i + m(X)] — Glu + m(X))U;

i=1 i=1

—2KOn~" Y Gl +mX) PV
i=1

d
> In* P Cybixhi !
j=1

Now approximate G[x + m(X;)] — G[iu + m(X;)] by a linear expansion in 71 — m
and replace m — m with the stochastic approximation of Theorem 3.8(a). Thus,
Gl + m(X;)] — Gl + m(X;)] is approximated by a linear form in U;. Dropping
higher-order terms leads to an approximation of

2N
=D AGI + (X)) = Gl + mX)U;
i=1
that is a U statistic in U;. The off-diagonal terms of the U statistic can be shown to
be of higher order and, therefore, asymptotically negligible. Thus, we get

2N e L 25~ 2
: 3" (Gl + m(X)] — Glu + mX)] U = > Glu + mX) P Var(Ui|X)
i=1 i=l
d .
x Z [n*/ CpiDoy (X)) 1™ K(0),
j=1

where
Doj(¥) = 2E{G' [ + mX)PP|X, = ¥Yf ()

and fy; is the probability density function of X’/. Now by standard kernel smoothing
arguments, Do;(¥) ~ D;j(¥/). In addition, it is clear that V(X;) ~ V(U;|X;), which
establishes the desired result.

3.3 Estimation with an Unknown Link Function

This section discusses estimation of model (3.1) when the link function, G, is
unknown. As was explained in the introduction to this chapter, model (3.1) with an
unknown link function provides a flexible class of models that nests semiparametric
single-index and nonparametric additive models.
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The main problem is to estimate the additive components my, ..., my. Given
estimates m;, ..., My, G can be estimated by carrying out a nonparametric mean
regression of Y on 1) (X)) +. . .+714(X?). Horowitz (2001a) proposed an estimator of
the additive components, but this estimator has a curse of dimensionality and does
not achieve the optimal one-dimensional nonparametric rate of convergence (e.g.,
n~2/3 for additive components that are twice differentiable). This section describes a
penalized least-squares (PLS) estimator that was developed by Horowitz and Mam-
men (2007). The PLS estimator does not have a curse of dimensionality and achieves
the optimal one-dimensional nonparametric rate of convergence.

Before presenting the estimator, it is necessary to specify normalizations that
ensure identification of G and my, ..., mg. Observe that (3.1) remains unchanged
if each m; is replaced by m;+-a; for any constants a; and G(v) is replaced by G*(v) =
G(v —ay —- -+ —ay). Similarly, (3.1) is unchanged if each m; is replaced by cm; for
any ¢ # 0 and G(v) is replaced by G*(v) = G(v/c). Therefore, location and scale
normalizations are needed to make identification possible. Horowitz and Mammen
(2007) use the normalizations p = 0,

/mj(v)dv =0, j=1, ..., d, (3.25)

and

d
> / m;(vydv = 1. (3.26)
j=1

Relation (3.25) is the location normalization. It prevents replacing m; by m; + a;
for some nonzero constant ;. Relation (3.26) is the scale normalization. It prevents
replacing each m; with cm; for some constant ¢ # 1.

Identification also requires at least two additive components to be nonconstant.
To see why, suppose that all additive components except m| are constant. Then (3.1)
becomes

E(Y|X = x) = G[m1(x") + al, (3.27)

where a is a constant. It is clear that (3.27) is satisfied by many different choices of
G and my, so (3.27) does not identify G and m.

The PLS estimator of Horowitz and Mammen (2007) chooses the estimators of
G and the additive components to solve

I =0 _ . _
minimize: ~ 3 (¥ = Gl (X)) + -+ +ima GO + 32(G i, . )
G, ﬁl, s %d i=1

subject to: (3.25),(3.26) (3.28)
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where {1,} is a sequence of constants and J is a penalty term that penalizes rough-
ness of the estimated functions. If G and the mys are k times differentiable, the
penalty term is

JG, mi, ..., mg) =T (G, my, ..., mg)+ TG, my, ..., ),

where v| and v, are constants satisfying v, > v; > 0,

J (2k—1)/4
NG, iy, ..., ig) = TUG) | D [THmy) + TEm)) ,
j=1
) . d 1/4
(G, my, ..., i) =TyG) Y [Ti0m) + TR
j=1

and

72(f) = / FOWY v

for 0 < £ < k and any function f whose ¢ th derivative is square integrable. The

PLS estimator can be computed by approximating G and the m; s by B-splines and
minimizing (3.28) over the coefficients of the spline approximation. Powell (1981)
explains B-splines and their properties. Section A.2.3 of the Appendix describes
B-splines briefly. The computation can be carried out by a backfitting algorithm

that alternates between two steps. In one step, G is held fixed and the objective
function is minimized over the spline coefficients of the mjs. This is an equality-
constrained mathematical programming problem that can be solved by the method
of Lagrangian multipliers. In the second step, the m;s are held fixed, and the objec-

tive function is optimized over the coefficients of G. This is an unconstrained
quadratic programming problem that can be solved analytically.

We present the properties of the PLS estimator under the following assumptions,
which are those of Horowitz and Mammen (2007).

PLSI1: The data {Y;, X;: i = 1, ..., n} are an independent random sample
from some distribution. The covariates, X!, ..., X9, take values in a com-
pact subset of R4 that, without loss of generality, may be taken to be [0, 1]‘1 .
Moreover, the probability density function of the covariates is bounded away
from 0 and oo on [0, 1]¢.

PLS2: The functions G and mj, ..., mghave k > 1 derivatives that satisfy

1 1
/GWWW<&,/w%WW<m;O:L””@
0 0
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G'(v) is bounded away from O for v € {m(&") + - + mg(x?): 0 <

X x4 < 1}. Moreover, the m;s are nonconstant for at least two values
of j (1 <j < d). The mys satisfy (3.25) and (3.26).

PLS3: Foreach i = 1, ..., n,define U; = ¥; — Glmi(X}) + - - - + ma(X9)].
Then E(U,~|Xi1, e de) = 0. Moreover there are finite constants #y > 0

and cy > 0 such that

sup E[exp(llUi|)|Xll, e, X;i)] <cy

1<i<n

almost surely for |f| < 1.

PLS4: The penalty parameter satisfies A, I = Op(nk/(2k+1)) and A, =
Op(n_k/(2k+l)).

Assumption PLS1 specifies the sampling process that generates the data.
Assumption PLS2 gives smoothness and identifying conditions. Assumption PLS3
requires the tails of the distribution of U to be thin, and assumption PLS4 specifies
the behavior of the penalty parameter. This assumption allows the possibility that
the penalty parameter is random.

Horowitz and Mammen (2007) prove the following theorem, which states asymp-
totic properties of the PLS estimator.

Theorem 3.9: Denote the PLS estimator by G, mi, ..., mg. Let assumptions
PLS1-PLS4 hold. Then

1
/ [(v) — mj(n)*dv = Op(n~ 2+ 2k+D)
0
foreachj=1, ..., dand

2
d d
/ (A; ij(x]) - G ij(xj) dxl s dxd = Op(nizk/(zk‘l’l))..
J=1 j=1

The theorem states that the integrated squared errors of the PLS estimates of the
link function and additive components converge in probability to O at the fastest
possible rate under the assumptions. There is no curse of dimensionality.

The available results do not provide an asymptotic distribution for the PLS esti-
mator. Therefore, it is not yet possible to carry out statistical inference with this
estimator. Similarly, methods for choosing the tuning parameters in applications are
not yet available. The PLS estimator does demonstrate, however, that an a nonpara-
metric additive model with an unknown link function can be estimated with no curse
of dimensionality and optimal one-dimensional rates of convergence.
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3.4 Estimation of a Conditional Quantile Function

This section is concerned with estimation of the unknown functions »1; in the model

Y =p+m@) 4 A ma?) + U, (3.29)

where U, is an unobserved random variable whose «-quantile conditional on X = x
is zero for almost every x. Model (3.29) is equivalent to (3.1b) with an identity link
function. The extension to the case of a nonidentity link function is discussed later
in this section.

Existing estimation methods for (3.29) include series estimation (Doksum and
Koo 2000) and backfitting (Fan and Gijbels 1996), but the rates of convergence
and other asymptotic distributional properties of these estimators are unknown.
De Gooijer and Zerom (2003) proposed a marginal integration estimator that is
asymptotically normally distributed, but it begins with a d-dimensional nonparamet-
ric quantile regression and, therefore, suffers from a curse of dimensionality. This
section describes a two-stage estimator that was developed by Horowitz and Lee
(2005). The estimator is similar in concept to the method of Horowitz and Mam-
men (2004) that is described in Section 3.1.3. Like the estimator of Section 3.1.3,
the quantile estimator is asymptotically normal, oracle efficient, and has no curse of
dimensionality.

Horowitz and Lee (2005) assume that the support of X is [ — 1, 1]¢ and use the
location normalization

1
f mj(v)dv = 0.
-1

Define the function py () = |u| + 2 — Du for 0 < o < 1. As in Section 3.1.3, the
first stage in estimating a conditional quantile function is estimating the coefficients
of a series approximation to  + m(x). As in estimation of a conditional mean func-
tion, this is done by solving an optimization problem, but the objective function is
different in conditional quantile estimation. Specifically let 6, be a solution to

n
miniemize: Spe(@) =n"" Zl: palYi — W (X;) 01,
=
where W, is defined as in (3.17). The first-stage series estimator of u + m(x) is

i+ m(x) = W () O,
where i is the first component of én,(.

To describe the second-stage estimator of (say) m, assume that m is twice con-
tinuously differentiable on [ — 1, 1]. The second stage then consists of local-linear
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estimation. Specifically, using the notation of Section 3.1.3, the estimator of my(x')
is defined as /i) (x') = bo, where b, = (bg, b1) minimizes

n
- ~ ~ -1
Su(b) = ()Y pal¥i — i — bo — by (X} —x') — i1 (X )IKE — ).
i=1
Because quantiles of monotone transformations of Y are equal to monotone transfor-
mations of quantiles of Y, it is straightforward to extend the estimator of Horowitz
and Lee to a model of the form

G(Y) = p+m") + -+ max?) + Uy,

where G is a known, strictly increasing function and the «-quantile of U, condi-
tional on X = x is zero. Estimation of the m; s can be carried out by replacing Y
with G(Y) in the two-stage procedure. The «-quantile of ¥ conditional on X = x is
estimated by G [ 4+ i (x!) + - - - + mag(xD)].

Horowitz and Lee (2005) make the following assumptions to obtain the asymp-
totic properties of the two-stage estimator.

QAIl: The data, {Y;, X;:i =1, ..., n} areiid, and the «-quantile of Y condi-
tional on X = x is u + m(x) for almost every x.

QAZ2: The support of X is X = [ — 1, 1]¢. The distribution of X is absolutely
continuous with respect to Lebesgue measure. The probability density func-
tion of X, denoted by fx(x), is bounded, bounded away from 0, twice differ-
entiable in the interior of X', and has continuous one-sided second derivatives
at the boundary of X.

QAZ3: Let F(u|x) denote the distribution function of U, conditional on X = x.
Then F(0]x) = « for almost every x € &X', and F(-|x) has a probability density
function f( - |x). There is a constant Ly < 0o such that |[f(u]x) — f(uz|x)] <
L¢luy — up| for all u; and up in a neighborhood of 0 and all x € X'. There
are constants ¢s > 0 and Cr < oo such that ¢y < f(u|x) < Cr forall uin a
neighborhood of 0 and all x € X.

QA4: For each j =1, ..., d, m; is twice continuously differentiable in the
interior of [ — 1, 1] and has continuous, one-sided second derivatives at the
boundaries of [ — 1, 1].

QAS5: Define @, = E[f(0|X)W, (X)W, (X)]. The smallest eigenvalue of @,
is bounded away from O for all «, and the largest eigenvalue is bounded for
all «.

QAG: The basis functions satisfy (3.15) and (3.16). Moreover, ¢ = O(k'/?)
and sup,cy |1+ m(x) — W (x) 0] = Ok ™2).

QA7. (i) k¥ = Cyn" for some constant C, satisfying 0 < C, < oo and some
v such that 1/5 < v < 7/30. (i) The bandwidth & = Cn~'/> for some
finite, positive constant Cj,.

QAS: The kernel function K is a bounded, continuous probability density func-
tionon [ — 1, 1] and is symmetrical about 0.
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Now define

@ =11, 0, ..., 0, Y1), ooy YD), ooy Y1 (6D, oy (DT,
N ——

where x = (xz, R xd).

QA9: The largest eigenvalue of E[W, (X)W, (X~DY|X! = x!] is bounded
for all « and each component of E[W, (X)W, (X—DY|X! = x!] is twice
continuously differentiable with respect to x!.

These assumptions are similar to those of the two-step estimator of a conditional
mean function that is described in Section 3.1.3.

Forj=0, 1, 2define p; = f_ll VK (v)dv. Let Sk be the 2 x 2 matrix whose (i, j)
component is p;j—2. Also, define ey = (1, 0). Set Ky(u) = e/lSI}I(l, u) K(u).
Let fy1 denote the probability density function of X', and let fi(u|x') denote the
probability density function of U, conditional on X! = x!. Finally, define

1
pixh =05C [ / sz*(v)dv} m{(x")
-1
and

1
Vi) = [ / 1 K*<v)2dv} C;, ta(1 — @)/ [fn (A O1xH?]

The main result of Horowitz and Lee (2005) is given by the following theorem.

Theorem 3.10: Let assumptions QAI-QA9 hold. Then as n — oo and for any x!
satisfying |x'| < 1 — h, the following results hold:

(@) | () —my(H] = 0p(n=2/),
(b) n2/5[7h1(x ) —my(x )]—d>N /31()6 ), Vl(x )l
(c) If j # 1, then n®/5[i (") — my(x")] and n2/5[m](x]) (Y] are asymp-

totically independently normally distributed for any ¥ satisfying |x'| <1 — h.
|

This theorem implies that the second-stage estimator achieves the optimal rate of
convergence for a nonparametric estimator of a twice-differentiable function. Only
two derivatives are needed regardless of d, so there is no curse of dimensionality.
Moreover, the second-stage estimator is oracle efficient. That is, it has the same
asymptotic distribution as it would have if mp, ..., mg were known.
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3.5 An Empirical Example

This section illustrates the application of the estimator of Horowitz and Mammen
(2004) by using it to estimate an earnings function. The specification of the model is

log W = mgxp(EXP) + mepyc(EDUC) + U,

where W is an individual’s wage; EXP and EDUC, respectively, are the number
of years of work experience and education that the individual has had; and U is
an unobserved random variable satisfying E(U|EXP, EDUC) = 0. The functions
mgxp and mgpyc are unknown and are estimated by the Horowitz—Mammen pro-
cedure. The data are taken from the 1993 Current Population Survey and consist

Relative Log Wage
3

T T T
0 20 40 60
Years of Experience

Fig. 3.1a Nonparametric estimate of mpgyp

14

Relative Log Wage

T
5 10 15
Years of Education

Fig. 3.1b Nonparametric estimate of mgpyc
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of observations on 3123 individuals. The estimation results are shown in Fig. 3.1.
The estimates of mgyxp (Fig. 3.1a) and mgpyc (Fig. 3.1b) are nonlinear and differ-
ently shaped. They are not well approximated by simple parametric functions such
as quadratic functions. A lengthy specification search might be needed to find a
parametric model that produces the shapes shown in Fig. 3.1. This illustrates the
usefulness of nonparametric estimation methods.

3.6 The Partially Linear Model

We now consider estimation of the partially linear model (3.2a) from data
{Y:, X, Zi:i =1, ..., n} consisting of a random sample from the distribution of
(Y, X, Z). The discussion here is based mainly on Robinson (1988). Hirdle et al.
(2000) provide a more detailed discussion and many additional references. The dis-
cussion here concentrates on n~!/2-consistent estimation of the finite-dimensional
parameter 3. Given an n~!/2-consistent estimator b, g can be estimated by carrying
out the nonparametric regression of y — X’ b on Z. This can be done using kernel,
local-linear, or series estimation. Arguments like those made in Section 2.4 then
show that the resulting estimator has the same asymptotic distribution that it would
have if 8 were known. That is, the estimator obtained by the nonparametric regres-
sion of y — X’ b on Z and the estimator obtained from the regression of y — X’8 on Z
have the same asymptotic distribution.

3.6.1 Identification

This section gives conditions for identification of 8 in (3.2a). Define

U=Y-XB—3g2).

Then (3.2a) is equivalent to
Y=XB+g2Z+U,EU|X, Z)=0. (3.30)
Now (3.30) implies that
E(Y|Z) = EX|Z) B + g(2). 3.3D
Subtracting (3.31) from (3.30) gives

Y —E(Y|Z)=[X - EX|Z)B + U, EUIX, Z) =0. (3.32)
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Define Y = Y — E(Y|Z) and X = X — E(X|Z). Then application of the theory of
ordinary least-squares estimation of linear models to (3.32) shows that j is identified
by the relation

B = [EXX)]'EXY)

provided that the matrix E(XX’') is nonsingular. This is equivalent to requiring
E(XXX') > Oor

x = E[X — EX|2)][X — EX|2)] > 0, (3.33)

where the inequality signifies that the matrix on the left-hand side is positive definite.
For the remainder of this section, inequality (3.33) is assumed to hold in order to
identify .

Inequality (3.33) implies that X cannot be determined perfectly by Z. If X is
determined by Z, then X = E(X|Z) and (3.33) does not hold. Thus, for example,
X cannot be a component of a vector-valued Z. In addition, (3.33) precludes an
intercept (constant) component of X. This is because any intercept component can
be absorbed in g. In particular, the model

Y=80+XpB+g2)+U,

where B is a constant, is indistinguishable from
Y=XB+322)+U,

where g(Z) = By + g(2) .

3.6.2 Estimation of 8

If E(Y|Z) and E(X|Z) were known, then § could be estimated by applying ordinary
least squares to (3.32). The resulting estimator would be

n -1 n
b= (Z 5(,;?{) > o Xiv, (3.34)
i=1 i=1

where X; = Xi—E(X|Z = Z;) and f/i =Y,—E(Y|Z = Z;). A feasible estimator can be
obtained from (3.34) by replacing E(X|Z = Z;) and E(Y|Z = Z;) with nonparametric
estimators. Specifically, set g = dim (Z),
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o 1 & z—27;
for= 0 K (55),
nhn i=1 !

. 1 " 72— 7
=2)= A i - |
EY|Z=2) 7 YK ;
nhnf(z) i=1 n

n

N 1 Z—Zi
EXZ: = = XlK 5
X|Z = 2) mM@X: (hn)

i=1

and

where K is a kernel function of a g-dimensional argument. Define Y; = Y,—E(XY |1Z =
Zy), )A(i =X;— E(X|Z =Zp),and J; = I[]A‘(Zi) > ¢, ], where I is the indicator function
and {c,} is a sequence of strictly positive constants that converges to 0 as n — 0.
The estimator of f# is obtained by the ordinary least-squares regression of ¥; on
X but usmg only observations i for which f(Z ) > ¢y,. This trimming of the data
prevents f(z) in the denominators of E(Y|Z = z) and E(X |Z = z) from being too
close to 0. The resulting estimator of B is

n =1 5
b= (Z]lf(,f(l/) Z]if(,’ﬁ'. (3.35)
i=1 i=1

Under assumptions that are given below, n'/ 2(bh — B) is asymptotically normally
distributed with mean 0 and covariance matrix 022); ! , where 0% = Var(U).

Robinson (1988) provides general but rather complicated assumptions under
which the foregoing result holds. Here, we state a simplified and, therefore, less
general version of Robinson’s (1988) assumptions. The assumptions are

PL1: {Y;, X;, Zi:i=1, ..., n}isasimple random sample of (Y, X, Z).

PL2: Model (3.2a) holds.

PL3: U is independent of (X, Z) and E(U?) =062 < 00.

PL4: E||X||* < oo.

PL5: Z has a probability density function, f. The functions f, E(X|Z = z), and
g are m > 1 times continuously differentiable on the support of Z. The mth
derivatives are uniformly bounded on the support of Z.

PL6: Inequality (3.33) holds.

PL7: The tuning parameters satisfy nhy’c} — oo, nh#c4 — 0, ke 2 — 0,
and ¢, > 0as n — oo.

PL8: The kernel function K has the form

q
K@) =[x,
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where 1/ is the jth component of the g-vector v, « is a bounded function with support
[—1, 1], and

L Lif j=0
/ Vik(w)dy = ?] i )
—1 Oif 1l <j<2m-—1

Assumption PL3 requires U to be homoskedastic. Relaxation of this assumption
to allow heteroskedasticity is discussed below. Assumption PLS5 is a smoothness
condition. A necessary condition for PL7 is that m > d/2, so increasing smoothness
is needed as d increases. Thus, the least-squares estimator of 8 has a form of the
curse of dimensionality. PL8 requires K to be a higher-order kernel if d > 3.

The following theorem, which is a simplified version of a theorem of Robinson
(1988), establishes the asymptotic distributional properties of b.

Theorem 3.11: Let PLI-PL8 hold. Then n'/>(b — B)-% N(0.0*x;") . B

The covariance matrix can be estimated consistently by replacing o> with the
usual estimator

o I e o
6= - ZJi(Yi — Xjby)*
i=1

and replacing ¥x with the estimator
A RN
By = Z;Jl-xix;.
i

If U is heteroskedastic with Var(U|X = x, Z =27 = o2(x, z), then the covari-
ance matrix of the asymptotic distribution of n'/2(b — B) is

Sy B0 (X, 2)[X — EX|2)IIX — EX|1Z)]'} Sy

This can be estimated consistently by f); o)) X ! where

Al - 2% 1
Q= EJlUi XX
and f/,' = )A/i — )A(l/l;

If U is homoskedastic, then b is asymptotically efficient. Specifically, b achieves
the asymptotic efficiency bound of Chamberlain (1987). If U is heteroskedastic, then
bis not asymptotically efficient, but an asymptotically efficient estimator of 8 can be
obtained by suitable versions of weighted least squares. We now provide an informal
discussion of asymptotically efficient estimation when U is heteroskedastic. Ai and
Chen (2003) provide a formal discussion of asymptotically efficient estimation of
heteroskedastic partially linear models using the method of sieves.
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The asymptotic efficiency bound with heteroskedasticity is given by Ai and Chen
(2003). If Var(U|X, Z) depends only on Z, then the bound is

E{o(2)[X — EXIDIIX — EX|2)]'},

where 6%(Z) = Var(U |Z) and 0722 =1 /O'Z(Z). An asymptotically efficient
estimator of f can be obtained by applying weighted least squares to (3.31)
with weights 6 ~2(Z;) = 1/6%(Z;), where 62(z) is a nonparametric estimator of
Var(U|Z = z). The resulting estimator of g is

n -1 n
by = (Z J,»&‘%Z»Xg?{) > 5ieTHZHXY.

i=1 i=1

The estimator 6%(z) can be obtained from a nonparametric regression of IAJi2 on Z;,
where Ui = IA/,' — )A(l/l; and b is the estimator of (3.35).

The situation is more complicated if Var(U|X, Z) depends on X or X and Z. To
analyze this case, define 02(x, z) = Var(U|X =x, Z =72), 0 >(x,2) = 1/0%(x, 2),

wx(2) = [Eo %X, 2)|1Z = 2] 'Elc 2(X, 2)X|Z = z],
wy(2) = [Eo XX, Z)|Z = 2] 'Elo %(X, 2)Y|Z =z,

X=X-wx(),
Xl =X; — wx(Z)),

and
Yi =Y — wy(Z).

Equation (3.30) implies that

03X, 2)Y = 02X, 2)X'B+ 072X, 2)g(Z) + 03X, Z2)U.
Therefore,

Elo %X, 2)Y|Z] = E[o —*(X, 2)X'|Z1B + [Eoc *(X, Z)|Z]g(Z)
and
[Eo ~2(X, 2)|2) " Elo ~%(X, 2)Y|Z)=[Ec (X, Z2)|Z]'E[o 2(X, Z)X’lZ]ﬂ+§(326).

(3.36)

Subtracting (3.36) from (3.30) yields

Y=XpB+U
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and, therefore,
Y, =XB+U; i=1, ..., n (3.37)

An asymptotically efficient estimator of 8 can be obtained by applying weighted
least squares to (3.37). The weights are 6 ~2(X;, Z;), where 6%(x, z) is a consistent
estimator of Var(U|X = x, Z = z). This estimator can be obtained from a nonpara-
metric regression of 17,2 on (X;, Z;), where U; = ¥; — )A(l’l; and b is the estimator of
(3.35). The weighted least-squares estimator of g is

n -1 n
bw = (Z Ji6 (X, Zi))_(i)_(,/) Zfi5_2(Xi, Z)X:Y;.
i=1

i=1

3.6.3 Partially Linear Models of Conditional Quantiles

Estimating B in the partially linear conditional quantile function (3.2b) is harder than
estimating $ in the partially linear conditional mean function (3.2a). The differenc-
ing procedure that eliminates g from (3.2a) and yields (3.31) reduces estimation of
B to estimation of the slope coefficients in a parametric linear model. The differenc-
ing procedure works because the mean of a sum of random variables is the sum of
the individual means. The quantile of the sum of random variables is not the sum of
the individual quantiles. Consequently, differencing cannot be used to eliminate g
from (3.2b), and estimation of 8 in partially linear quantile regression model cannot
be reduced to estimation of a parametric quantile regression model.
To see how this problem can be overcome write (3.2b) in the form

Y=XB+g2)+U,
where
PU<0X=x,Z=2=«

for all (x, z) and some « satisfying 0 < o < 1. Lee (2003) shows that 8 is identified
if the probability density of U conditional on X = x and Z = z is strictly positive
at 0 for all (x, z) and Var(X|Z = z) is nonsingular for every z. Lee (2003) then
uses a version of local polynomial quantile regression to estimate 8 and g at each
value of Z in the data. This yields n estimators of 8, one for each data point. These
estimators are not n~!/2-consistent, but Lee (2003) shows that n~V 2-consistency
can be achieved by averaging them in a suitable way. Let b denote the estimator
obtained by averaging. Lee (2003) gives conditions under which n'/2(b — B) is
asymptotically normally distributed with a mean of 0. Moreover, a suitably weighted
average estimator is asymptotically efficient if U is homoskedastic or independent
of X conditional on Z. Lee (2003) also shows how to achieve asymptotic efficiency
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by taking an additional estimation step if the conditional distribution of U depends
on both X and Z.

Chen et al. (2003) proposed an estimator that is based on the observation that
under (3.2b)

EX{a —I[Y — X'B — g(Z) < 0]} = 0. (3.38)

If g were known, B could be estimated by applying the generalized method of
moments to (3.38). The resulting estimator would be

; 2
- 1

—argmin |~ > Xi{or — I[Y; — X}b — g(Zi .
b argmbln |:n {ao — 1] b —g( )SO]}:|

i=1

As in Ichimura’s (1993) estimator for a single-index model, Chen, Linton, and Van
Keilegom propose replacing g with a nonparametric estimator. Specifically, observe
that g(z) is the a-quantile of ¥ —X’8 conditional on Z = z. Accordingly, for each b in
a compact parameter set B that contains 8, let g(z, b) be a nonparametric estimator
of the a-quantile of ¥ —X’b conditional on Z = z. Nonparametric quantile estimation
is discussed in the Appendix. Now estimate 8 by

2
b= i 1nx- I[Y; — X!b— 3(Z;, b) <0
= argmin ;2} o —11Y; — Xb — §(Zi, b) <01} | .
=

Chen et al. (2003) give conditions under which n'!/? = B) is asymptotically nor-
mally distributed with a mean of 0. They also show that the bootstrap can be used
to estimate the asymptotic distribution.

3.6.4 Empirical Applications

Sometimes a semiparametric model suggests a parametric form that provides a par-
simonious description of the data. Schmalensee and Stoker (1999) estimated a par-
tially linear mean-regression model of gasoline demand in the United States using
data from the 1991 Residential Transportation Energy Consumption Survey. The
model is

20
log¥ = BX +g(Z', 2%+ U,

Jj=1
where Z! denotes the logarithm of a household’s annual income in thousands of
dollars; Z> denotes the logarithm of the age of the head of the household in years;
the X/s are discrete variables describing such things as the number of drivers in
the household, household size and composition, and the region of the country in
which the household is located; and E(U|X1, .., X200 71 Z2) = 0. Figures 3.2a
and b show the estimate of g. Figure 3.2a plots g as a function of z! (logarithm
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Fig. 3.2a Plot of 3(Z!, Z?) as a function of Z' (log income) for various values of Z2 (age of
head of household). Source: Schmalensee and Stoker (1999)

of household income) for various values of z> (logarithm of the age of the head of
the household). Figure 3.2b plots & as a function of z? at various values of z!. The
figures suggest that ¢ may be adequately described as the sum of piecewise linear
functions of z' and z2. This led Schmalensee and Stoker to estimate the model

21
logY =fo + »_ BX + y1(Z' —log 12)I(Z' > log 12)+
j=1
y2(Z% —10g 50)[(Z* > log 50) + U,

where fo, ¥1, and y» are constants and all of the Bs and y's are estimated by ordinary
least squares. Diagnostic testing led Schmalensee and Stoker to conclude that the
piecewise linear specification provides an adequate representation of g.

It is important to understand that this does not justify using the parametric model
to carry out inference about the ;s or the effects of ZM and Z® on the conditional
mean function. The parametric model has been fit to the semiparametric model and
would not have been retained if it had not fit adequately. The parametric model
is simply a parsimonious representation of the semiparametric model. It would be
incorrect to use the parametric model for inference as if it had been known to be
correct a priori.

There are also examples in which simple parametric models do not adequately
summarize nonparametric estimates. Engle et al. (1986) estimated a model of the
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Fig. 3.2b Plot of 2(Z 1. 72) as a function of Z2 (age of head of household) for various values of
VA (log income). Source: Schmalensee and Stoker (1999)

demand for electricity in several US cities. In their model, Z denotes the tempera-
ture, so g describes the effect of temperature on electricity demand. The X variables
were household income, the price of electricity, and dummy variables indicating the
month of the year. In most cities, the estimates showed that g is a decreasing function
of temperature up to approximately 65°F and an increasing function of temperature
thereafter. However, piecewise linear parametric models with one piece decreasing
linearly up 65°F and the other piece increasing linearly thereafter did not capture
this behavior of g satisfactorily.



Chapter 4
Binary-Response Models

This chapter is concerned with estimating the binary-response model

1ifY* >0
i (4.1)
0 otherwise
where
Y*=XB+U, (4.1b)

Y is the observed dependent variable, X is a d x 1 vector of observed explanatory
variables, 8 is a d x 1 vector of constant parameters, Y* is an unobserved, latent
dependent variable, and U is an unobserved random variable. The inferential prob-
lem is to use observations of (Y, X) to estimate 8 and, to the extent possible, the
probability that Y = 1 conditional on X.

If the distribution of U belongs to a known, finite-dimensional parametric fam-
ily, B and any parameters of the distribution of U can be estimated by maximum
likelihood. As was demonstrated in Section 2.8, however, the results of maximum-
likelihood estimation can be highly misleading if the distribution of U is misspeci-
fied. If the distribution of U does not belong to a known finite-dimensional family
but is known to be independent of X or to depend on X only through the index X',
then (4.1) is a semiparametric single-index model. The parameters 8 can be esti-
mated using the methods of Chapter 2. As was discussed in Chapter 2, semipara-
metric single-index models have wide applicability. They do not, however, permit
a form of heteroskedasticity of U called random coefficients that is often impor-
tant in applications. This chapter presents a semiparametric binary-response model
that accommodates many different kinds of heteroskedasticity, including random
coefficients.

4.1 Random-Coefficients Models

To understand what a random-coefficients model is and why such models can be
important in applications, suppose that (4.1) is a model of an individual’s choice

J.L. Horowitz, Semiparametric and Nonparametric Methods in Econometrics, 95
Springer Series in Statistics, DOI 10.1007/978-0-387-92870-8_4,
© Springer Science+Business Media, LLC 2009
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between two alternatives, say traveling to work by automobile and traveling to work
by bus. Automobile is chosen if ¥ = 1, and bus is chosen otherwise. Suppose
that X represents differences between attributes of automobile and bus travel that
are relevant to choice. For example, one component of X might be the difference
between the costs of travel to work by automobile and bus, another component might
be the difference between travel times by automobile and bus, etc. The parameter
B characterizes an individual’s preferences or tastes regarding the attributes in X.
It is entirely possible that different individuals have different tastes for reasons that
cannot be explained by X or other variables that are observed by an analyst. Then,
from the point of view of the analyst, the parameters 8 of model (4.1) vary randomly
among individuals, thereby making (4.1) a random-coefficients model. Hausman
and Wise (1978), Fischer and Nagin (1981), and Horowitz (1993a) present empirical
models of travel choices in which the coefficients are random.
The formal structure of a random-coefficients, binary-response model is

lifY*>0
= . (4.2a)
0 otherwise
where
Y*=XB+v)+V (4.2b)
=XB+Xv+V) (4.2¢)
=XBg+U, (4.2d)

and U = X'v + V. In (4.2b), the coefficient of X is B + v, where S is a constant vec-
tor and v is a random vector. The constant g is assumed to be the mean or median
of the distribution of the coefficient of X. The random vector v is unobserved and
accounts for deviations of the coefficient of X from its population mean or median.
Equations (4.2a) and (4.2d) show that the random-coefficients model has the form
of the general binary-response model (4.1) but with a heteroskedastic random com-
ponent U.

The problem of estimating 8 without assuming that the distributions of v and V
belong to known parametric families will now be addressed. The methods that will
be developed permit a wide variety of different forms of heteroskedasticity of U, not
just random coefficients.

4.2 Identification

The first task is to find conditions under which 8 is identified. That is, it is necessary
to determine when S is uniquely determined by the population distribution of (Y, X).

To begin, observe that P(Y = 1|X = x) is unchanged if both sides of (4.1b) are
multiplied by a positive constant. Therefore, 8 can only be identified up to scale, and
a scale normalization is needed. In this chapter, as in Chapter 2, scale normalization
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will be achieved by setting |81| = 1, where B is the first component of 8. For
reasons that will be explained below, it will be assumed that the first component of
X is a continuously distributed random variable.

It can also be seen from (4.1) that P(Y = 1|X = x) is unchanged if a constant
(positive or negative) is added to both sides of (4.1b). Therefore, a location nor-
malization is needed. The most familiar location normalization sets the mean of U
conditional on X = x equal to zero: E(U|X = x) = 0. Under this location nor-
malization, § in a random-coefficients model is the mean of the coefficient of X. If
Y* were observable, so that (4.1b) were a linear model, then the assumptions that
E(U|X = x) = 0 and that there is no exact linear relation among the components of
X would be sufficient to identify B. It turns out, however, that in a binary-response
model, where Y* is not observable, the location normalization E(U|X = x) = 0 is
not sufficient to identify 8 even if the components of X are not linearly related. This
nonidentification result was first obtained by Manski (1985, 1988). The following
example, which is given in Horowitz (1993b), illustrates the problem.

Example 4.1: A Binary-Response Model with Mean Independence Suppose that
P(Y = 1|X = x) is given by a binary logit model

1
I+exp(—x'p)

This model can be obtained from (4.1) by assuming that U has the standard logistic
distribution. The CDF of the standard logistic distribution is

PY =1X=x) =

1
1 +exp(—u)
It is easy to show that E(U) = 0 if U has this CDF.
Now let b # B be any parameter value that satisfies the scale normalization. It is

shown below that for each X in the support of X, there is a random variable V, with
CDF Fy|y such that E(V,|X = x) = 0 and

Fr(u) =

Fy('b) = 43)

1+exp(—xB)

Therefore P(Y = 1|X = x) can be obtained from a binary logit model with parame-
ter B and from the model consisting of (4.1a) and

Y*=X'b+ Vy,

where E(Vi|X = x) = 0. This implies that 8 is not identified because identical
choice probabilities are obtained with parameter value 8 and parameter value b # B.

To see how the random variable V, can be constructed, let x be given. Consider
the random variable W whose CDF conditional on X = x is
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1

R Ty T )
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and E(W|X = x) = x'(b — B) = 4. Suppose that §, > 0. Then construct Fy,
from the distribution of W by taking part of the probability mass of W that is to the
left of x'b and moving it enough further to the left to make the resulting distribution
have mean 0 conditional on X = x. If §; < 0, construct Fy|, by moving probability
mass rightward from the part of the distribution of W that is to the right of x’b. Since
no probability mass crosses the point W = x'b in these movements, the resulting
distribution satisfies (4.3) with E(Vy|X = x) = 0 as required. H

Example 4.1 shows that the mean-independence assumption E(U|X = x) = 0
does not restrict the distribution of U sufficiently to identify B. Identification is
possible if mean independence is replaced with the stronger assumption that U is
statistically independent of X. However, statistical independence of U and X pre-
cludes heteroskedasticity and, therefore, is too strong an assumption for the models
of interest in this chapter. A location normalization condition that permits het-
eroskedasticity and identifies S is median independence or median(U|X = x) = 0.
More generally, it suffices to assume that any quantile of the distribution of U is
independent of X, but only median independence will be discussed here. The fol-
lowing theorem gives conditions that are sufficient for identification of S.

Theorem 4.1 (Identification under median independence): Let median (U|X =
x) =0 for all X in the support of X. Let |B1| = 1. Then B is identified if

(a) The support of the distribution of X is not contained in any proper linear sub-
space of R4

(b) For almost every X = (xz, e, xd) the distribution of X1 conditional on X=%
has an everywhere positive density. B

Theorem 4.1 is a slightly modified version of an identification result that was
originally obtained by Manski (1985). Manski did not impose the scale normaliza-
tion |B1] = 1. Instead, he showed that g is identified up to scale under conditions
(a) and (b) of Theorem 4.1.

Condition (a) implies that there is no exact linear relation among the components
of X. To understand the role of condition (b) and why median (U|X = x) = 0
permits identification, let 8 and b, respectively, denote the vectors consisting of
all components of 8 and b but the first. Observe that P(Y = 1|[X=x) = P(U >
—XBIX =x)=1—PU < —x'B|X = x). Therefore,

POY=1X=x)>05if ¥f >0
< 0.5if X¥B < 0.
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Let b # B be a parameter value that satisfies the scale normalization. Let S1(b) and
S2(b) be the following sets:

S1(b) = {x:x'B <0 <x'b}, “4.4)
So(b) = {x:x'b < 0 < X'B}. 4.5)

If P[S1(b)] > 0, then b is observationally distinguishable from S because there is a
subset of the support of X that occurs with nonzero probability and on which P(Y =
11X = x) < 0.5 with parameter value 8 but P(Y = 1|X = x) > 0.5 with parameter
value b. Similarly, if P[S2(b)] > 0, then b is observationally distinguishable from S
because there is a subset of the support of X that occurs with nonzero probability and
on which P(Y = 1|X = x) > 0.5 with parameter value 8 but P(Y = 1|X = x) < 0.5
with parameter value b. Therefore, B is identified if

P[S1(D) U S2(D)] > 0, (4.6)

for all b # B. Indeed, Manski (1988) has shown that (4.6) is necessary as well as
sufficient for identification of § relative to b. The necessity of (4.6) will be used
in Sections 4.2.1 and 4.2.2, which deal with identification when the support of X is
bounded or discrete.

Let X! and x!, respectively, denote the first components of X and x. Because the
first components of b and § equal 1, for any b # B,

Sib) = {x: —¥b < x' < =3B}

and N -
Sa(b) = {x: — ¥ B < x' < —¥b}.

If the distribution of X' has everywhere positive density conditional on X =73
then Si(b) has positive probability whenever —¥'b < —¥'f and S»(b) has positive
probability whenever —x'8 < —X'b. Therefore, f is identified if

PX'b=Xp) < 1. 4.7

Inequality (4.7) holds whenever condition (a) of Theorem 4.1 holds, thereby estab-
lishing identification of B under the assumptions of this theorem.

Condition (b) of Theorem 4.1 implies that X has at least one continuously dis-
tributed component, X ! and that this component has unbounded support. It is worth
considering whether identification is possible if these conditions fail to hold. In the
next section, it is shown that unbounded support of X! is not necessary for identifi-
cation of B. Continuity is necessary except in special cases.
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4.2.1 Identification Analysis When X Has Bounded Support

In this section it is assumed that X has bounded support but that the distribution of
X! conditional on X has a density. Condition (b) of Theorem 4.1 is violated because
the density of X! conditional on X is not everywhere positive.

Let Sx denote the bounded support of X. It can be seen from (4.4) to (4.6) that 8
is not identified if there is a § > 0 such that [x'8| > § for all x € Sx. If [¥'B| > §
for all x € Sy, then x'b has the same sign as x’B for all x € Sx and any b that is
sufficiently close to . Therefore, S1(b) and S»(b) are empty sets for all such bs, and
(4.6) does not hold for them. Since (4.6) is necessary for identification of g relative
to b, B is not identified if |x'8| > § for all x € Sx. This result was first obtained by
Manski (1985).

Identification is possible, however, if the support of X’ conditional on X
includes an interval containing X’ = 0 for sufficiently many values of X. The
following corollary to Theorem 4.1 gives conditions sufficient for identification of
B when X has bounded support.

Corollary 4.1 (Identification of § when X has bounded support): Let X have
bounded support. Let median (U|X = x) = 0 for all x in the support of X. Let
the first component of 8 equal 1. Then S is identified if for some § > 0, there are an
interval I5 = [ — 8, 8] and a set N5 € R9~! such that

(a) Nj is not contained in any proper linear subspace of R4~!.

(b) P(X € Ny).

(c) For almost every X € Nj, the distribution of X’8 conditional on X =Xhasa
probability density that is everywhere positive on /5. Bl

Conditions (a—c) of Corollary 4.1 imply that for each X in a sufficiently rich set,
there is an interval of the real line with the property that P(Y = 1|X' = x!, X=%) >
0.5 for some values of x! in this interval and P(Y = 1|X! = x!, X = %) < 0.5
for others. If P(Y = 1|X = x) is a continuous function of the components of x
corresponding to continuous components of X, this implication can be tested, at
least in principle, by estimating the nonparametric mean regression of Y on X.

To understand why conditions (a—c) of Corollary 4.1 are sufficient to identify g,
observe that the sets S;(b) and S»(b) defined in (4.4) and (4.5) can be written in
the form

Si(b) = {fx: =¥ (b — B) < X'B < 0}

and - .
Sr(b) = {x:0 < X'B < =X'(b— B)}.

Condition (c) of Corollary (4.1) ~implies that at least one of these sets has nonzero
probability if x € N5 and ¥ (b — B) # 0. Conditions (a) and (b) imply that P[X'(b —
B) # 0] > 0if b # B. Therefore, condition (4.6) holds, and 8 is identified.
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If X'B] > & for some § > 0 and all x € Sy, then B is not identified
but it may be possible to bound individual components of 8. Manski (1988) has
given the following conditions under which the signs of components of f are
identified.

Theorem 4.2 (Manski 1988): Let X* be the vector of all components of X except
the mth (m # 1). Let S§ denote the support of X*. For any b € RY, define

Sp={x* €Sy: PX'b <0|X* =x")>0o0r PX'b > 0]X* =x*) > 0}.

If B # O, then the sign of B, is identified if P(X* € Sg) > 0. IfB, = 0, then B, is
identified if P(X* € Sp) > 0 for all b € R? such that b,, # 0. B

To obtain further results on bounding S, suppose that P(Y = 1|X = x) is a con-
tinuous function of the components of x that correspond to continuous components
of X. Under this continuity assumption, P(Y = 1|X = x) is identified by the non-
parametric mean regression of Y on X. Therefore, bounds (possibly infinite) on S,
(m # 1) can be obtained by solving the problems

maximize (minimize): b,

subject to: X8 < 0if P(Y = 1|X =x) < 0.5
XB=0if PY=1X=x)<05

for all x € Sx.

(4.8)

Problem (4.8) finds the largest and smallest values of b, that allow the signs of x'b
and xX'B to be the same for every x € Sx. The sign of x'8 is identified because it
is determined by whether the identified quantity P(Y = 1|X = x) does or does not
exceed 0.5.

The linear programming problem (4.8) has infinitely many constraints, so solving
it in practice can be difficult. A version of (4.8) that can be solved with standard lin-
ear programming techniques can be obtained by considering only the constraints
for which x takes values in a finite subset of Sy, possibly the values contained
in the available data. The resulting bounds are looser than the ones obtained by
solving the infinitely constrained problem but are arbitrarily close to the bounds
obtained from the infinitely constrained (4.8) if the chosen subset is sufficiently
dense.

Example 4.3 in Section 4.2.2 illustrates the use of (4.8).

4.2.2 Identification When X Is Discrete

In this section, it is assumed that the support of X, Sy, consists of finitely many dis-
crete points. Suppose, first, that |x'8| > 0 for all x € Sx. Then arguments identical to
those made at the beginning of Section 4.2.1 show that there are points b for which
(4.6) does not hold. Therefore, 8 is not identified.
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The situation is more complicated if x'8 = 0 for one or more points x € Sx. To
analyze this case, define So = {x € Sx:xX'8 = 0}. Let Ny be the number of points
in So. Because Sy is finite, |x' 8| > § for all x € Sy — Sy and some § > 0. Choose M
so that ||x|| < M for all x € Sy, and choose ¢ such that 0 < & < §/M. Then x'B and
X'b have the same sign if x € Sy — S and ||b — B|| < &. Therefore, if |b — B|| < ¢,
S1(b), is empty and

So(b) = {x € So: x'b < 0}. 4.9

Because (4.6) is necessary for identification of g relative to b, B is not identified if
there is any b such that ||b — 8| < & and S>(b) in (4.9) is empty.

It is not difficult to show that such b’s always exist if Ng < d — 1, where d =
dim (X). Let x be the d x No matrix that is obtained by placing the elements of Sy
side by side. Let e be a Ny x 1 vector of ones. Let ¢ > 0 be a scalar. Consider the
equation

b =c. (4.10)
Because X8 = 0, (4.10) is equivalent to
Y —B)=c. (4.11)

Scale normalization equates the first components of 5* and S, so (4.11) is Ny linear
equations with k— 1 unknown quantities. Let (b* — ) be a solution. If ||b* — B|| < &,
set b = b*. Then X'b > 0, S»(b) is empty, and B is not identified relative to this b. If
Ib6* — Bll = 1 > &, set b = (1,b'), where

-~ - £ ~ -
b=p+—(b"—p)
A
and b* denotes components 2 through d of b*. Then ||b — B|| = ¢ and

Yb=¥p+ %?(b* —B)
&
= —C
A
> 0.

It follows that S»(b) is empty, and g is not identified relative to this b. Therefore, if
No < d — 1, there are always points b for which S>(b) is empty. It follows that § is
not identified if Ny < d — 1.

If No > d, B may or may not be identified, depending on the configuration of
points in Sp. This is illustrated by the following example.

Example 4.2: Identification of § When X Is Discrete Let d = 2. Let
So={(1,—1),(—=1,1)}and B = (1,1)’. Then
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(7))
- <—11_+b13)

for any b. Therefore, X'b always has a negative element when b # B, and B is
identified.
Now let So = {(1,1),(2,2)'} and B = (1, — 1)). Then

0
N (21:2])13)

Givenany ¢ > 0,letb = (1, — 1 +&/2'). Then

Vb= (‘9/2).
&

It follows that S>(b) is empty and g is not identified. W

The discussion in this section shows that 8 is identified only in special cases
when X is discrete. However, B can be bounded even if it is not identified by solving
the linear programming problem (4.8). This procedure is illustrated in the following
example.

Example 4.3: Bounding 8 When It Is Not Identified Letd = 2 and 8 = (1,—0.5)’.
Suppose that P(Y = 1|X = x) and the points of support of X are as shown in
Table 4.1. Then B is not identified because X has finite support and P(X'8 = 0) = 0.
The first component of 8 is known by scale normalization, so only S, needs to be
bounded. Problem (4.8) is, therefore,

maximize (minimize): by

subject to: b, < 0
0.6+0.5b, >0
1+br>0.

It is clear that the solutions are —1 < b, < 0. Thus, although b; is not identified, it
can be bounded from both above and below. B

Table 4.1 An unidentified

) _ _ 1 2
binary-response model (5, x7) P(Y = 11X =x) X +byx
(1,0) 0.8 1
o, 1) 0.3 by
(0.6, 0.5) 0.6 0.6+0.5bH,

(1, 1) 0.7 1 +b
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4.3 Estimation

We now turn to the problem of estimating § in the binary-response model (4.1) with
the location normalization median (U|X = x) = 0. It is assumed throughout the
remainder of this chapter that f is identified and that the distribution of X! condi-
tional on X has a density. When it is necessary to specify the conditions insuring
identification of B, it will be assumed for convenience that conditions (a) and (b)
of Theorem 4.1 are satisfied. However, all results also hold under the conditions of
Corollary 4.1.

Although the main task of this section is developing estimators of 8, it is also
important to consider estimating P(Y = 1|X = x). This problem is addressed in
Section 4.3.1. It turns out that little information about P(Y = 1|X = Xx) can be
obtained without making assumptions that are considerably stronger than the ones
needed to estimate . Estimators of 8 are developed in Sections 4.3.2 and 4.3.3.

4.3.1 Estimating P(Y = 1|X =x)

The assumptions needed to identify and, as will be seen in Section 4.3.2, estimate
B do not require P(Y = 1|X = x) to be a continuous function of the continu-
ous components of x. As a result, P(Y = 1|X = x) is not identified over most
of the support of X, and estimation of P(Y = 1|X = x) under these assump-
tions is not possible. The only information about P(Y = 1|X = x) that can be
obtained is that implied by knowledge of x’ 8, which is identified and estimable. This
information is

>05ifxXg>0
PY=1X=x)=05if¥=0 (4.12)
<05if¥B <0

Thus, the numerical value of P(Y = 1|X = x) is known if X' 8 = 0. Otherwise, only
bounds on P (Y = 1|X = x) can be obtained.

Now let b, be a consistent estimator of 8. Let x be fixed, and consider the problem
of finding an empirical analog of (4.12). Observe that if X' 8 > 0, then P(x'b, > 0)
— 1 as n — oo. Conversely, if X8 < 0, then P(x'b,, < 0) — 1 as n — oo. On the
other hand, if '8 = 0, then x'b,, can be either positive or negative, regardless of the
size of n. Therefore, the following estimated bounds on P(Y = 1|X = x) hold with
probability approaching 1 as n — oo.

Pu(Y =1|1X =x) > 0.5if x'b, > 0

4.13
<0.5ifx'b, <0 *-13)

If it is assumed that P(Y = 1|X = x) is a continuous function of X’ B in a neigh-
borhood of X’ 8 = 0, then the bounds (4.13) can be sharpened to
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>0.5ifx'b, >0
Pu(Y = 11X =x) = 05if b, =0 (4.14)
<0.5ifxb, <0

Finally, suppose it is assumed that P(Y = 1|X = x) is a continuous function of
the components of x that correspond to continuous components of X. Then P(Y =
11X = x) can be estimated as the nonparametric mean regression of Y on X. The
continuity assumption required by this approach is reasonable in many applications
but is stronger than necessary to identify or estimate 8.

4.3.2 Estimating B: The Maximum-Score Estimator

The maximum-score estimator was proposed by Manski (1975, 1985) as a method
for estimating S consistently in the binary-response model (4.1) when median
(U|X = x) = 0. This estimator is the binary-response analog of the least-absolute-
deviations (LAD) estimator of a linear median-regression model. In a linear median-
regression model, the dependent variable Y is related to explanatory variables X by

Y=XB+U,

where median (U|X = x) = 0. It follows that median (Y|X = x) = x’B8. Moreover,
B minimizes the quantity

Siin(b) = E|Y — X'b| (4.15)

whenever the expectation exists. The LAD estimator of 8 minimizes the sample
analog of E|Y — X'b| that is obtained by replacing the expectation with a sample
average. Thus, the LAD estimator solves the problem

N ,
minimize: - Z |Y; — X;bl,
i=1
where {Y;, X;:i =1, ...,n}is arandom sample of (¥, X).
To motivate the maximum-score estimator, observe that by the definition of the
median,

median (Y|X = x) = inf{y: P(Y > y|X = x) > 0.5}. 4.16)
Combining (4.12) and (4.16) yields

median (Y|X = x) = I(¥'B > 0).
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Therefore the binary-response version of (4.15) is
Spin(b) = E|Y —I(X'b > 0)|. 4.17)

Some easy algebra shows that

Spin(b) = E[Y — 2Y — DIX'b > 0)]. (4.18)

Therefore
Spin(b) — Spin(B) = E{RY — DIUX'B = 0) — I(X'b = 0)]},

and
Spin(b) — Spin(B) = E{[2P(Y = 1|X) — 1]UX'B = 0) — I(X'b = 0)]}.  (4.19)

The right-hand side of (4.19) is zero if b = 8 and nonnegative otherwise. Therefore,
b = B minimizes Sp;,(b). Indeed, by using arguments similar to those made follow-
ing the statement of Theorem 4.1, it can be shown that f is the unique minimizer of
Spin(b) under the assumptions of that theorem. Thus, we have

Theorem 4.3 Let median (U|X = x) = 0 for all x in the support of X. Let |f1]| = 1.
Then B is the unique minimizer of E[Spin(b)] if

(a) The support of the distribution of X is not contained in any proper linear sub-
space of RY.

(b) For almost every ¥ = (x2,...,x%) the distribution of X' conditional on X = %
has an everywhere positive density.ll

This result is proved formally in Manski (1985).
The sample analog of Sp;,(b) is obtained by replacing the expectation with a
sample average. This yields

n

- 1 o 1 ,
Sp(b) = - ; Yi— - ; QY; — DIX/b = 0). (4.20)

The maximum-score estimator of f minimizes S',,(b). Observe, however, that the
first term on the right-hand side of (4.20) does not depend on b and, therefore, does
not affect the minimization of S’,,(b). Therefore, taking account of the minus sign
that precedes the second term, it suffices to solve

l n
maximize : Sys(b) = — Z QY; — DIX/b > 0). (4.21)
|b1|=1,b n Py

Any solution to (4.21) is a maximum-score estimator of 8. Florios and Skouras
(2008) give an algorithm for computing the maximum-score estimator.
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Equations (4.17) and (4.18) show that the maximum-score estimator is the
binary-response analog of the LAD estimator of the coefficient vector of a linear
median-regression model. Another interpretation of the maximum-score estimator
can be obtained by observing that solving (4.21) is equivalent to solving

maximize : S (b) = Xn: QY — D[2UXb > 0) — 1] 4.22)
bi=1,0 ™7 n ! = ' ’

i=1

The summand in (4.22) equals 1 if ¥; = 1 and X;b > O orif ¥; = 0 and X;b < 0.
The summand equals —1 otherwise. Suppose one predicts that ¥; = 1 if Xb > 0 and
Y; = 0 otherwise. Assign a score value of 1 if the predicted and observed values
of ¥; are the same and -1 if they are not. Then S},(b) is the sum of the scores, and
the maximum-score estimator maximizes the total score or total number of correct
predictions.

Manski (1985) has proved that the maximum-score estimator is strongly consis-
tent for . This result is stated formally in Theorem 4.4:

Theorem 4.4 Let median (U|X = x) = 0 for all x in the support of X . Let the
first component of B equal 1. Assume that there is a known, compact set B that
contains B. Let by, solve

n

1
imize © S = _ . ! _
maximize Sps(0) =~ ?—1 QY — D[2UX)b > 0) — 1] (4.23)

or, equivalently,

. 1
maximize Sma(b) = ~ ; QY; — DIX/b > 0). (4.24)

Then b,, — B almost surely as n — oo if

(a) {Yi,Xi:i=1,...,n}is arandom sample from the distribution of (Y, X).

(b) The support of the distribution of X is not contained in any proper linear sub-
space of R9.

(c) For almost every X = (xz, . ,xd), the distribution of X U conditional on X = %
has an everywhere positive density. B

Cavanagh (1987) and Kim and Pollard (1990) have derived the rate of con-
vergence and asymptotic distribution of the maximum-score estimator. This is a
difficult task because S,s(b) and S}, (b) are discontinuous functions of b. There-
fore, the standard Taylor-series methods of asymptotic distribution theory cannot
be applied to the maximum-score estimator. Cavanagh (1987) and Kim and Pollard
(1990) show that the maximum-score estimator converges in probability at the rate
n~13. The limiting distribution of n'/3(b, — B) is that of the point that maximizes
a multidimensional Brownian motion with quadratic drift. This distribution is too
complex for use in carrying out statistical inference in applications.
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Manski and Thompson (1986) proposed using the bootstrap to estimate the dis-
tribution of the maximum-score estimator and to carry out statistical inference.
However, Abrevaya and Huang (2005) have shown that the bootstrap does not
consistently estimate the asymptotic distribution of the maximum-score estima-
tor. The asymptotic distribution can be estimated consistently by nonreplacement
subsampling (Politis and Romano 1994; Politis et al. 1999). In this procedure,
subsamples of size m < n are drawn by sampling the data randomly without replace-
ment. The maximum-score estimator b,, is computed from each subsample. The
asymptotic distribution of n'/3(b, — B) is estimated by the empirical distribution of
m'3(b,, — b,) that is induced by the subsampling procedure. Delgado et al. (2001)
provide further details and Monte Carlo evidence on the performance of the proce-
dure. Subsampling can be used to obtain a confidence interval for 8 or test a hypoth-
esis about B. It should not be used to obtain standard errors. This is because the
maximum-score estimator is not normally distributed, even asymptotically. There-
fore, there is no simple relation between standard errors and the distribution of the
estimator, and standard errors cannot be used to construct a confidence interval or
hypothesis test.

The rate of convergence of the maximum-score estimator, n , 1s much slower
than the n~'/? rate of parametric and single-index estimators. The slow rate of con-
vergence of the maximum-score estimator is sometimes interpreted as implying that
this estimator is not as useful as parametric or single-index estimators. This inter-
pretation is incorrect. The maximum-score estimator makes assumptions about the
distribution of (Y, X) that are different from the assumptions made by parametric
and single-index estimators. Most importantly for influencing the rate of conver-
gence, the maximum-score estimator permits U to have arbitrary heteroskedasticity
of unknown form subject to the centering restriction median(U|X = x) = 0. In con-
trast, single-index models permit only limited forms of heteroskedasticity, and para-
metric models require the form of any heteroskedasticity to be known up to finitely
many parameters. As will be discussed in Section 4.3.3, the maximum-score estima-
tor converges at the fastest rate possible under its assumptions. Thus, its slow rate of
convergence is not a defect but a reflection of the difficulty in carrying out estimation
under its assumptions, especially its assumptions about heteroskedasticity.

~1/3

4.3.3 Estimating B: The Smoothed Maximum-Score Estimator

The maximum-score estimator has a complicated limiting distribution that is dif-
ficult to derive because the maximum-score objective function is discontinuous.
Horowitz (1992) proposed smoothing the discontinuities in S} (b) to achieve a dif-
ferentiable function. He showed that under assumptions that are slightly stronger
than those of Theorem 4.4, the resulting smoothed maximum-score estimator has a
limiting normal distribution and a rate of convergence that is at least n~>/> and can
be arbitrarily close to n~ /2 under certain smoothness assumptions. This section
describes the smoothed maximum-score estimator.
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The smoothed maximum-score estimator can be obtained from either S,,,(b) or
Sk «(b), and its properties are the same regardless of which is used. Only S,,;(b) will
be considered in this discussion. S,,;(») is a discontinuous function of b because each
term in the sum on the right-hand side of (4.24) contains the factor /(X l/ b > 0), which
is a step function. The smoothed maximum-score estimator is obtained by replacing
this indicator function with a function that is twice differentiable. To do this, let K
be a function satisfying |K(v)| < M for all v and some M < oo, lim,_, o K(v) = 0,
and lim,_, o K(v) = 1. K can be thought of as the integral of a kernel function for
nonparametric density estimation. K is not a kernel function itself. Let {£,} be a
sequence of positive numbers (bandwidths) that converges to 0 as n — oo. The
smoothed maximum-score estimator of § solves

n /
. 1 X'b
mmmmﬂm@E—Z]HﬁDK—L. (4.25)
|by|=1,beB ni= hy,

Horowitz (1992) showed that the smoothed maximum-score estimator is consis-
tent for B under the conditions of Theorem 4.4. The intuition for this result is as
follows. It is not difficult to prove that |S,,;(b) — Ssms(b)| — 0 with probability 1 as
n — oo uniformly over b € B (see Horowitz 1992, Lemma 4). The reason for this
is that as h,, — 0,

Xib o
K(--~|—-1ifX;p>0
Iy

— 0ifX/b <0

foreachi = 1,...,n. Therefore,

X(b
K (4) — I(X/b > 0)
hy, !
if X;b # 0. K(X/b/h,) may not converge to I(X/b > 0) if Xb = 0, but P(X/b =
0) =0. Therefore, with probability 1, Sg,s(b) and Sy,s(b) can be made arbitrarily
close to one another for all b € B by making n sufficiently large. Indeed, it can be
shown that this result holds uniformly over b € B. Therefore, the values of b that
maximize Sgn,s(b) and S,,5(b) can also be made arbitrarily close to one another.

The rate of convergence and asymptotic distribution of the smoothed maximum-
score estimator can be obtained by using Taylor-series methods like those used to
obtain the asymptotic distributions of parametric estimators (see, e.g., Amemiya
1985, Newey and McFadden 1994). To do this, define d = dim(8), and let §;
denote the j’th component of 8. Let B be the (d — 1) x 1 vector consisting of com-
ponents 2 through d of 8. Similarly, let b,, denote any solution to (4.25), and let
l;,, denote components 2 through d of b,. Observe that because 1, the first compo-
nent of §, can have only two values, every consistent estimator b, of B satisfies
lim,,—, oo P(b,1 = B1) = 1 and converges in probability faster than n~" for any r > 0.
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This is not true of the remaining components of 8, which can take on a continuum
of values. Therefore, it is necessary to derive only the asymptotic distribution of by.
To do this, let B be an interior point of the parameter set B. Since b, is consis-
tent for 8, b, is an interior point of B with probability approaching 1 as n — oo.
Therefore, with probability approaching 1, b, satisfies the first-order condition

OSums(bn) _

(4.26)
ab
A Taylor-series expansion of the left-hand side of (4.26) about b, =  gives
as 3 Sms(B%) -~
smi(ﬂ) + sms( n)(bn . /3) _ O, (427)

ab abab'

where b} is between b, and B. Now suppose that there is a nonsingular matrix Q
such that

9 Sms (D7)
rl?—mo abob’

Suppose, also, that as n — oo,

o assmi(ﬁ) i) W

(4.29)
b

for some r > 0 and some random variable W. Then (4.27) can be written in the form

W+ On" (b, — B) = 0,(1)

and
0 (by — B) = —Q'W + 0p(1).

Thus, n"(b, — f) is asymptotically distributed as —Q~'W. It turns out that W
is normally distributed, as is discussed below. The value of r and, therefore, the
rate of convergence of the smoothed maximum-score estimator depend on certain
smoothness properties of P(Y = 1|X = x) and the probability distribution of
X’'B conditional on X. Under regularity conditions that are given below, the rate
of convergence is at least n~>/> and can be arbitrarily close (though not equal) to
n~ 12 if P(Y = 1|X = x) and the conditional distribution of X’B are sufficiently
smooth.

Additional notation is needed to formalize these ideas and make them precise.
Define Z = X’B and observe that since |B1| = 1, there is a one-to-one relation
between (Z, )~() and X for any fixed 8. Assume that the distribution of Z conditional
on X = ¥ has a probability density p(z|%) that is strictly positive for almost every X.
For each positive integer j, define
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N 8jp(zl)~c)
(0] _

whenever the derivative exists, and define p(o)(z|x) = p(z]x). Let P denote the CDF
of X, and let F(- |z, %) denote the CDF of U conditional on Z = z and X = . For
each positive integer j, define

VF(—2]z,%)

F(f)( —7]z,X) = 5

whenever the derivative exists. For example,

FO(=2j2.5) = —

|:8F(u|z,56) 3F(M|Z,5C):|
ou 0z u——Z.

Let K’ and K", respectively, denote the first and second derivatives of K. Let s be a
positive integer that is defined according to criteria that are stated below. Define the
scalar constants o4 and ap by

o0
au :[ VK (v)dv

—00

and

o
otD:/ K'(v)*dv.
—0o0

whenever these quantities exist. Define the (d — 1) x 1 vector A and the (d — 1) X
(d — 1) matrices D and Q by

s
1 . - . ~ o~
—2a4 Yy ———E[FP(0[0, X)p"* 7 (0|X)X],
oM =D

D = apE[XX'p(0|X)],

and
0 = 2E[XX' FV(0]0, X)p(01X)]

whenever these quantities exist.
The asymptotic distribution of the smoothed maximum-score estimator is derived
under the following assumptions:

SMSI1: {¥;,X;: i = 1,...,n} is a random sample of (Y,X), where Y = I(X'8 +
U>0),X¢e Rd(d > 1), U is arandom scalar, and 8 € R4 is a constant.

SMS2: (a) The support of the distribution of X is not contained in any proper
linear subspace of RY. ()0 < P(Y = 1|1X = x) < 1 for almost every
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x. (¢) |B1]| =1, and for almost every x = (x2, . ,xd), the distribution of X!
conditional on X = X has an everywhere positive probability density.

SMS3: Median(U|X = x) = 0 for almost every x.

SMS4: B = (8o, ...,Bq) is an interior point of a compact set B € R4~

SMS5: The components of X are bounded.

SMS6: As n — 00, h, — 0 and (log n)/(nhfl) — 0.

SMST7: (a) K is twice differentiable everywhere, |K’| and |K”| are uniformly
bounded, and each of the following integrals is finite:

/ - K'()dv, / - K’ (v)dv, / - V2 K" (v)|dv.

—00 —0Q —00

(b) For some integer s > 2 and each integerj (1 <j <)

R 0if j
/ VK Wdv =170 (4.30)
NS finite if j = s

(c) For each integer j between 0 and s, any 1 > 0, and any positive sequence
{h,} converging to 0

lim 42 WK (v)|dv =0

n—ee [hnv]>n

and

lim A ! f IK"(v)|dv = 0.
|hpv|>n

n— 00

SMS8: For each integer j such that 1 < j < s — 1, all z in a neighborhood
of 0, almost every X, and some M < oo, p(/)(zly?) exists and is a continuous
function of z satisfying Ip¥(z|%)| < M for all z and almost every X.

SMS9: For each integer j such that 1 < j < s, all z in a neighborhood of 0,
almost every X, and some M < oo, F' W — 7|z, X) exists and is a continuous
function of z satisfying |FV( — z|z,%)| < M.

SMS9 is satisfied if [8 /% F(u|z, X)/0u’3z"],—_. is bounded and continuous in a
neighborhood of z = 0 for almost every X whenever j + k < s.

SMS10: The matrix Q is negative definite.

The reasons for making these assumptions will now be explained. Assump-
tions SMS1-SMS3 except for SMS2(b) and the compactness part of SMS4 are the
requirements for consistency of both the smoothed and the unsmoothed maximum-
score estimators. SMS2(b) rules out certain degenerate cases in which g can
be learned perfectly from a finite sample (Manski 1985). The assumption that
B is an interior point of the parameter set ensures that the first-order condition
3Ssms(by)/3b = 0 is satisfied with probability approaching 1 as n — co. A similar
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assumption is made for the same reason in parametric maximum-likelihood estima-
tion. SMS5 and SMS7-SMS9 ensure the existence of A, D, and Q as well as the con-
vergence of certain sequences that arise in the proof of asymptotic normality. SMS5
strengthens an assumption of Horowitz (1992). De Jong and Woutersen (2007)
pointed out the need for a stronger assumption, though not necessarily one as strong
as SMS5. Examples of functions satisfying SMS7 are given by Miiller (1984).

Assumptions SMS6-SMS9 are analogous to assumptions made in kernel den-
sity estimation. In kernel density estimation, a kernel K’ that satisfies (4.30) is
an s’th-order kernel. With an s’th-order kernel and a bandwidth parameter A, sat-
isfying nh, — oo, the bias of the density estimator is O(h)), and the variance
is 0[(nhn)’1] if the density being estimated is s times differentiable. Moreover,
with an s’th-order kernel, the fastest achievable rate of convergence of the den-
sity estimator is n7%/($*1D 50 use of a higher-order kernel speeds convergence if
the required derivatives of the density exist. Analogous results hold in smoothed
maximum-score estimation. If assumptions SMS1-SMS10 are satisfied, the bias of
the smoothed maximum-score estimator is O(/), the variance is O[(nhy,)~'], and
the fastest achievable rate of convergence is n=S/@stD  Thus, faster convergence
can be achieved by using a higher-order K’ if the necessary derivatives of F and
p exist.

The matrix Q is analogous to the Hessian form of the information matrix in para-
metric quasi-maximum-likelihood estimation (White 1982), and SMS10 is analo-
gous to the familiar assumption that the Hessian information matrix is nonsingular.

The main results concerning the asymptotic distribution of the smoothed
maximum-score estimator are given by the following theorem.

Theorem 4.5: Let SMS1-SMS10 hold for some s > 2, and let {b,} be a sequence
of solutions to problem (4.25). Then

(a) Ifnh®*! — oo asn — oo, hy2(b, — f) &> —07'A.
(b) If nh2**" has a finite limit ) as n — 0o, then

(nhy) /2By — B) S N(— 21207'4,07'DO 7).

(c¢) Leth, = ()L/n)l/(z‘”'l) with 0 < L < oo. Let Q be any nonstochastic, positive-
semidefinite matrix such that A'Q~'QQO™'A # 0. Let E4 denote the expectation
with respect to the asymptotic distribution of (nhy)"/ 2(b, — B), and MSE =
EA(Z;,L — ﬁ)’Q(l;n — B). MSE is minimized by setting A = \*, where

*

_ trace(Q7'QO7'D)

, 431
25A'0-1Q0 1A (4.31)

in which case

nS/ GO 5) 1) N[ — ()L*)s/(2s+1)Q71A’()L*)fl/(Zerl)QleQfl]. n
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Theorem 4.5 implies that the fastest possible rate of convergence in probability
of by, is n=5/@*D A sufficient condition for this to occur is b, = (1/n)!/@*D
with 0 <A < 0o. The asymptotically optimal value of A in the sense of minimiz-
ing MSE is A*. Horowitz (1993c) shows that n~%/@s+D s the fastest achievable
rate of convergence of any estimator of 8 under SMS1-SMS5 and SMS8-SMS 0.
Thus, no estimator can converge faster than the smoothed maximum-score estimator
under these assumptions. The fastest rate of convergence if s < 2 is n~!/3. Moreover,
nt/ 3(13,, — ,3) has a complicated, nonnormal limiting distribution if s <?2. Thus, in
terms of the rate of convergence and simplicity of the asymptotic distribution, the
smoothed maximum-score estimator has no advantage over the unsmoothed one
unless F( — z|z, x) and p(z]X) have sufficiently many derivatives.

Theorem 4.5 also implies that the mean of the asymptotic distribution of
n¥/@&+tD (B, — B) is not 0 when hy, oxn='/@+D_1n other words, n¥/ &+ (b, — )
is asymptotically biased when h,, is chosen so that b, has its fastest possible rate of
convergence. Asymptotic bias also arises in kernel nonparametric density estima-
tion and nonparametric mean regression. One way to remove the asymptotic bias is
by using a bandwidth ,, that converges more rapidly than n~!/s+D_This is called
undersmoothing. Theorem 4.5(b) shows that A = 0 with undersmoothing, so there
is no asymptotic bias.

Undersmoothing as a method of bias reduction has the disadvantage that it slows
the rate of convergence of b, to B. This problem can be avoided by forming an
estimate of the bias and subtracting the estimate from b,,. A method for doing this
is described below.

To make the results of Theorem 4.5 useful in applications, it is necessary to be
able to estimate A, D, and Q consistently. Theorem 4.6 shows how this can be done.
For any b € B, define

1 e o, (XD \?
D, = X:X'K | —/—
" nhni; o <hn>
and

_ 3%Sums(bn)
abob

Theorem 4.6: Let b,, be a consistent smoothed maximum-score estimator based on
the bandwidth h, xcn™", where k > 1/(2s 4+ 1). Then D,, = D and Q,, —? Q as
n — oo. Let {h*} be a sequence of positive numbers satisfying b ocn=?/ @s+D),
where 0 < § < 1. Define

1 " . X'b,
A, = — 2Y; — DX;K | === ).
n n(h:)m;( i — DX (h)

Ifhyocn= V2D then Ay 5 Aasn — oo. B
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Theorem 4.6 implies that the covariance matrix of the asymptotic distribution of
(nhp)?(by, — B), Q~'DQ™, is estimated consistently by

V,=0,'D,0; " (4.32)

This result will be used below to form tests of hypotheses about A.

Theorem 4.6 also provides a way to remove the asymptotic bias of b, without
slowing its rate of convergence. Recall that if 4, ocn™!/@5+1)  then the asymptotic
bias of (nhy)/*(b, — B) is —A/@s+tho=14, By Theorem 4.6, this bias is estimated
consistently by —1%/ (ZS'H)Q; LA,,. Therefore, an asymptotically unbiased estimator

of B is
. . A s/(2s+1)
by = by + (;) 0, 'A,.

The asymptotic normality of (nh,)"/ 2(b, — B) makes it possible to form asymp-
totic 7 and x? statistics for testing hypotheses about ﬂ Consider, first, a t test of a
hypothesis about a component of B. Let b,,], bn], and ,3], respectively, denote the j’th
components of b,,, b,,, and ,8. Let V,; denote the (j,j) component of the matrix V),
defined in (4.32). The ¢ statistic for testing the hypothesis Hy : ﬁj = Bjo is

_ (nh)' (b — By)
V12

nj

if b, ocn~ /@D and

_ ) P (by = By)
- 1/2

Vi
with undersmoothing. In either case, t is asymptotically distributed as N(0,1) if Hy
is true. Therefore, Hy can be rejected or accepted by comparing ¢ with the relevant
quantile of the standard normal distribution.

Now let R be an r x (d — 1) matrix with r < d — 1,~and letcbeanr x 1
vector of constants. Consider a test of the hypothesis Hy : Rf = c. Assume that the
matrix RO~'DQ~'R’ is nonsingular. Suppose that &, ocn™'/?*+D_ Then under Ho,
the statistic

2 = (nhy)(Rby — ¢) (RV,R) "' (Rb, — ¢)

is asymptotically chi-square distributed with r degrees of freedom. If undersmooth-
ing is used so that i, ccn™* with k > 1/(2s 4 1), then the statistic

2 = (nhy)(Rby — ¢) (RV,R) ™ (Rby, — ¢)
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is asymptotically chi-square distributed with » degrees of freedom. In either case,
Hy can be accepted or rejected by comparing x> with the appropriate quantile of the
chi-square distribution with r degrees of freedom.

The asymptotic distributions of 7 and x2 are only approximations to the exact,
finite-sample distributions of these statistics. The approximation errors can be made
arbitrarily small by making » sufficiently large. With the sample sizes encountered
in applications, however, the approximation errors can be large. As a result, the
true and nominal probabilities of rejecting a correct null hypothesis can be very
different when the critical value is obtained from the asymptotic distribution of the
test statistic. For example, a symmetrical ¢ test rejects a true null hypothesis with
nominal probability « if |#| exceeds the 1 — «/2 quantile of the standard normal
distribution. However, the true rejection probability may be much larger than « if,
as often happens in finite samples, the asymptotic distribution of ¢ (the standard
normal distribution) is not a good approximation to its exact distribution. Horowitz
(1992) provides Monte Carlo evidence showing that the true rejection probability
can exceed the nominal probability by a factor of three or more with samples of
practical size.

This problem can be greatly reduced through the use of the bootstrap. The boot-
strap estimates the distribution of a statistic by treating the estimation data as if
they were the population. The bootstrap distribution of a statistic is the distribution
induced by sampling the estimation data randomly with replacement. The «-level
bootstrap critical value of a symmetrical ¢ test is the 1 — « quantile of the bootstrap
distribution of |¢|. The «-level bootstrap critical value of a test based on %2 is the
1 — o quantile of the bootstrap distribution of x2. Similar procedures can be used to
obtain bootstrap critical values for one-tailed and equal-tailed 7 tests.

Under certain conditions (see, e.g., Beran 1988; Hall 1986, 1992), the bootstrap
provides a better finite-sample approximation to the distribution of a statistic than
does asymptotic distribution theory. When this happens, the use of bootstrap criti-
cal values instead of asymptotic ones reduces the differences between the true and
nominal probabilities that a 7 or x? test rejects a true null hypothesis. The use of
bootstrap critical values also reduces the differences between the true and nominal
coverage probabilities of confidence intervals. To achieve these results, the statistic
in question must be asymptotically pivotal, meaning that its asymptotic distribu-
tion does not depend on unknown population parameters. Horowitz (1997, 2001b)
reviews the theory of the bootstrap and provides numerical examples of its use in
econometrics.

The  and x? statistics for testing hypotheses using smoothed maximum-score
estimates are asymptotically pivotal. However, they do not satisfy the standard
regularity conditions under which the bootstrap provides asymptotic refinements
(that is, improvements in the approximation to the finite-sample distribution of a
statistic). Nonetheless, it is possible to prove that the bootstrap provides asymp-
totic refinements for # and x2 tests based on the smoothed maximum-score esti-
mator. See Horowitz (2002). The main problem is that the standard theory of the
bootstrap assumes that the statistic in question can be approximated by a function
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of sample moments whose probability distribution has an Edgeworth expansion.
However, because the 7 and x2statistics based on the smoothed maximum-score
estimator depend on the bandwidth parameter £, that decreases to 0 as n — oo,
they cannot be approximated by functions of sample moments. Horowitz (2002)
shows how to modify the standard theory of Edgeworth expansions to deal with this
problem.

The bootstrap distributions of 7 and 2 cannot be calculated analytically, but they
can be estimated with arbitrary accuracy by Monte Carlo simulation. To specify
the Monte Carlo procedure, let the bootstrap sample be denoted by {¥;", X} :i =
1,...,n}. This sample is obtained by sampling the estimation data randomly with
replacement. Define the bootstrap analog of Sg;,,5(b) by

n y /*b
Stns(b) = ,ZI(ZY —1)K( i )

Let (b}, n) be a solution to (4.25) with S,,s replaced by S
analogs of Q,, and D, by

n 2
h

Define bootstrap

sms

nhy 4 n
i=1
and
o — St
abab’

Let Vy;; be the (j, j) component of the matrix 0.~ 'Dxo 1.

The Monte Carlo procedure for estimating the bootstrap critical value of the sym-
metrical 7 test is as follows. The procedures for estimating bootstrap critical values
of one-tailed and equal-tailed  tests and the x 2 test are similar:

1. Generate a bootstrap sample {¥;, X} :i = 1,...,n} by sampling the estimation
data randomly with replacement.

2. Using the bootstrap sample, compute the bootstrap 7 statistic for testing the boot-
strap hypothesis H;: ,BJ = bnj, where b, solves (4.25). The bootstrap ¢ statistic is

o () 2B — by)
e

where E:j is the j’th component of b*.

3. Estimate the bootstrap distribution of |#*| by the empirical distribution that is
obtained by repeating Steps 1 and 2 many times. The bootstrap critical value
of the symmetrical ¢ test is estimated by the 1 — o quantile of this empirical
distribution.
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The theory of the bootstrap requires #,, to be chosen so as to undersmooth. Thus,
it is not necessary to use by to carry out bootstrap-based testing. Horowitz (2002)
shows that when critical values based on the bootstrap are used for a symmetrical
tor x? test, the difference between the true and nominal probabilities of rejecting
a true null hypothesis (the error in the rejection probability) has size o[(nh,)™'].
By contrast, the error in the rejection probability exceeds O[(nh,)~'] if asymptotic
critical values are used. Therefore, the error in the rejection probability converges
to 0 as n— oo more rapidly with bootstrap critical values than with asymptotic
ones. Accordingly, the error in the rejection probability is smaller with bootstrap
critical values than with asymptotic ones if # is sufficiently large. Similar results are
available for one-tailed and equal-tailed ¢ tests, although the order of the asymptotic
refinement for these is not the same as it is for symmetrical tests. Horowitz (2002)
presents Monte Carlo evidence indicating that with samples of practical size, the
bootstrap essentially eliminates errors in the rejection probabilities of symmetrical ¢
tests. Thus, it is better in applications to use the bootstrap to obtain critical values for
a test based on the smoothed maximum-score estimator than to use the asymptotic
distribution of the test statistic.

A final problem in practical implementation of the smoothed maximum-score
estimator or tests based on it is bandwidth selection. The bandwidth that mini-
mizes the asymptotic mean-square error of l;n IS hyopr = a* /n)l/ @s+1) | where
A* is given by (4.31). The value of A* can be estimated by replacing unknown
quantities on the right-hand side of (4.31) by estimates based on a preliminary
bandwidth. This is called the plug-in method of bandwidth selection. To imple-
ment the plug-in method, choose a preliminary bandwidth 4,1 ocn™1/Z*1D and any
h, o n=%/@s+D for 0 < § < 1. Compute the smoothed maximum-score estimate b,
based on 4,1, and use b, and h;‘ll to compute A,, D,, and Q,. Then estimate A*
by X,, where A, is obtained from (4.31) by replacing A,D, and Q with A,, D,,
and Q,,.

This method of bandwidth selection is analogous to the plug-in method of kernel
density estimation. As in density estimation, it has the disadvantage of not being
fully automatic; the estimated optimal bandwidth depends on the bandwidth used to
obtain the initial estimate of 8 and on é. Jones et al. (1996) discuss ways to reduce
the dependence on the initial bandwidth in the case of density estimation. There
has been no research on whether similar methods can be developed for smoothed
maximum-score estimation.

The bootstrap method for obtaining improved finite-sample critical values for ¢
and x? tests of hypotheses about 8 requires a bandwidth that undersmooths. That s,
it requires 4, to converge faster than n~!/+1)_Existing theory provides no guid-
ance on how such a bandwidth should be chosen in applications. However, Monte
Carlo evidence presented by Horowitz (2002) indicates that the empirical levels of
tests with bootstrap critical values are not sensitive to the value of 4, over the range
0.5hp,0pr t0 hy ope. These results suggest that, as a practical rule-of-thumb method for
selecting the bandwidth for bootstrap calculations, one can use the plug-in method
to estimate £, op; and then implement the bootstrap with a bandwidth that is between
the estimated £, 4, and half the estimate.



4.4 Extensions of the Maximum-Score and Smoothed Maximum-Score Estimators 119

4.4 Extensions of the Maximum-Score and Smoothed
Maximum-Score Estimators

This section shows how the maximum-score and smoothed maximum-score estima-
tors can be extended for use with choice-based samples, panel data, and ordered-
response models.

4.4.1 Choice-Based Samples

The discussion in the preceding sections assumes that the estimation data are a ran-
dom sample from the distribution of (Y, X). A choice-based sample is not random in
this way. Instead, it is stratified on the dependent variable Y. The fraction of observa-
tions with ¥ = 1 is selected by design, and X is sampled randomly conditional on Y.
For example, suppose the modes that are available for travel between two cities
are airplane and automobile. Then a data set for analyzing the mode choices of
travelers between these cities might be obtained by interviewing randomly selected
air travelers at the airport and randomly selected automobile travelers at the road-
side. Choice-based sampling can be much more efficient than random sampling. For
example, suppose that one percent of the population makes the choice of interest in
a given time period. Then data acquisition by randomly sampling the population
would require contacting 100 persons on average to obtain one useful observation.
By contrast, all contacts made in a choice-based sample are potentially useful.

Except in special cases, estimators that work with random samples are inconsis-
tent when the sample is choice based. Parametric estimation with choice-based sam-
ples has been investigated by Cosslett (1981), Imbens (1992), Hsieh et al. (1985),
Manski and Lerman (1977), and Manski and McFadden (1981). This section dis-
cusses semiparametric estimation with choice-based samples under the assumption
that the distribution of U is unknown. It is assumed that the population values of the
aggregate shares, 1y = P(Y = 1) and mp = | — 7y, are known. It is not unusual
in applications for aggregate shares to be known quite accurately. For example, in
the United States, aggregate shares for certain types of travel choices are available
from the US Census. However, census data do not include information on all of the
variables needed to develop a useful choice model.

Manski (1986) has given conditions under which § can be estimated consistently
from a choice-based sample by maximizing the modified maximum-score objective
function

n n
Snca(b) = % 3 Yixib = 0) - Z—s 3" = VIXh = 0) (433)
i=1 i=1

subject to scale normalization, where n; (j = 0, 1) is the number of observations for
which Y; = jand n = ng + n;. Note that ng and n; are chosen by the designer of the
choice-based sample and are not random. The modified maximum-score estimator
solves
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maximize :Sy, cp(b). (4.34)
lbi|=1,beB

The solution to (4.34) is consistent for S under conditions that are stated in the
following theorem, which is a modified version of Theorem 4.4.

Theorem 4.7: Let median (U|X = x) = 0 for all x in the support of X. Let || = 1.
Assume that B is a compact subset of RY. Let by, solve problem (4.34). Then b, — B
almost surely as ny,ny — oo if

(a) Foreachj=0or 1,{X;:i=1,...,n}is a random sample from the distribution
of X conditional on Y = j.

(b) The support of the distribution of X is not contained in any proper linear sub-
space of RY.

(c) For almost every ¥ = (x2,...,x%), the distribution of X' conditional on X = %
has an everywhere positive density.ll

Conditions (b) and (c) of Theorem 4.7 are identical to conditions in Theorem 4.4.
Condition (a) of Theorem 4.7 specifies a choice-based sampling process instead of
the random sampling process that is used in Theorem 4.4.

To understand why solving (4.34) yields a consistent estimator of S, define
q1 = n1/n and qo = ng/n, respectively, to be the fractions of the sample for which
Y =l and Y = 0. To minimize the complexity of the discussion, suppose that X has
a probability density function f. Similar but notationally more complex arguments
apply if X has one or more discrete components. Let f(- |Y = j) be the probabil-
ity density of X conditional on ¥ = j(j = 0,1). Observe that by the algebra of
conditional probabilities

EUX'b = 0)]Y = 1] = / IX'b > 0)f(x]Y = D

PY=1X= x)f(x)dx
q1

= /I(X’b > 0)
= % IX'b > 0)P(Y = 11X = x)f (x)dx.
Similarly
EIX'b>0)Y =0] = q]—O/I(X/b > 0)P(Y = 01X = x)f (x)dx.
Therefore, the population version of (4.33) is

E[Sp,c(b)] = /I(X’b > O)[P(Y = 1|X = x) — P(Y = 01X = »)]f (x)dx

= E[2P(Y = 1|1X) — 1lI(X'b > 0)
= E[Y — Spin(b)],
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where Sy, is as defined in (4.18). It was shown in Section 4.3.2 that 8 minimizes
E[Spin(b)] and, therefore, maximizes E[Y — Spin(b)]. It follows that 8 maximizes
the population version of S, cg(b). Arguments like those used to prove Theorem 4.4
now show that the solution to (4.34) is consistent for 8 under choice-based sampling.
Manski (1986) provides the technical details.

Sn.ce(D), like Sy5(D), is discontinuous and can be smoothed by replacing the
indicator function with an integral of a kernel function. The resulting smoothed
maximum-score estimator for choice-based samples maximizes the objective
function

!/

n / n
T X:b o X'b
N =—E YK [ - ——E 1-Y)H)K |-+, 4.35
sms,CB n i i (hn ) 1o ( z) (/’l ( )

i=1 n

where K and h,, are defined as in (4.25). Define s as in Theorem 4.5. Define Z = X',
and let p(- |x, Y = j) denote the probability density function of Z conditional on
X=XandY =j({=0,1). Set

_ X =xY =))
- = ,

Suppose that there is a finite A such that (n4,)>*! — A as n — 0o. By using Taylor-
series methods like those used to prove Theorem 4.5, it can be shown that under
suitable assumptions, the centered, normalized, smoothed maximum-score estima-
tor for choice-based samples is asymptotically normally distributed. To state the
result formally, define

X =51 =)

Ac = O;—?{mE[;?p“)(om Y = DY = 11— mEXp(0IX, Y = 0)|Y = 0]},
ap (1 7 8% X

Do @ <_1 N _0> E[XXpOI%)],
2 \q1 q

and
Oc = —mEXX'pPOIX, Y = DY = 1] + moE[XX'p P (01X,Y = 0)|Y = 0].

Make the following assumptions.

CBl:Foreachj=0or 1, {X;:i=1,...,n;} is a random sample from the distri-
bution of X conditional on ¥ = j.

CB2: (a) The support of the distribution of X is not contained in any proper
linear subspace of R¥. (b) |81| = 1, and the distribution of X' conditional on
X = X has an everywhere positive density for almost every .

CB3: Median(U|X = x) = 0 for almost every x.

CB4: § is an interior point of a compact subset B of R4~

CBS5: The components of X are bounded.
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CB6: (a) K is twice differentiable everywhere, |[K’| and |K”| are uniformly
bounded, and each of the following integrals is finite:

/ - K'(v)*dv, / - K" (v)2dv, / - V2 K" (v)|dv.

—00 —00 —00

(b) For some integer s > 2 and each integer j (1 <j <)

o . .
/ v/K'(v)dv = {gl.fj ? 5o
. nite if j = s

(c) For each integer j between 0 and s, any n > 0, and any positive sequence
{h,} converging to 0

lim 42 WK ()|dv =0

n=ee [hnv]>n

and
lim 7! / K" (v)|dv = 0.
n—>00 hv|>n

CB7: For each integer j such that 1 < j < s, all z in a neighborhood of 0,
almost every ¥, and some M < oo, pP(z|x,Y = m) (m = 0,1) exists and
is a continuous function of z satisfying [p¥)(z|%, Y = m)| < M for all z and
almost every x.

CB8: The matrix Q¢ is negative definite.

Asymptotic normality of the smoothed maximum-score estimator for choice-
based samples is given by the following theorem.

Theorem 4.8: Let assumptions CBI-CB8 hold for some s > 2 and let {b,} be a
sequence of solutions to problem (4.35). Assume that nhﬁs+1 = X for some finite
A > 0. Then

~ ~ d _ _
(nhy)' by — B) = N(— 1'?QcAc, 0c' DO B (4.36)
Ac, D¢, and Q¢ can be estimated by using methods like those described in Sec-

tion 4.3.3. Let /1 ocn=/@s* D for some § satisfying 0 < 8 < 1. Then Ac is estimated
consistently by

1\* "X (X " Xi  (Xb
me= () | v (52) - 2o a-ngr ()|
n n I I no ‘= n n
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D¢ and Qc are estimated consistently by

F14 bt T X'b
1 0 1 U v ! iYn
D= [—+22 ViX.X K [ =
" <f11 +610) [mhnz o ( hn )
X'b
Z}l—mxxm o
I’lo]’l hn

and

azssms,CB(bn)
0bdb
The formula for D, ¢ corrects (6.35) of Horowitz (1993b), which omits the factor
(/g1 + 70/q0)-
As in smoothed maximum-score estimation with random samples, an asymptot-
ically unbiased smoothed maximum-score estimator of 8 for choice-based samples

is given by
25+1
[; . < )Y/( s+1) 1,
n an nC

The asymptotically optimal value of X is given by (4.31) but with A, D, and Q
replaced with A¢, D¢, and Qc.

Tests of hypotheses about 8 can be carried out by replacing A,,, D;, and Q,, with
Anc, Dpc, and Q,,¢ in the formulae for the random-sample 7 and x 2 statistics. Boot-
strap versions of the test statistics can be obtained by sampling the estimation data
conditional on Y. That is, one draws n; observations randomly with replacement
from the subset of the estimation data for which Y =1, and one draws ng observa-
tions randomly with replacement from the subset of the estimation data for which
Y =0.

In a choice-based sample, the analyst chooses n1 and ng or, equivalently, g; and
qo- It is useful, therefore, to ask how this can be done so as to minimize the asymp-
totic mean-square error or variance of the resulting estimator. This question can be
answered for the smoothed maximum-score estimator, whose asymptotic variance
is known. To find the answer, observe that the right-hand side of (4.36) depends on
q1 and go only through the factor (71/q1 + mo/qo) that multiplies D¢. Therefore,
the asymptotic mean-square estimation errors and asymptotic variances of all com-
ponents l;n are minimized by choosing ¢ and gg to minimize (71 /g1 + 7o/qo)- The

1/2 1/2 1/2 1/2 2 1/2
o)y 7P, =) Yy 7).

QnC =

resultis go = 7

4.4.2 Panel Data

Panel data consist of observations on individuals at each of several discrete points in
time. Thus, there are two or more observations of each individual. The observations
of the same individual at different times may be correlated, even if individuals are
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sampled independently. For example, there may be unobserved attributes of indi-
viduals that affect choice and remain constant over time. This section shows how to
carry out maximum-score and smoothed maximum-score estimation of the follow-
ing binary-response model for panel data:

i (4.37a)

, _[lif v =0
71 0 otherwise ’

where
Y =X,B+ Ui+ e (4.37b)

In this model, Yj; is the dependent variable corresponding to individual i at time ¢
(i=1,...,n; t = 1,...,T), Xj; is a vector of explanatory variables corresponding
to individual 7 at time #, B is a conformable vector of constant parameters, U; is an
unobserved random variable that is constant over time, and &;; is an unobserved ran-
dom variable that varies across both individuals and time. The random variable U;
represents unobserved, time-invariant attributes of individual i, whereas the random
variable ¢;; represents unobserved variables influencing choice that vary across both
individuals and time. It is typical in panel data to have observations of many indi-
viduals but at only a few points in time. Accordingly, asymptotics will be carried
out by assuming that n — oo but that 7 is fixed.

Heckman (1981a, b) discusses estimation of 8 in parametric models. Manski
(1987) has shown how the maximum-score method can be used to estimate 8 with-
out assuming that the distributions of U and ¢ belong to known, finite-dimensional
parametric families. Indeed, the maximum-score method places no restrictions on
the distribution of U and permits arbitrary serial dependence among the random
variables {¢;;:t = 1,...,T} for each i.

The estimator is most easily explained by assuming that 7 = 2. The generaliza-
tion to larger values of T is straightforward. Assume that for any i, ¢;; and ¢;» have
identical distributions conditional on (Xj;, U;;t = 1,2). Define W; = X;» — X;1 and
n; = €12 — &;1. Then it follows from (4.37b) that

=Y =WB+n. (4.38a)

Moreover, median (n;|W; = w) = 0 because ¢;; and &;; have the same distributions
conditional on (X;{, X;2). Now define

< 1if Y5 —-Y5 >0

. — i2 il

e { 0 otherwise ) (4.38b)

By comparing (4.38) with (4.1), it can be seen that 8 in the panel-data model could
be estimated by the maximum-score method if Y; were observable. But Y — Y1 =
2Y — 1 whenever Y # Yi1, so Y; is observable if Yj # Yi1. Consider, therefore, the
estimator of § that is obtained by solving the problem
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n
Illblﬁilll:n;ezg Sms,pan(b) = % IZI: (Yip — Yll)I(Wl/b > 0). (4.39)
The resulting estimator b, is the maximum-score estimator of 8 based on observa-
tions for which Yj» # Y;;. Therefore, arguments similar to those leading to Theo-
rem 4.4 can be used to obtain conditions under which b,, is consistent for 8 . The
result is given in the following theorem, which is proved in Manski (1987). Define
d = dim (W;) foreachi=1,...,n.

Theorem 4.9: Let model (4.37) hold. Let B be a compact subset ofRd. Let |B1] = 1.
Let by, solve problem (4.39). Then b, — B almost surely as n — o0 if the following
conditions hold:

(a) For each i, the random variables €;; and ¢jy are identically distributed condi-
tional on (Xj1, Xi2, U;). The support of the common distribution is (— 00, 00) for
all (Xi1, Xin, Uy).

(b) The support of the distribution of W; (i=1, ... ,n) is not contained in any proper
linear subspace of R4.

(c) For almost every w = (W?,....w%), the distribution of W' conditional on
(W2,..., W% = Wb has an everywhere positive density.

(d) The random vector {Yiy, Xir:t = 1,2} has the same distribution for each
i = 1,....,n. The data consist of an independent random sample from this
distribution. B

2

The second sentence of condition (a) in Theorem 4.9 ensures that the event Y;» #
Yi1 has nonzero probability. The other conditions are similar to the conditions of
Theorem 4.4 and are needed for reasons explained in Section 4.3.2.

Observe that Theorem 4.9 places no restrictions on the distribution of U;. In
particular, U; may be correlated with X;; and Xj». In this respect, the maximum-
score estimator for panel data is analogous to the so-called fixed-effects estimator
for a linear, mean-regression model for panel data. As in the fixed-effects model, a
component of B is identified only if the corresponding component of X;» — X;; #0
with nonzero probability. Thus, any intercept component of 8 is not identified. Sim-
ilarly, components of B corresponding to explanatory variables that are constant
over time within individuals are not identified. As in the linear model, the effects
of explanatory variables that are constant over time cannot be separated from the
effects of the individual effect U; under the assumptions of Theorem 4.9.

To extend the maximum-score estimator to panels with 7 >2, define
Wi =Xir — Xir (t,¥ = 2,...,T). Then B can be estimated consistently by solving

1L &
maximize : — Yo — Y O(W. b > 0).
|by|=1,beB nggg( i i)l (W;;.b = 0)

See Charlier et al. (1995).

The panel-data maximum-score estimator, like the forms of the maximum-
score estimator that are discussed in Sections 4.3.3 and 4.4.1, has a discontinuous
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objective function that can be smoothed. The smoothed estimator solves

n T /
Wb
maximize - Sons, pp(b) = ZZZ% ,r>K( . ) (4.40)

i:l =2 r<t

where K is the integral of a kernel function and {%,} is a sequence of bandwidths.
To analyze this estimator, let 8 denote the vector consisting of all components of
B except the first. Let b, denote the resulting estimator of A. Charlier (1994) and
Charlier et al. (1995) use Taylor-series methods like those used to prove Theorem
4.5 to show that b, is asymptotically normally distributed after centering and nor-
malization. To state the result, define Wlltr to be the first component of Wj;,- and Wi
to be the vector consisting of all components of Wj;- except the first. Let s > 2 be

an integer. Also define Z;, = W/,,.8,

App = —2a Z > Z A = EF VOO W Ye # 1)
=2 r<t j= 1
PO OIW.4 Y, # YOIV, # VP, # Yy,
T
Dpp=apy Y EIW,WrupO|W.Y, # Y)Y # YIP(Y; # Yy,
=2 r<t

and

T
Qrp=2) ) EWuWryFOOI0.W. Y, # Yr)

=2 r<t
pOIW.., Y, # YIY, # Y IP(Y, # Y)).

Make the following assumptions:

PD1: For each i, the random variables ¢;; (r=1,...,T) are identically dis-
tributed conditional on (Xji,...,X;7,U;). The support of the common dis-
tribution is ( — 0o, 00) for all (X;y, . ... Xi7,U)).

PD2:Forallr=1,...,Tandr = 1,...,t — 1 the support of Wy, (i = 1,...,n)
is not contained in any proper linear subspace of R,

PD3: Forallt = 1,...,T and r = 1,...,t — land almost every wy,, the distri-
bution of W1 condmonal on Wztr = wy, has everywhere positive density.

PD4: The random vector {Y;,X;;:t = 1,...,T} has the same distribution for
each i = 1,...,n. The data consist of an independent random sample from
this distribution.

PDS5: ,5 = (B2, ...,Bq4)is an interior point of a compact subset Bof R4-1

PD6: The components of W are bounded.

PD7: (a) K is twice differentiable everywhere, |K’| and |K”| are uniformly
bounded, and each of the following integrals is finite:
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o0 o0 o0
/ K (v)*dv, / K" (v)*dv, / W2 K" (v)|dv.
—00 —00 —00

(b) For some integer s > 2 and each integer j (1 <j <)

o0 . .
/ VK (n)dv = {Ol.ff =5
oo finite if j = s

(c) For each integer j between 0 and s, any 1 > 0, and any positive sequence
{h,} converging to 0

lim 7/~ 2/ WK (v)|dv =0
=00 [rnv|>n

and

lim h; / K" (v)|dv = 0
n—oo [hpv|>n

PDS: For each integer j such that 1 < j < s — 1, all z in a neighborhood of
0, almost every wys, yr # ys, and some M < 00, p(’ GorlW.r = Warye # ¥7)
exists and is a continuous function of z,, satisfying |p" (2| W = wyryr #
yr)| < Mfor all z;,. In addition

|P(Ztr,ka|Wtr = Wtr,WJcm = Wim:Yt # YrYk Z Ym)| <M

for all (z;r,24,) and almost every (Wy-,Wey), V¢ 7 Vi, and yi 7 Y-
PD9: For each integer j such that 1 <j < s, all z in a neighborhood of 0, almost
every Wy, yy # yr, and some M < oo, FO(— Zur| ZerWirsy: 7 yr) €Xists and is
a continuous function of z;, satisfying [FO(= 24 247 Wi, Ve Z V)| <M.
PD10: The matrix Qpp is negative definite.

These assumptions are analogous to the ones made in Theorem 4.5. The follow-
ing theorem is proved in Charlier (1994).

Theorem 4.10: Let model (4.37) and assumptions PD1-PD10 hold for some s > 2.
Assume that nhis'H = X for some finite A > 0. Let b, solve problem (4.40). Then
b, — B almost surely as n — oo, and

~ ~ d _ _ _
()2 (b — B) S N(— 21205 App, 05 DepQp)).

Let Q be a nonstochastic, positive-semidefinite matrix such that A})DQ;DIQ
Q;lgA pp 7# 0. Let E4 denote the expectation with respect to the asymptotic distribu-
tion of (nhy)'/%(b, — B) and let MSE = Ex(b, — B) Qb — B). MSE is minimized
by setting . = A*, where
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—lon-1
\x _ frace (Qpp20ppDrp) -

25AppQppR0ppArD

The quantities App, Dpp, and Qpp can be estimated consistently as follows. Define

W; W b
ais(b, h) = K( it )(Y,, Yis).

n

Let {A;} be a sequence of positive numbers satisfying /A o n=%/s+D " where
0<§ < 1. Then App, Dpp, and Qpp, respectively, are estimated consistently by

= e S Wk (M) - v,

i=1 1=2 s<t

b
Dn,PD = 7}1 Z Z Z aits(by, hn)aiss(by, hn)/,

=1 =2 s<t

and

azssms PD(bn)
abab’

As in smoothed maximum-score estimation based on cross-sectional data, an
asymptotically unbiased smoothed maximum-score estimator of 8 for panel data is
given by

On pp =

B s/(2s+1)
b = b, <n> Q;})DAn,PD.

The asymptotically optimal value of X is given by (4.31) but with A, D, and Q
replaced with App, Dpp, and Qpp. Tests of hypotheses about 8 can be carried out
by replacing A,, D,, and Q,, with A, pp, D, pp, and Q, pp in the formulae for the
random-sample 7 and x? statistics.

4.4.3 Ordered-Response Models
An ordered-response model is a modification of the binary-response model in which

the dependent variable Y takes more than two discrete values. The most frequently
used form of this model is

Y=Iap_1 <Y <ap),m=1,...,M, (4.41a)
where

Y*=Xp+U, (4.41b)
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oy, (m=0,---, M) are constants, —00 = g < @] < --- < Ay_] < oy = 00, Y
is the dependent variable, X is a vector of explanatory variables, 8 is a conformable
vector of constant parameters, and Y* and U are unobserved random variables. The
constants «,, may be known or unknown to the analyst.

Assume for the moment that the o, are known. Consider the problem of esti-
mating B from a random sample of (Y, X). If the distribution of U is known up to a
finite-dimensional parameter, then 8 can be estimated by maximum likelihood. See,
for example, Davidson and MacKinnon (1993). Kooreman and Melenberg (1989)
and Lee (1992) have developed versions of the maximum-score estimator that per-
mit estimation of 8 without assuming that the distribution of Y belongs to a known,
finite-dimensional parametric family.

To describe the semiparametric estimator, assume that median (U|X = x) = 0
for almost every x. Define the random variable W by

M—1
W= Z I(Y* > ap).
m=0
Note that W is observed by virtue of (4.41a). In addition, median (U|X = x) = 0
implies that median (Y*|X = x) = x'B. Therefore, it follows from (4.41a) that

M—1
median (WX =x) = Y I(/B > o). (4.42)
m=0

Let the data, {¥;,X;:i = 1,...,n} be arandom sample of (Y, X). Consider, the mod-
ified maximum-score estimator of 8 that is obtained by solving the problem

1 n M—1
maximize : $,, op(b) = ~ D OIWi = > T IXb > ), (4.43)
€ n
i=1 m=0

where B is the parameter set. Let b, be the resulting estimator. Observe that because
of (4.42), b, amounts to a median-regression estimator of 8. Consistency of this
estimator is established in the following theorem, which is proved in Kooreman and
Melenberg (1989).

Theorem 4.11: Let model (4.41) hold with median (U|X = x) = 0 for all x in the
support of X. Assume that B is a compact subset of R%. Let b, solve problem (4.43).
Then b, — B almost surely as n — oo if

(a) {Yi, Xi:i=1,...,n}is arandom sample from the distribution of (Y ,X).

(b) The support of the distribution of X is not contained in any proper linear sub-
space of R4

(c) The first component of B is nonzero. For almost every X = (x%, ... x%) the dis-
tribution of X' conditional on X = X has an everywhere positive density.

(d) The bounds {m =0, ..., M} are known constants, and M > 2. B
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These assumptions are similar to those of Theorem 4.4. The main difference is
that the ordered-response model does not require a scale normalization for 8. This
is because levels of Y* are observable in the ordered-response model. In contrast,
only the sign of Y* is observable in the binary-response model.

Lee (1992) showed that the maximum-score estimator for an ordered-response
model can be extended to the case of unknown «,,s by normalizing the absolute
value of the first component of § to be 1, normalizing oy =0, and minimizing
the right-hand side of (4.42) with respect to o, (m=1,..., M — 1) as well as B.
Melenberg and van Soest (1996) have derived a smoothed version of the ordered-
response maximum-score estimator with unknown «;,s. This estimator is obtained
by replacing the indicator function /(X/b > a,,) on the right-hand side of (4.42) with
the smooth function K [(leb — ap)/h,], where {h,} is a sequence of bandwidths.
Define W;,, = I(Y; > a,). Then the smoothed estimator solves

.. b —ay
jmaximize : Sysor(b, @)= lemzl (2Wim — DK (h—)
Melenberg and van Soest provide informal arguments showing that the centered,
normalized, smoothed maximum-score estimator of ,3 and the «,,’s for ordered-
response models is asymptotically normally distributed under regularity conditions

similar to those of Theorem 4.5.

To state the result of Melenberg and van Soest, define Z,, = X'B — ay.
Assume that «; = 0 to achieve location normalization, and let & be the vector
(a2, ..., apm—1). Let a, be the smoothed maximum-score estimator of &. Let X
denote the vector consisting of all components of X except the first, and let p,,( - |x)
denote the probability density function of Z,, conditional on X = . Let F( - |z,%)
denote the CDF of U conditional on Z = z and X = %. Define X,, = (X, — d,,
where d, = 0ifm = 1,d,, = (0,...,1,0,...,0) if 2 <m < M — 1, and 1 is the
(m — 1)’th component of the vector. Then define the matrix Apr by

M—1
Aor = Z Am,
m=1
where

N 1 . B . o
- _ ) (s=))
An = 204 1 {j!(s_j)!E[F 0[0, X)ps (O|X)Xm]},
J=

and s > 2 is an integer. Also define

Dor = Z Dy, + Z ZDmlw

m=1 m=1 k#m
where form,k=1,... M — 1
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Dy, = apE[XX'p,(01X)],
Dk = apE{[Pui(110, X) — Ppu(010, X)1XiX,,pm(01X)pr(01X)},
Pui(110.%) = P(Yin = Yig|Zn = 0,Z, = 0,5),

and
Pui( = 110,%) = P(Yim # Yit|Zm = 0,Zs = 0, %).

Finally, define

M—1
Qor = Z Oms»
m=1

where
Om = 2E[XuX;, FV(00, X)pm(01X)].

Melenberg and van Soest (1996) provide informal arguments showing that if
nh,%s‘Irl — X for some s > 2, then under regularity conditions similar to those of
Theorem 4.5, the ordered-response smoothed maximum-score estimator satisfies

71~/ PIINA — _ _
() 21D, — (B.6&)1 = N(— 220 pAor.QppDorOpp)-

Aors Dor, and Qopr can be estimated consistently by replacing the derivatives of
the summand of Sy, with the derivatives of the summand of S, sor in the formulae
for A,, D;, and Q, in smoothed maximum-score estimation of a binary-response
model.

4.5 Other Estimators for Heteroskedastic
Binary-Response Models

The maximum-score and smoothed maximum-score estimators are consistent and,
in the case of the smoothed maximum-score estimator, asymptotically normal
under weak assumptions. But these assumptions do not permit identification of
P(Y =1|X=x), and the estimator of 8 has a rate of convergence that is slower
than n~!'/2. Estimation of P(Y = 1|X = x) and n~!/?-consistency are possible
under stronger assumptions. Lewbel (2000) considered estimation of § in the model
Y =I(Z+ X'B + U > 0) where Z is an observed scalar covariate, X is a possibly
vector-valued observed covariate, and U is an unobserved random variable that has
mean 0 and is uncorrelated with X. Lewbel (2000) allows U to have heteroskedastic-
ity of unknown form but requires U to be independent of Z conditional on X. Thus, Z
is a “special regressor” in Lewbel’s formulation. In the case of a random-coefficients
model, the independence assumption implies that the coefficient of Z is known to be
nonstochastic. This happens, for example, in applications where the values of Z are



132 4 Binary-Response Models

chosen through an experimental design that makes Z independent of (X, U). Lewbel
presents an estimator of A that is n~!/?-consistent and asymptotically normal under
his independence assumption and other regularity conditions. Lewbel also describes
an extension to ordered-response models.

Chen and Khan (2003) considered estimation of 8 in an ordered-response model
consisting of (4.41a) and

Y*=XB+oX)U,

where o is an unknown function and U is an unobserved random variable that is
independent of X and has mean 0. This form of heteroskedasticity precludes ran-
dom coefficients but is used frequently in statistics. Chen and Khan (2003) develop
an estimator of A for this model and show that it is n~!/?-consistent and asymp-
totically normal if the number of response categories is at least 3. They prove that
n~1/2_consistency is not possible if there are only two response categories (binary
response).

4.6 An Empirical Example

This section presents an empirical example that illustrates the use of the smoothed
maximum-score estimator for a binary-response model. The example is taken from
Horowitz (1993a) and consists of estimating a model of the choice between auto-
mobile and transit for the trip to work. The data consist of 842 observations of work
trips that were sampled randomly from the Washington, D.C., area transportation
study. The dependent variable is 1 if automobile was used for the trip and O if tran-
sit was used. The independent variables are an intercept (INT), the number of cars
owned by the traveler’s household (CARS), transit out-of-vehicle travel time minus
automobile out-of-vehicle travel time (DOVTT), transit in-vehicle travel time minus
automobile in-vehicle travel time (DIVTT), and transit fare minus automobile travel
cost (DCOST). DOVTT and DIVTT are in units of minutes, and DCOST is in units
of dollars. Scale normalization is achieved by setting Spcost = 1.

The model is specified as in (4.1). The coefficients were estimated by parametric
maximum likelihood using a binary probit model and the smoothed maximum-score
estimator. In smoothed maximum-score estimation, K was the standard normal dis-
tribution function. The smoothed maximum-score estimates are bias corrected.

The estimation results are shown in Table 4.2. The quantities in parentheses are
the half-widths of nominal 90% confidence intervals. For the binary probit model,
these were obtained using standard asymptotic distribution theory. For the smoothed
maximum-score estimator, the confidence intervals were obtained using the boot-
strap method described in Section 4.3.3. The resulting 1 — « confidence interval for
the j th component of Bis

o 12
=B =by+ ZZ/ZVn'/ ;
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Table 4.2 Estimated parameters of a work-trip mode-choice model

Estimator INT CARS DOVTT DIVTT

Probit —0.628 1.280 0.034 0.006
(0.382) (0.422) (0.024) (0.006)

Smooth. max. score —1.576 2.242 0.027 0.014
(0.766) (0.749) (0.031) (0.009)

Source: Horowitz (1993a). The coefficient of DCOST is 1 by scale normalization.

where 7, , is thel — /2 quantile of the distribution of the bootstrap  statistic, *.
Half-widths of confidence intervals, rather than standard errors, are used to indi-
cate estimation precision. This is because the bootstrap provides a higher-order
approximation to the distribution of the smoothed maximum-score estimator, and
the higher-order approximation is nonnormal.

The estimates of the components of 8 obtained by the two estimation methods
differ by up to a factor of 2.5, depending on the component. Thus, the different
methods yield very different results. The smoothed maximum-score estimates indi-
cate much greater sensitivity of choice to CARS and DIVTT relative to DCOST than
do the probit estimates. The half-widths of the confidence intervals for nonintercept
coefficients are largest for the smoothed maximum-score estimates and narrowest
for the probit estimates. This is consistent with the relative rates of convergence of
the two estimators, which are n~2/ for the smoothed maximum-score estimator and
n~1/2 for the probit model.

The coefficient of CARS is statistically significantly different from O at the 0.10
level according to both estimation methods. That is, the 90% confidence intervals
for Bcars do not contain 0. However, the smoothed maximum-score estimates yield
inferences about Spoyrr and Bpryrr that are different from those obtained from
the probit model. The smoothed maximum-score method gives a smaller point esti-
mate of Bpoyrr and a larger point estimate of Bp;yrr than does the probit model.
In addition, Bpovrr is not significantly different from O at the 0.10 level and Bpvrr
is significantly different from O according to the smoothed maximum-score esti-
mates, whereas the opposite is the case according to the probit estimates. The
nonsignificance of the smoothed maximum-score estimate of Spoyrr does not nec-
essarily indicate that the true value of Bpoyrr is close to 0 because the smoothed
maximum-score estimate is relatively imprecise. However, the probit model is
nested in the model assumed by the smoothed maximum-score estimator. There-
fore, the differences between the probit and smoothed maximum-score estimates
suggest that the probit model is misspecified and that its estimates are misleading.

In fact the probit model is rejected by a variety of specification tests. These
include likelihood-ratio, Wald, and Lagrangian multiplier tests against a random-
coefficients probit model. Thus the differences between the probit and smoothed
maximum-score estimates reflect genuine features of the data-generation process,
not just random sampling errors.



Chapter 5
Statistical Inverse Problems

This chapter is concerned with estimation of a function g that is the solution to an
integral equation called a Fredholm equation of the first kind. The equation is named
after the Swedish mathematician Erik Ivar Fredholm and has the form

m(w) = / k(x, w)g(x)dx, 5.1

where m and k are functions that are either known or easily estimated. Deconvo-
lution and nonparametric instrumental-variables (IV) estimation are two important
classes of estimation problems in which the function being estimated is the solution
to an equation with the form of (5.1). Nonparametric density estimation is another
example (Hirdle and Linton 1994).

In deconvolution, one wants to estimate the probability density function of a
continuously distributed random variable U, but U is not observed. Instead, one
observes the random variable W = U + ¢, where ¢ is a random variable that is inde-
pendent of U. Such estimation problems are called deconvolution problems because
the distribution of the observed random variable W is the convolution of the dis-
tributions of U and ¢. Specifically, let fw, f., and fiy denote the probability density
functions of W, ¢, and U, respectively. Then

Fiv(w) = / £ — fp (. (5.2)

Equation (5.2) has the form (5.1) with m(w) = fw(w), k(x, w) = fe(w — x), and
g(x) = fu(x). Deconvolution problems arise, among other places, in models of mea-
surement error. For example, suppose W is the measured value of a variable, U is the
true value, and ¢ is the measurement error. If error-free measurement is not possible,
then estimating the distribution of the true variable U is a problem in deconvolution.
Section 5.1 shows how to solve this problem.

Deconvolution problems also arise in mean-regression models for panel data. For
example, consider the model

Yit:X/tﬂ+U/+8jt;j:1’ o,on t=1, ...,T. (5.3)
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In this model, Y}, is the observed value of the dependent variable Y for individual j at
time 7, Xj; is the observed value of a (possibly vector-valued) explanatory variable X
for individual j at time 7, and B is a vector of constant parameters. U; is the value of
an unobserved random variable U that varies across individuals but is constant over
time, and gj; is the value of an unobserved random variable ¢ that varies across both
individuals and time. Suppose one wants to estimate the probability distribution of
Yj; at time s > T conditional on observations of Y}, at times t < T and observations
or forecasts of Xj, for s > T. For example, Y;; may be the income of individual
J at time s, and one may want to estimate the probability that individual j’s future
income exceeds a specified value conditional on observations of this individual’s
past income and the values of the covariates. To solve this problem, it is necessary to
estimate the distributions of U and ¢, which is a deconvolution problem. Section 5.2
shows how to carry out deconvolution for the panel-data model (5.3).

In nonparametric IV estimation, the problem is to estimate the function g in the
model

Y =gX)+ U, EUIW =w) =0 (5.4)

for every w in support of the random variable W except, possibly, w values in a set
whose probability is zero. In (5.4), Y is the dependent variable, and X is an explana-
tory variable that may be endogenous. That is, we do not assume that E(U|X) = 0.
The random variable W is an instrument for X. If g were known to be a linear
function, say g(x) = Bo + B1x, then By and B could be estimated using IV meth-
ods that are described in introductory econometrics textbooks and widely used in
applied econometrics. Here, we assume that the functional form of g is unknown.
Let fx;w denote the probability density function of X conditional on W. Then (5.4)
implies that

E(Y|W = w) = / Few(, w)gCods.

Multiplying both sides of this equation by the probability density function of W
yields an equivalent equation that is more convenient for estimating g. This is

EY|W = w)fw(w) = / Jxw(x, w)g(x)dx, (5.5

where fx is the probability density function of (X, W) and fyy is the marginal den-
sity of W. Equation (5.5) has the form of (5.1) with m(w) = E(Y|W = w)fw(w)
and k(x, w) = fxw(x, w). Nonparametric IV estimation is discussed in Sections 5.3
and 5.4.

Equation (5.2) has a relatively simple analytic solution, whereas (5.5) does not,
except in special cases. This makes deconvolution problems easier to analyze than
problems in nonparametric IV estimation. Accordingly, deconvolution is discussed
first (Sections 5.1 and 5.2) followed by nonparametric IV estimation.
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5.1 Deconvolution in a Model of Measurement Error

This section is concerned with estimating the probability density function of the
random variable U in the model

W=U+e. (5.6)

The data, {W;:j =1, ..., n}, are arandom sample of observations of W. The sym-
bol j is used to index observations in this discussion because i is used later to denote
the imaginary number /—1. It is assumed that ¢ is independent of U and that & has
a known probability density function f;. In an application, knowledge of f; might
be obtained from a validation data set. A validation data set contains observations
of both U and W, thereby permitting estimation of the probability distribution of ¢.
Typically, the validation data set is much smaller than the full estimation data set
that contains observations of W but not U. Therefore, the validation data set is not a
substitute for the full estimation data set.

The procedure described here for estimating the distribution of U has two main
steps. The first is to express the density of U as a functional of the distributions of
W and ¢. Equation (5.2) does this, but it is not as convenient for estimation of the
density of U as is another equivalent relation that is described in the next paragraph.
The second step of the estimation procedure is to replace the unknown distribution
of W with a suitable sample analog.

To take the first estimation step, define Yy, ¥y, and ¥, respectively, to be the
characteristic functions of the distributions of W, U, and &. That is, ¥w(?) = Ee'™
where i = /—1. Yy and v, are defined similarly. Rao (1973) and Stuart and Ord
(1987) discuss characteristic functions and their properties. Assume that ¥.(7) # 0
for all finite, real . Then for any finite, real t, Yw(t) = Yy(r)¥:(r) (because U
and ¢ are assumed to be independent), and ¥y(t) = Yrw(r)/¥ (7). It follows from
the inversion formula for characteristic functions that

_ L o —iTu 1//VV(T)
Sfu(w) = 7 /_Ooe xS dr. (5.7)

Equation (5.7) provides the desired expression for fy; in terms of the distributions of
W and ¢. This completes the first estimation step.

The only unknown quantity on the right-hand side of (5.7) is ¥rw. Therefore, the
second estimation step consists of replacing yrw with a suitable sample analog. One
possibility is the empirical characteristic function of W. This is

1 <& ,
Yaw (1) = ;;exp T W)).

One could now consider replacing ¥y with ¥,y in (5.7). In general, however, the
resulting integral does not exist. This is because (5.7) assumes that the distribution of
W has a density so that {rw(7)/¥:(t) — 0as t — oo. But the empirical distribution



138 5 Statistical Inverse Problems

of Wis discrete and has no density. Consequently, ¥,,w(t)/¥.(t) need not converge
to 0 as T — oo. This problem can be solved by modifying or “regularizing” (5.7)
so as to ensure existence of the integral when vy is replaced by ¥,w. Recall that
(5.7) is a version of the integral equation (5.1). Regularization (that is, modifica-
tion of the original estimation problem to ensure that it has a solution) is always
needed in estimation based on (5.1) to ensure existence of a solution to (5.1) when
m and, possibly, k are replaced by sample analogs. The “amount” of regularization
decreases as n — 0o to achieve consistency of the estimator of fyy in (5.7) or g in
(5.1). In deconvolution, regularization can be carried out by convoluting the empir-
ical distribution of W with the distribution of a continuously distributed random
variable that becomes degenerate (a point mass at zero) as n — 0o. This amounts
to kernel smoothing of the empirical distribution of W. Other ways of carrying out
regularization are needed for nonparametric I'V. These are discussed in Section 5.3.

To carry out the smoothing, let ¥y be a bounded characteristic function whose
supportis [—1, 1]. Let ¢ be the random variable that has this characteristic function,
and let {v,} be a sequence of positive constants that converges to 0 as n — oo. The
idea of the smoothing procedure is to use the inversion formula for characteristic
functions to estimate the density of the random variable W + v,e. The resulting
smoothed (or regularized) estimator of fy;(u) is

_ L * —itu WHW(T)w{(VnT)
Sou(w) = 5o /_Ooe B dr. (5.8)

The integral in (5.8) exists because the integrand is O if |t| > 1/v,. If v, does not
converge to 0 too rapidly as n — oo, then f,,y7(u) is consistent for fyy(u). This is anal-
ogous to the situation in kernel nonparametric density estimation, where consistency
is achieved if the bandwidth converges to O at a rate that is not too fast.

The CDF of U, Fy, can be estimated by integrating f,,y. The estimator is

Four(u) = / Fu(uydu,
_Mn

where M,, — oo as n — 0.

5.1.1 Rate of Convergence of the Density Estimator

The asymptotic properties of f,,;y have been investigated by Carroll and Hall (1988),
Fan (1991a,b), and Stefanski and Carroll (1990, 1991), among others. The main
results concern the rate of convergence of f,y to fy, which is often very slow. Slow
convergence is unavoidable in deconvolution problems and is not an indication that
fau in (5.8) is unsatisfactory. This section states the formal results on the rates of
convergence of deconvolution estimators. Section 5.1.2 provides a heuristic expla-
nation of these results.
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To state the results, make the following assumptions.

DCI: fy has m bounded derivatives for some m > 0.

DC2: yr.(t) # O for all finite, real 7.

DC3: ¢ is real-valued, has support [ — 1, 1], is symmetrical about 0, and has
m + 2 bounded, integrable derivatives.

DC4: yrr(r) =14+ O0(x™)as T — 0.

Assumption DC1 is a smoothness condition. Assumption DC2 ensures that the
denominator of the integrand in (5.7) is nonzero. Assumptions DC3 and DC4 can
always be satisfied by making a suitable choice of ;.

The following theorems on the rate of convergence of f,yy are proved in Fan
(1991a). Fan (1991a) also investigates the rates of convergence of estimators of
derivatives of fy, but estimation of derivatives will not be discussed here.

Theorem 5.1: Let assumptions DC1-DC4 hold. Also assume that
We@llelPexp (tl”/y) = do (5.9)

as |t| — oo for positive constants fo, P1, ¥y, and do. Let v, =
4/y)V/Br(logn)~VP1. Then for any u,

Elfuu () — fu@)]* = O[(logm)~>"/P1]
as n — 0o. Moreover, if
el P exp (717/y) < d (5.10)
as |t| — oo for positive constants B and d> and if
P(le — x| < [xI*0) = Oflx] =] (5.11)

as |x| — oo for some ag satisfying 0 < a9 < 1 and a > 1 + «g, then no estimator
of fu(u) can converge faster than (logn) ™"/t in the sense that for every estimator

Suu(u)
Elf,u() — fuw)]* > d(logn)~2"/Bi

for somed > 0. &

The technical condition (5.11) holds if fo(x) = O(]x|™%) as |x] — oo for some
a > 1. Thus, (5.11) is a restriction on the thickness of the tails of f;.

Theorem 5.2: Let assumptions DCI1-DC4 hold. Also assume that

lye(Ollzl? > do (5.12)
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as |t| — oo for positive constants B and dy. Let v, = dn~V/P+BT £ some
d > 0. Then for any u,

Elfu(u) — fu)]? = O{n~2m/Rm+p)+11y

as n — oo. Moreover, if Y} denotes the jth derivative of Y and

i)y~ P| <a;j=0, 1, 2

as T — oo for positive constants d; (j = 0, 1, 2), then no estimator of fy(u) can
converge faster than n="™' PP+ in the sense that for every estimator f,y (1)

Elf,u(u) — fu)]?> > dn=2m/R2m+A)1+1]

for somed > 0. &

Similar results can be obtained regarding the rate of uniform convergence of f,,y
and the rate of convergence of the integrated mean-square error of ;. In particular,
under the assumptions of Theorem 5.1, sup,, |f,7(u) —fu/(u)| converges in probability
to O at the rate given by the theorem. Fan (1991a) also shows that F,yy is a consistent
estimator of Fyy if M, = O(n'/3) as n — o0o. Moreover, under the assumptions of
Theorem 5.1, F,yy(u) converges to Fy(u) at the same rate at which f;,;7(u) converges
to fy(u). Hall and Lahiri (2008) give conditions under which faster rates of conver-
gence of F,y are possible. Butucea and Tsybakov (2008) assume that ¥y and ¢
both have exponentially decreasing tails and give conditions under which f,,;; has
a faster than logarithmic rate of convergence. Butucea (2004) considers the case in
which ¥y has exponentially decreasing tails and 1/, has geometric tails.

Theorems 5.1 and 5.2 imply that f,,;y converges to fy at the fastest possible rate,
but that rate can be excruciatingly slow. Under the assumptions of Theorem 5.1,
the fastest possible rate of convergence of f,y is a power of (logn)~!. By con-
trast, parametric estimators usually converge at the rate n~!/2. Nonparametric mean-
regression estimators converge at the rate n=2/ 2t _where d is the dimension of
the explanatory variable and s is the number of times that the conditional mean
function and the density of the explanatory variables are differentiable. As will be
discussed further in Section 5.3, slow convergence is related to properties of the
function k in (5.1) and can also arise in nonparametric IV estimation.

Theorems 5.1 and 5.2 also imply that the rate of convergence of f,,;y is controlled
mainly by the thickness of the tails of the characteristic function of ¢. Conditions
(5.9) and (5.10) of Theorem 5.1 are satisfied by distributions whose characteris-
tic functions have tails that decrease exponentially fast. These include the normal,
Cauchy, and Type 1 extreme value distributions. The fastest possible rate of con-
vergence of f, is logarithmic when ¢ has one of these distributions. Theorem 5.2
shows that faster rates of convergence of f,;y are possible when the tails of the char-
acteristic function of e decrease only geometrically fast (e.g., a negative power of its



5.1 Deconvolution in a Model of Measurement Error 141

argument), as is assumed in condition (5.12). The Laplace and symmetrical gamma
distributions have this property.

5.1.2 Why Deconvolution Estimators Converge Slowly
This section provides a heuristic explanation of why the tail of v, has such a strong

influence on the rate of convergence of f,,;y and why the rate of convergence can be
very slow. To begin, write f,,;y — fy in the form

Sav) — fu(u) = Iy (w) + Lp(w),

where

In1(u) = % /OO o it [Ynw(T) _fv(l;()f)]w;(vnr)dr

and

Inpu) = 1 /OO it Yw ()P (vyT) — ww(f)dr
27 J—oo Ye(T)
- % _Z e Yy (O[We (vpT) — 1]dT
1 [ee]

e YT (veT)dT — fuu).

:g .

I,1(u) is a random variable that captures the effects of random sampling error in
estimating ¥rw. I,2(u) is a nonstochastic bias arising from the smoothing of the
empirical distribution of W. It is analogous to the bias caused by smoothing in non-
parametric density estimation and mean regression.

Now, ¥,w(t) — yw(t) = OP(n’l/z). Moreover, as v, — 0, the denominator
of the integral on the right-hand side of 7,1 («) will be smallest when |t| = 1/v,.
Therefore, the integral can be expected to converge as n — oo only if

1

PTCTATYTINT G

as n — oo. Note that (5.13) is only a necessary condition for convergence of the
integral. It is not sufficient in general because the relation ¥,y (t) — Yw(r) =
0p(n’1/ 2y does not hold uniformly over 7. The exact rate of convergence of 1,1 (u)
can be obtained by calculating its variance and applying Chebyshev’s inequality.
This more elaborate calculation is not needed, however, for the heuristic argument
that is made here.

Now consider /,,5(u). Observe that ¥y (7)) (v,7) is the characteristic function
evaluated at 7 of the random variable U + v,¢. Therefore,
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Ina ) = / Fultt — va2)fe (= — furtu), (5.14)

where f; is the probability density function of ¢. By assumption DC3, v, is real,
which implies that f; is symmetrical about 0 and E(¢) = 0. Therefore, a Taylor-
series expansion of the integrand of (5.14) gives

_ l 201 2 2
Inp(u) = zvnfu(u)cr( + o(vy), (5.15)

where 02 denotes the variance of ¢.

Suppose that ¢ is normally distributed with mean 0. Then ¥, () o exp (-at?)
for some constant a > 0. Moreover, (5.13) implies that n1/2 exp (a/ v,%) — Oor
a/ v,zl —(1/2)logn — —oo as n — oo. This relation can hold only if v, converges
to 0 no faster than (log n)~ 2. But Lp(u) = 0(1),%), so I;p(u) converges to 0 most
rapidly when the rate of convergence of v, is the fastest possible. Therefore, the
fastest possible rate of convergence of I,5(u) is (logn)~!. Since f,,;y(u) can converge
to fy(u) no faster than I,»(u), the fastest possible rate of convergence of f,y(u) is

(logm)~".
This heuristic result can be compared with the conclusions of Theorem 5.1. In
the notation of that theorem, 81 = 1. If it is assumed that the unknown f; belongs

to a class of twice-differentiable densities (m = 2), then the fastest possible rate of
convergence of f,7(u) according to Theorem 5.1 is (logn)~!, and this occurs when
v o (logn)~1/2. Thus, the heuristic analysis of the previous paragraph is consistent
with the conclusions of the theorem.

Now suppose that the tails of ¥ converge to 0 at a geometric rate so that . (t)
7|8 for some B > 0. Then (5.13) implies that n~ /21, ¥ — 0 as n — oo, which
permits a geometric rate of convergence of v, and, therefore, of f;,;y(«). This result
is consistent with the conclusions of Theorem 5.2.

The rate of convergence n~>"/[20m+A)+11 that is given by Theorem 5.2 is obtained
by equating the rates of convergence of the variance and squared bias of f,,y(U).
An argument that is more precise than the heuristic one made here shows that
Var[l,1(w)] = Oo[n v, @28 +1)] when m = 2. This is larger than the left-hand
side of (5.13), which is not surprising because, as has already been explained,
(5.13) is only necessary for convergence of I,»(x) to 0, not sufficient. Setting
Oo[n~! vn_(zﬁH)] = (vﬁ) yields v, = O[n~V/2B+5)]. With this rate of convergence
of v,, Var[l,1 ()] and 1,12(14)2 are both O[n_4/ (2ﬂ+5)], which is the rate given by
Theorem 5.2 form = 2.

When m > 2, convergence of f,,;y(u) can be accelerated by replacing i, with the
Fourier transform of a higher-order kernel. This causes f; on the right-hand side of
(5.15) to be replaced by the higher-order kernel. Taylor-series arguments similar to
those made in nonparametric density estimation then show that [,,o(«) = O(V)"). As
in nonparametric density estimation, existence of higher-order derivatives and use
of a higher-order kernel accelerates convergence of f;,;;(u) by accelerating the rate
of convergence of the bias for any given bandwidth sequence.
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5.1.3 Asymptotic Normality of the Density Estimator

Asymptotic normality of the standardized form of f;,(#) can be proved by showing
that it satisfies the conditions of a triangular-array central limit theorem. See Serfling
(1980) for a discussion of triangular-array central limit theorems. Fan (1991b) has
proved that if v, = o{n~!/2"+*A+11} then under the assumptions of Theorem 5.2,

Sav() = fu(u) a
W—)N(O, 1). (5.16)

Obtaining asymptotic normality when the tails of v, decrease exponentially fast
requires strengthening the conditions of Theorem 5.1. The required conditions are
stated in the following theorem.

Theorem 5.3: Let assumptions DC1-DC4 hold. Also assume that

(a) There are positive constants Po, B1, ¥, dp, and d; such that di > |V.(7)|
it exp (71P1/y) > do

(b) As |t| — oo, either Re[y:(7)] = o{lm[e(7)]} or Im[y:(7)] = o{Re[ve(7)]}.

(¢) Y (T) has m + 2 continuous derivatives. Moreover, Y. (t) > d3(1 — 7)m+3 for
t e[l -4, 1)and somed; > 0andé§ > 0.

Let v, o (logn)™'/P1. Then (5.16) holds.

To use (5.16) for inference, it is necessary to have an estimator of Var[f,y(1)]. To
this end, for any real w, define

L @
g”(w)_znf et

1 u—W;
an = \}_gn » .
n n

Fan (1991b) shows that Var[n!/ 2f,,U(u)] is estimated consistently by

and

n

1
$2 = - Zy; (5.17)
j=1

in the sense that sﬁ / Var[nl/ 2f,,U(u)] L1 Let sp be the positive square root of 5,21.
Then (5.16) and (5.17) may be combined to give

n P —fo@l 4 oy (5.18)

Sn
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Equation (5.18) can be used in the usual way to form confidence intervals for and
test hypotheses about fy(u). For example, an asymptotic 100(1 — «)% confidence
interval for fy(u) is

Jav@) = zayon™ sy < fuu) < fuu@) + zapon™ s, (5.19)

Because of the slow rates of convergence of deconvolution density estimators,

the true coverage probability of the confidence interval (5.19) may be very different

from the nominal coverage probability of (1 — «) unless n is very large. Therefore,
(5.19) must be used with caution.

5.1.4 A Monte Carlo Experiment

Because the rate of convergence of f,y under the assumptions of Theorem 5.1 is
very slow, it useful to investigate whether f,,;y can provide useful information about
fv under these assumptions and with samples of the sizes likely to be encountered in
applications. Such an investigation can be carried out through Monte Carlo experi-
mentation. This section reports the results of one such experiment.

Data for the experiment were generated by simulation from model (5.6). The
sample size is n = 1000. The distributions of U and ¢ are both N(0, 1), so Theorem
5.1 applies. If it is assumed that m = 2, then the fastest possible rate of conver-
gence in probability of £,y is (logn)~!. The smoothing function Y is the fourfold
convolution of the uniform density with itself. This is the characteristic function
of the density c[( sinx)/x]*, where ¢ is a normalization constant. The smoothing
parameter v, was chosen by Monte Carlo to approximately minimize the integrated
mean-square error of f,,y. Of course, this method is not available in applications. It
is possible, however, to construct a resampling method that is available in applica-
tions and that mimics the Monte Carlo procedure. The method consists of generating
samples of size m < n by sampling the estimation data randomly without replace-
ment. Each data set created this way is a random sample from the true population
distribution of W. By treating f,,;y based on a preliminary value of v, as if it were the
true fy, one can find the value of v, that minimizes the integrated mean-square error
of f,uu as an estimator of f,,y. The resulting v, can be rescaled to apply to a sample
of size n by setting v, = [r(m)/r(n)]v,,, where r(n) is the rate of convergence of v,
given by Theorem 5.1 or 5.2.

There were 100 Monte Carlo replications in the experiment. Each replication
consisted of computing f,,y(u) at 25 different values of u. The Monte Carlo esti-
mates of f,y are summarized in Fig. 5.1. The left-hand panel of the figure shows
the true fyy (dashed line) and the average of 100 estimates f,,7 (solid line). The right-
hand panel shows the true fyy (dashed line) and 10 individual realizations of f,y
(solid lines). It can be seen that although the estimates are flatter than the true fy,
their shapes are qualitatively similar to the shape of the true fyy on average and, in
most cases, individually. Thus, at least for the distributions used in this experiment,
fau 1s a useful estimator of fyy despite its slow rate of convergence.
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Fig. 5.1 Results of Monte Carlo experiment with deconvolution

5.2 Models for Panel Data

This section is concerned with estimating the probability density functions fy and
fe of the random variables U and ¢ in model (5.3). Although fiy and f; by them-
selves are rarely of interest in applications, knowledge of these densities is needed
to compute certain quantities that are of interest, such as transition probabilities and
first-passage times.

To illustrate, consider first-passage times. The first-passage time for individual j
in model (5.3) is the smallest ¢ for which Yj; exceeds a specified threshold, say y*.
Suppose one is interested in the first-passage time conditional on the initial value of
Y for individual j, Y}1, and the values of covariates Xj;. For example, if Yj; is earnings
of individual j in year ¢, the first-passage time conditional on Y} and the covariates
might be the earliest year in which an individual whose earnings are currently low
according to some criterion becomes a high earner. X might represent characteristics
of the individual such as age, education, and experience in the labor force.

Given an integer & > T, let P(f]y;, y*x) denote the probability that the first-
passage time for threshold y* and individual j exceeds 6 conditional on Yj; = y|
and Xj; =x,(t=1, ..., 0). Then

P@ly1, y*, x) = P(Yp <Y*, ..., Yjo <Y"1Yj1 =y1, Xji =x1, ..., Xjp = xp).
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To obtain a formula for P(6|y1, y*, x), let fyy denote the probability density func-
tion of the random variable W = U + ¢, and let F, denote the CDF of ¢. If U is
independent of ¢ and X and if ¢j, is independently and identically distributed for all
Jj and t, then some algebra shows that

P 9 * 1 * / ’ F * / d
Oy 9= [ i —p) [ 70" = 5= foe

(5.20)
It can be seen from (5.20) that P(6]y;, y*, x) depends on both fy and f;. Thus,
estimation of these densities is needed to estimate the probability distribution of
first-passage times.

In this discussion, the data used to estimate fyy and f; are assumed to consist
of T observations on each of n randomly sampled individuals. Thus, the data have
the form {Yj, X;; : j =1, ..., n; t =1, ....,T}. Typically in panel data, the
number of sampled individuals is large but the number of observations per individual
is not. Thus, asymptotic results will be developed under the assumption that n — oo
while 7 stays fixed. It will be assumed that U is independent of ¢ and X. It will also
be assumed that the distribution of ¢j; is symmetrical about 0 for each j and ¢ and
that ¢j; is independently and identically distributed for all j and 7. Horowitz and
Markatou (1996) and Horowitz (1998) show how to relax the assumption that ¢j; is
symmetrically, independently, and identically distributed.

5.2.1 Estimating fy and f;

This section explains how to estimate fi; and f, nonparametrically. The asymptotic
properties of the estimators are discussed in Section 5.2.2.

To begin, let b, be a n~'/?-consistent estimator of 8 in (5.3), possibly one
of the least-squares estimators described by Hsiao (1986), among others. Let
Wye G =1, ..., n; t =1, ...,T) denote the residuals from the estimate of
(5.3). That is

Whjr = Yjr — b;th- 5.21)

In addition, let ny; (j = 1, ..., n; t = 2, ...,T) denote the residuals from the
estimate of the differenced model for Yj; — ¥;;. That is

Mnje = (Yje — Y1) — by (Xje — Xj1). (5.22)

Observe that as n — oo while T remains fixed, Wy;; converges in distribution to
W = U + ¢ and n,j; converges in distribution to the random variable n that is
distributed as the difference between two independent realizations of ¢. Thus, the
estimation data {Yj;, Xj,} provide estimates of random variables that are distributed
as W and 7. The data do not provide estimates of U and . However, the distribution
of W is the convolution of the distributions of U and &, whereas the distribution of
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n is the convolution of the distribution of & with itself. Thus, estimation of f;; and f;
are problems in deconvolution.

The deconvolution problems involved in estimating fyy and f; are different from
the one discussed in Section 5.1. Section 5.1 considered a problem in which the
distribution of the observed random variable W is the convolution of U and another
random variable whose distribution is known. In (5.3), however, the distribution
of W is the convolution of the distribution of U with the distribution of a random
variable ¢ whose distribution is unknown. The distribution of the observed random
variable 7 is the convolution of the unknown distribution of ¢ with itself. Despite
these differences, the approach to solving the deconvolution problems presented by
(5.3) is similar to the approach used in Section 5.1, and the resulting estimators have
the same slow rates of convergence.

To obtain estimators of fy and f¢, let ¥rw and ), respectively, denote the charac-
teristic functions of W and . Let ¥y and v, denote the characteristic functions of
U and €. Then for any real t

Yw(t) = Yu(0)Ye(r)

and

Y(T) = [Ye(0)]°.

Because f; is assumed to be symmetrical about 0, 1 is real-valued. Also assume,
as in Section 5.1, that 1, (t) # O for all finite 7. This implies that ¥.(7) > O for all
finite T because ¥, is a continuous function and 1.(0) = 1. Therefore,

Ye(t) = Yy(0)'/?
and

Yw(t)

Yu(r) = W,

where both square roots are positive. It follows from the inversion formula for char-
acteristic functions that for any real z,

L s 1/2
fs(Z)ZE/ e "y () odr (5.23)

—00

and

_ 1 o —iTu 1/IVV(T)
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The unknown characteristic functions yrw and v, can be estimated by

1 n T
Yaw(@) = —3 > exp (TWy)

j=1 =1
for Yy and

n T

1
V(™) = s DO exp (iTnu)

j=1 =2

for ¥r,;. As in Section 5.1, however, f; and fy cannot be estimated by simply substi-
tuting Y¥w and v, with ¥, and ¥, in (5.23) and (5.24), respectively, because the
resulting integrals do not exist in general. Also as in Section 5.1, this problem can be
solved by a regularization procedure that is the Fourier-transform analog of kernel
smoothing. To this end, let £ be a random variable whose characteristic function v,
has support [ — 1, 1] and satisfies other conditions that are stated below. Let {v,,;}
and {v,y} be sequences of positive bandwidths that converge to 0 as n — oo. The
smoothed estimators of f; and fy; are

1 o0 .
fue@) = / e W (O1 2P (Ve T)dT (5.25)
and
_ LT i Ynw (@Y (v )
fav) = 5 /_Ooe e dt. (5.26)

5.2.2 Large Sample Properties of f,. and f,y

The consistency and rates of convergence of f,,. and f,;y have been investigated by
Horowitz and Markatou (1996). The results are summarized in this section. It is
also shown that the centered, normalized estimators are asymptotically normally
distributed.

Make the following assumptions.

P1: The distributions of & and U are continuous and f; is symmetrical about 0.
Moreover, f; and fyy are everywhere twice continuously differentiable with
uniformly bounded derivatives, and ¥.(t) > 0 for all finite 7.

P2: The distribution of X has bounded support.

P3: The estimator b,, satisfies nl/z(bn —B) = Op(1).

P4: Define Ape = (logn)/[n">Y(1/vpe)?]  and By =
1/ (nY/2v,, Ye(l/ vng)z]. Define A,y and B,y by replacing v,. with
vuu and Y with ¥,y in Ay and Bye. Asn — 00, vye — 0, vy — 0,
Bue/vne = 0, Bpu/vau —> 0, Ape /vne = O(1), and A,y /vay = O(1).
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Assumption P1 ensures, among other things, that f; and f; are identified. Exam-
ples of distributions with strictly positive characteristic functions are the normal,
Cauchy, and scale mixtures of these. Symmetry is not required for identification,
however, as is explained in Horowitz and Markatou (1996) and Horowitz (1998).
Assumption P2 is made to avoid technical complications that arise when X has
unbounded support. This assumption can always be satisfied by dropping obser-
vations with very large values of X. Assumption P3 insures that random sampling
errors in the estimator of 8 are asymptotically negligible. All commonly used esti-
mators of B satisfy this assumption. Finally, assumption P4 restricts the rates at
which v,; and v,y converge to 0.

The following theorem establishes uniform consistency of f,,, and f,yy.

Theorem 5.4: Let vy be a bounded, real characteristic function with support
[—1, 1]. If Yrcis twice differentiable in a neighborhood of 0 and assumptions P1-P4
hold, then as n — oo

SUp [fe (2) — (2| = Op(v2) + Op(Bue /Vne) + 0p(Ane /Vne)

and

sup [ () — fuw)| = 0p(v21) + Op(Buy /vav) + 0p(Any /var). B

The proof of this theorem is given in Horowitz and Markatou (1996). The the-
orem can be explained heuristically by using arguments similar to those used to
explain Theorems 5.1 and 5.2. Consider f,y. Define ¥, = |1ﬁm7|1/ 2 The only dif-
ference between (5.7) and (5.26) is that the denominator of the integrand of (5.26)
is an estimator of i, instead of the true v.. Therefore, to obtain the conclusion of
Theorem (5.4) for f,y, it suffices to show that if assumptions P1-P4 hold, then an
asymptotically negligible error is made by replacing v, with ¥, in (5.26). By using
an extension of the delta method, it can be shown that

wnn(f) - Wn(f)

[Vne () — Ve (D) = Ye(7) [ (@)

] [(1/2) + op(1)] (5.27)

and
o (%) 1o, <1/+) . 69
IT1<1/vav n n VaU

See Horowitz and Markatou (1996) for details. Substituting (5.28) into (5.27) yields

sup | Vne(t) — Ye(v)l = 0p(Anu) + Op(Buv)

[T|<1/vay

and
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Yne(T)
Ye(T)

sup
[T|<1/vau

— 1‘ = 0p(Anu) + Op(Buy). (5.29)
A further application of the delta method to the right-hand side of (5.26) shows that

dt + RVLU?
(5.30)

1 o —itu I;lan('L')I/fg'(VnU'L') _ 1 /oo —itu 1ﬂnW("f)W{(VnU'L')
— et I o T gt = — PR RAAERS R
27 J_oo Yne(T) 27 J_oo Ye(T)

where R,y = O,(A,y) is an asymptotically negligible remainder term. Therefore,
it suffices to investigate the convergence of the first term on the right-hand side
of (5.30). This term, however, is the same as the right-hand side of (5.7), so the
arguments used with (5.7) also apply to (5.26).

The rate of convergence of f;,, can be obtained by writing (5.25) in the form

_L OO —iTZWnn(T)Wg(VnaT)
fue@ = 5 /_ oD, (531)

The arguments leading to (5.29) show that (5.29) continues to hold if v,y is replaced
by v,e and A,y and B,y are replaced by A,,c and Bj,.. By applying this modified form
of (5.29) to the right-hand side of (5.31), it can be shown that

1 o _l'TZWnn(T)w{(Vnsf)d . 1 o _,'fZWnn(T)wC(VnST)

— e T=— e dt + Ry,
27 J oo Yne (T) 27 J oo Ve (7) "

(5.32)

where R, = O,(A;,) is an asymptotically negligible remainder term. Therefore,
the asymptotic properties of f;,. are the same as those of the first term on the right-
hand side of (5.32). This term is the same as the right-hand side of (5.7) except with
Yy in place of Y. Therefore, the arguments used with (5.7) can also be used to
analyze fy;.

As in the deconvolution problem of Section 5.1, the rates of convergence of f,,
and f,y are controlled by the rates at which the bandwidths v, and v,y converge
to 0. These, in turn, are controlled by the thickness of the tails of ¥, as can be
seen from assumption P4. Faster rates of convergence are possible when the tails
are thick than when they are thin. Horowitz and Markatou (1996) investigate in
detail the case of ¢ ~ N(0, o%). They show that when f; and fy are assumed to be
twice differentiable, the fastest possible rate of convergence of an estimator of either
density is (logn)~!. Under the assumptions of Theorem 5.4, this rate is achieved by
fue and f,y in (5.24) and (5.25).

Equations (5.30) and (5.32) can also be used to show that the standardized ver-
sions of f;;. and f;yy are asymptotically normally distributed. Let g,¢(u#) and g, (z),
respectively, denote the first terms on the right-hand sides of (5.30) and (5.32). When
fau and f,. have their fastest rates of convergence, their rates of convergence and
variances are 0(v3U) and O(V,%S). Denote these rates by py(n) and pg(n). Then
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(M) e @) — fr@] = pe(0) [gne () — fo(2)] + pe(n) " Rye

and
pu) " ) — fu] = pu) ™ gww @) — fu@] + pum) ™ Ray.

Therefore, ,o,,g(n)’1 [fne () —f:(2)] is asymptotically equivalent to ,ons(n)’1 [gne(2)—
f¢(2)] and the asymptotic normality results of Section 5.1.3 can be applied to f,.(z)
if pe(n)"'R,e = op(1) as n — oo. Similarly, the asymptotic normality results of
Section 5.1.3 apply to f,u(u) if ,oU(n)fanU = 0p(1). When f¢ and f,y have their
fastest possible rates of convergence, p.(n) = 0(\)38) and py(n) = O(sz). In addi-
tion Rye = Op(Ape) and Ryy = Op(Ay,p). Therefore, if v,e and v,y are chosen to
optimize the rates of convergence of f;. and f,,;7, the asymptotic normality results of
Section 5.1.3 apply to f,:(z) and f,y(u) provided that assumption P4 is strengthened
to require Ang/v,%g — O and A,,U/v,%U — Qasn — oo.

5.2.3 Estimating First-Passage Times
This section shows how to estimate P(6]y;, y*, x), the probability distribution of
first-passage times conditional on the covariates and the initial value of ¥ when Yj;
follows model (5.3). An application of the estimator is presented in Section 5.4.
Equation (5.20) provides a formula for P(f|y;, y*, x). The right-hand side of
(5.20) can be estimated consistently by replacing g with b, f; with f,., fy with
Jnu, fw with a kernel estimator of the density of the residuals W,;;, and F with a
consistent estimator. One way to obtain an estimator of F is by integrating fy,.. The
resulting estimator is

Z
Fue(2) = / (6.

where M, — oo at a suitable rate as n — oo. This estimator has the practical
disadvantage of requiring selection of the tuning parameter M,,.

The need to choose the additional tuning parameter M,, can be avoided by taking
advantage of the symmetry of the distribution of £. Symmetry implies that F(z) =
1 — F¢( — 2). Therefore, F¢(z) = 0.5 4+ 0.5[F¢(z) — F:( — z)]. But

0.54+0.5[F:(z) — F.(—2)]=05+0.5 'fg(S)dS. (5.33)
In addition,

f:(2) = L / e Y (T)dr. (5.34)
2 J_ o

Therefore, substituting (5.34) into (5.33) yields
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sin zt

Fe(z) =05+ —/ Ye(t)dr. (5.35)

But (sinz7)/7 is an even function, and symmetry of f, implies that v, also is even.
Therefore, (5.35) can be written in the form

sin ztT

Fe(2) =054+ — / Ye(T)dr. (5.36)

Equation (5.36) forms the basis of the estimator of F; that is proposed here. Using
arguments similar to those applicable to Theorem 5.4, it may be shown that F.(z) is
estimated consistently by

““ﬂmmnW%u%ﬂw. (5.37)

ns(z) 05+_/

The estimator of the right-hand side of (5.20) is completed by replacing F, with F),¢
from (5.37). The result is that P(0]y;, y*, x) is estimated consistently by

1 Mn
P,(0ly1, y*, 0) =m/m Jue1 — byx1)
T n —my

0
|:1_[ Fns(y* - bl/qu - u)i| fau(w)du,

k=2

(5.38)

where f,w is a kernel estimator of the density of W;; and {m,} is a sequence of
positive constants that satisfy m, — oo,

sup mylfe(2) — f2(2) 2 0,
and
sup my lfnU(u) _fU(M)| ﬁ> 0

asn — oQ.

5.2.4 Bias Reduction

As was discussed in Section 5.2.1, f,;, and f,y are asymptotically equivalent to the
density estimator (5.7). Therefore, it follows from (5.15) that f,,. and f,y have biases
of sizes 0(1)38) and O(VfLU), respectively. The results of Monte Carlo experiments
reported by Horowitz and Markatou (1996) and summarized in Section 5.2.5 show
that this bias can have a large effect on the accuracy of P,(f|y;, y*, x) as an estima-
tor of P(Ay1, y*, x). This section describes corrections for f;;. and f,,y that remove
parts of these biases. The Monte Carlo experiments reported in Section 5.2.5 show
that the accuracy of P,(f|y1, y*, x) is greatly increased when the corrected density
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estimators are used. The arguments leading to the corrections for f;,, and f,y are
identical, so only f; is discussed here.
To derive the correction for f,; write f,,(z) — fs(z) in the form

Jne(@ — fe(2) = A (@) + An2(2),

where

1 o0 .
An(@) = f e WO = e (DY (Ve T)dT

—00

and

(e.¢]
An(z) = ZL/ e Y (Ve T) — Nre(T)dr.
T J-c0

The quantity A,»(z) is nonstochastic. In a finite sample, neither EA 1 (z) nor A;»(2)
is zero in general, so f,¢(z) is biased. Of course, the biases vanish as n — oo,
as is needed for consistency of f,(z). EA,1(z) is the component of bias caused
by estimating ¥, and A,»(z) is the component of bias caused by smoothing the
empirical distribution of n. The correction described in this section removes the
second component of bias through O(v2,).

The correction is obtained by proceeding in a manner similar to that used to
derive (5.15). The quantity ¥ (Ve T)¢(7) is the characteristic function of the ran-
dom variable ¢ + v, ¢. Therefore, A,»(z) is the difference between the probability
densities of &€ + v, ¢ and ¢. Let f; denote the probability density function of ¢. Then

Aur(d) = / oz — e D (DT — fo(2).

A Taylor-series expansion of f;(z — v,sT) about v, = 0 yields

A (@) = (1/2vpfl @)0] + o(vp,), (5.39)
where 0{2 is the variance of ¢. The first term on the right-hand side of (5.39) is the

smoothing bias in f;;(z) through 0(\)"28).

Note that crg2 is known because V/; and, therefore, f; is chosen by the analyst. Let
f(z) be a consistent estimator of £(z). Then the O(v2,) smoothing bias in f;.(z)
can be removed by estimating f;(z) with

Fae (@) = fre@) — (1/2)v5, fr (207

A consistent estimator of f(z) can be obtained by differentiating fy.(z). As is nor-
mal in kernel estimation, however, estimating the derivative requires using a band-
width that converges more slowly than the bandwidth that is used for estimating
fe(2) itself. The formal result is stated in the following theorem, which is proved in
Horowitz and Markatou (1996).
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Theorem 5.5: Let assumptions P1-P4 hold. Assume that f, is Lipschitz continuous.
That is |f/(z + 8) — fe(x)| < ¢ for any z, all sufficiently small § > 0, and some
finite ¢ > 0. Let {y,e} be a positive sequence satisfying yn. — 0, Bm;/ynzg — 0, and
Ane/Vne = O()as n — 00. Define

”(z)=—i/w 2| (O Y (e T
ne | o nin ¢ Vne

Then

plim sup |f1(2) — £'(2)| = 0. u

n—-oo z

The procedure for removing smoothing bias from f,,;y is similar. The resulting
estimator is

Fav @) = fru () — (/2007 fry o,

where f;;(u) is the following consistent estimator of f{(u):

Jov@) = ——/ e Y ()Y (YauT)dT

and {y,y} is a positive sequence that converges to zero sufficiently slowly. The fol-
lowing modified version of Theorem 5.5 applies to f,7,(u).

Theorem 5.5': Let assumptions P1-P4 hold. Assume that f}; is Lipschitz continuous.
That is [f{;(u + 8) — fuw)| < ¢8 for any u, all sufficiently small § > 0, and some
finite ¢ > 0. Let {y,u} be a positive sequence satisfying v,u — 0, BnU/J/an — 0,
and Anu/ynu = O(1) as n — oo. Then

plim sup |f;/y,(u) — f7(w)| = 0. |

n—-oo u

5.2.5 Monte Carlo Experiments

Horowitz and Markatou (1996) carried out a Monte Carlo investigation of the ability
of P,(0]y1, y*, x) to provide useful information about P(f|y;, y*, x) with samples
of moderate size. Data for the experiments were generated by simulation from the
model

Yy=Ui+epnj=1, ..., 1000; r=1, 2.
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Thus, the simulated data correspond to a panel of length 7 = 2 composed of n =
1000 individuals. There were no covariates in the experiments. The distribution of
U was N(0, 1). The distribution of ¢ was N(0, 1) in one experiment. In the other, ¢
was sampled from N(0, 1) with probability 0.9 and from N(0, 16) with probability
0.1. This mixture distribution has tails that are thicker than the tails of the normal
distribution. In both sets of experiments, the fastest possible rate of convergence
in probability of estimators of f. and fy is (logn)~!, so the experiments address
situations in which the estimators converge slowly.

As in the experiments reported in Section 5.1.3, the smoothing function v/, was
the fourfold convolution of the uniform density with itself. The density fy was esti-
mated using a kernel estimator with the standard normal density function as the
kernel. In estimating P(0]y;, y*), y1 = —1,y* = 1, and 6 = 3,5,7,9,11. The
bandwidths were set at values such that 1//,18(\),!_51) and V,u (v, l}) were both approx-
imately zero. There were 100 Monte Carlo replications per experiment.

The results are shown in Table 5.1. Columns 3-5 present the true values of
P@ly; = —1, y* = 1), the means of the Monte Carlo estimates of P(0]|y; =
—1, y* = 1) that were obtained using f,,. and f,,;y without bias correction, and
the means of the Monte Carlo estimates that were obtained using the bias-corrected
forms of f,,. and f,y. The estimates of P(f|y; = —1, y* = 1) that were obtained
without using bias correction for f;,, and f,y are biased downward by 12-20%,
depending on the distribution of ¢ and the value of . Using the bias-corrected den-
sity estimates, however, reduces the downward bias of P,(0|y; = —1, y* = 1)
to 1-13%. Thus, the bias correction removes 35% to virtually all of the bias of
P,(0ly1 = —1, y* = 1), depending on the distribution of ¢ and the value of 6. This
illustrates the usefulness of the bias-correction procedure.

Table 5.1 Results of Monte Carlo experiments with estimator P(0 |y, y*)

Distr. of & % True prob. With bias corr. Without bias corr. Assuming normal &
Normal 3 0.89 0.88 0.78
5 0.81 0.77 0.69
7 0.74 0.69 0.62
9 0.69 0.62 0.56
11 0.64 0.57 0.51
Mixture 3 0.86 0.83 0.74 0.76
5 0.76 0.71 0.73 0.60
7 0.67 0.61 0.55 0.49
9 0.60 0.54 0.49 0.41
11 0.55 0.48 0.44 0.35

Source: Horowitz and Markatou (1996)

The last column of Table 5.1 shows the means of the estimates of P(0]y; = —1,
y* = 1) that were obtained by assuming that ¢ is normally distributed when, in fact,
it has the mixture distribution N(0, 1) with probability 0.9 and N(0, 16) with prob-
ability 0.1. This is an important comparison because normality is often assumed in
applications. It can be seen that the erroneous assumption of normality produces
estimates that are biased downward by 12-16%, whereas the downward bias is
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only 1-13% when the bias-corrected nonparametric density estimators are used.
Although not shown in the table, the Monte Carlo results also reveal that use of the
nonparametric density estimators reduces the mean-square error of the estimator of
P@|y; = —1, y* = 1) as well as the bias.

There is a simple intuitive explanation for the severe downward bias of the
parametric estimator of P(0|y; = —1, y* = 1). The mixture distribution used
in the experiment has less probability in its tails than does a normal distribution
with the same variance. Therefore, the normal distribution has a higher probabil-
ity of a transition from one tail to another than does the mixture distribution. Since
P@|y; = —1, y* = 1) is the probability that a transition between the tails does not
occur, the probabilities obtained from the normal distribution are too low. In sum-
mary, the Monte Carlo evidence indicates that the nonparametric estimation proce-
dure with bias correction can yield estimates of first-passage probabilities that are
considerably more accurate than the ones obtained from a misspecified parametric
model.

5.3 Nonparametric Instrumental-Variables Estimation

We now consider nonparametric estimation of the function g in (5.4). Assume that
X and W are scalar random variables. We wish to estimate g from a random sample
of observations of (Y, X, W). Denote the data by {Y;, X;, Wi:i=1, ..., n}.

Equation (5.4) does not have an analytic solution analogous to (5.7) for deconvo-
Iution. This makes estimation of g in (5.4) more complicated mathematically than
deconvolution. The mathematical methods used to study (5.4) come from the field
of functional analysis. This section formulates the estimation problem in functional
analytic terms, presents the relevant results from functional analysis, and explores
some of their implications for estimation of g. The results from functional anal-
ysis are stated informally. Rigorous treatments are available in textbooks such as
Liusternik and Sobolev (1961). The use of the methods of this section with decon-
volution can be difficult because in deconvolution, the operator analogous to 7 in
(5.44) below does not necessarily have a discrete set of eigenvalues. However, these
methods are not needed for deconvolution because the deconvolution problem has
an analytic solution.

To begin, assume that the support of (X, W) is contained in [0, 1]%. This assump-
tion entails no loss of generality because it can always be satisfied by, if neces-
sary, carrying out a monotone increasing transformation of (X, W). For example,
define X = ®(X) and W = ®(W). Then the support of X, W) is contained in
[0, 1712, regardless of the support of (X, W). Recall that model (5.4) is equivalent to
(5.5). Under the assumption that the support of (X, W) is contained in [0, 112, (5.5)
becomes

1
EY|W =w)fw(w) = /O Jxw(x, w)g(x)dx. (5.40)
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Now multiply both sides of (5.40) by fxw(z, w) (z € [0, 1]) and integrate with
respect to w to obtain

1
r(z) = / T(x, z7)g(x)dx, (541
0
where
1
r(z) = /O E(Y|W = w)fxw(z, w)fw(w)dw (5.42)
and
1
T(x, 2) = /0 Sxw(x, wifxw(z, wydw. (5.43)

Under the assumptions that are made later in this section, (5.41) is equivalent to
(5.4). Therefore, it suffices to estimate g in (5.41).

Assume that g is contained in the function space L»[0, 1]. This is the space of
functions 4 that map [0, 1] to the real numbers and satisfy

1
/ h(x)>dx < oo.
0

L»[0, 1] belongs to a class of function spaces called Hilbert spaces. Hilbert spaces
are defined formally in Section A.2.3 of the Appendix. For any two functions
hi, hy € L»[0, 1], define the inner product (h1, hy) by

1
(h1, h2) =/0 hi(x)hy(x)dx.

Define the norm, |||, of any & € L,[0, 1] by ||kl = (h, h)'/%. Thus

1
IA)* = [0 h(x)*dx < 0.

Now observe that r is in L[0, 1] if fxw is bounded. Therefore, (5.41) can be
written in the form

r=Tg, (5.44)

where T is an operator (that is a mapping from one set of functions to another) that
is defined by

1
(Th)(2) = / o, Dh()dx
0
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for any h € L,[0, 1]. It may be convenient to think of (5.44) as the infinite-
dimensional analog of a matrix equation in which r and g play the role of vectors
and T plays the role of the matrix. Observe that T is positive semidefinite. That is,

2

1 1
(h,Th) = / |:/ fxw(x, w)h(x)dx:| dw >0 (5.45)
0 0

for any h € [0, 1].

Now call the number A and the function ¢ € L,[0, 1] an eigenvalue and eigen-
function of T'if T¢p = L¢. It is proved in functional analysis that if fyw is bounded,
then T has a set of eigenvalues and eigenfunctions {A;, ¢;: j =1, 2, ...} satisfy-
ing Tg; = Ajpj, | ¢j|| = 1 foreachj=1, 2, ...,and(¢;, ¢) = 0ifj # k. Because
T is positive semidefinite, A; = (¢;,7¢;) > 0. Moreover, any function h € L,[0, 1]
has the series representation

o0

h(x) =Y (h. ¢;) ().

J=1

In addition,

2 00

=>"(h @) (5.46)

J
j=1

The function 7 defined in (5.43) has the representation

T(x, 2 =Y Ld(NR).

j=1
Moreover,
0
Th="7_i(h )¢,
j=1
and

oo

2

IThI? =) 37 (. &)
j=1

for any h € L;[0, 1].

If some eigenvalues of T are zero, then T is said to be singular. Otherwise, T is
nonsingular. When T is singular, there are nonzero functions & € L[0, 1] such that
Th = 0. To see why, let {b;: j = 1, 2, ...} be a sequence of numbers such that
bj =0if X; > 0, b; # 0 for at least one j for which A; = 0, and
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Z bj2 < 00.
)Lj:O

J

Then the function

o0
h=7) b,
j=1

isin L»[0, 1], h # 0, and Th = 0. Equation (5.44) does not have a unique solution
when T is singular. This is because if Tg = r, then T(g + h) = r for any & such that
Th = 0.

Nonsingularity of 7'is a necessary condition for identification of g in model (5.4).
To see why, suppose that g is identified. That is, there is only one function that
satisfies (5.4). Also, suppose that T is singular. Then 7h = 0 and (h,Th) = 0 for
some nonzero h € L,[0, 1]. But

1T e 2
(h,Th) Zf |:/ Fxw(x, W)h(x)dx:| dw,
o |Jo

so singularity of 7 implies that

1
/ Jxw(x, wh(x)dx =0 (5.47)
0

for every w except, possibly, for a set of w values whose probability is zero. Adding
(5.47) to (5.40) gives

1
EY|W =w)fw(w) = /0 Jxw(x, w)lg(x) + h(x)]dx (5.48)

for some nonzero i € L,[0, 1]. But the solution to (5.40) is unique if g is identified.
Therefore, there is no nonzero # satisfying (5.48), which contradicts the assumption
that 7 is singular. It follows that non-singularity of 7 is necessary for identification
of g. Accordingly, 7 is assumed to be non-singular for the remainder of this chapter.

If T'is non-singular, then A; > O forall j =1, 2, ..., and T has an inverse, -1
Moreover, if h € L;[0, 1], then

oy )
T h_; o

provided that
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Otherwise, T~ does not exist. It follows that the solution to (5.44) is

g= T 'r
_ i (r, ¢j)¢'. (5.49)
i '

In addition, it follows from a result in functional analysis called Picard’s theo-
rem (see, e.g., Kress 1999, Theorem 15.18) that (5.49) is the unique solution to
(5.40). Therefore, (5.49) constitutes a mapping from the probability distribution of
(Y, X, W) to g. In other words, (5.49) identifies g in model (5.4).

Equations (5.44) and (5.49) suggest a simple way to estimate g: replace the
unknown quantities on the right-hand side of (5.44) or (5.49) with consistent estima-
tors. For example, suppose that fxw and, therefore, T are known. Then r is the only
unknown quantity on the right-hand side of (5.44) and (5.49), so one can consider
estimating g by

1

>

8

e¢]

—

7, ¢; 5.50
r)\?/)¢j, (5.50)
j

1

~

where 7 is a consistent estimator of r. Unfortunately, the estimator g obtained this
way is not consistent for g. This is because zero is a limit point of the sequence of
eigenvalues of the operator T whenever fxw is square integrable on [0, 1]>. As a
consequence, T-! is discontinuous, and 7! may not converge to T~ !r even if 7
converges to r. This is called the ill-posed inverse problem. As is explained below,
the ill-posed inverse problem causes 7~ '7 to be an inconsistent estimator of g. The
ill-posed inverse problem is also present in deconvolution and is the reason why
regularization of (5.7) is needed to estimate f7,.

An operator A on L,[0, 1] is continuous if, as n — oo, [|Ah,|| — O for any
sequence of functions {h,} in L»[0, 1] such that ||A,|| — 0. To see why 7! is dis-
continuous, let {/,} be sequence in L,[0, 1]. Define /,j = (h,, ¢;). Then it follows
from (5.46) that

oo
> =) by (5.51)
j=1

Moreover,

—1 2 : n
=1
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so a further application of (5.46) gives

= Z —2’. (5.52)

Because A; — 0, it is possible to choose the A,;s so that the right-hand side of (5.51)
converges to zero as n — oo but the right-hand side of (5.52) does not. Therefore,
T~ is discontinuous.

To see how convergence of A; to zero (or, equivalently, the discontinuity of 71
and the ill-posed inverse problem) affects estimation of g, assume, as before, that
fxw 1s known. Then r(z) is estimated consistently by

n
Moy =n" Y Yifxw(z W) (5.53)
i=1
Define
n 1
= (ff, ¢j> =n"! Z Yi/() @i(@fxw(z, Widz. (5.54)
l'_
Then (5.50) gives
X A
g = Z )\_j¢l
N
j=1
In addition,
o0 7
g=>_ A_J_qu, (5.55)
="

where 7; = <r, qb,) Therefore,

and
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But E7j = rj, so E(7; — rj)2 = Var(7;) and
o0 N

R 2 Var(r;)

g-s) =2 —3"

Equation (5.54) shows that 7; is a sample average, so Var(?)) = oj2 /n, where

E

1
aj2 = Var [Y / di(Dfxw(z, W)dz} . (5.56)
0
Therefore,
E|? JEE Y 55
”g—g” ZA—Q (5.57)
j=1 "

Because ; — 0O asj — oo, 02/)»2 does not converge to 0 as j — oo, except in
special cases, and may dlverge to oo. Therefore, except in special cases, the infi-
nite series on the right-hand side of (5.57) diverges for every n. As a consequence,
E|g- g“2 = oo for each n, and £ is not a consistent estimator of g.

The following example further illustrates the consequences of the ill-posed
inverse problem (discontinuity of 7~!) for estimation of g.

Example 5.1: The [ll-Posed Inverse Problem
This example provides a numerical illustration of the effects of the ill-posed inverse
problem on estimation of g. Let model (5.4) hold with g(x) = x. Let

o
fvle, wy =" 22¢;¢;m, 0<x, w=1,
Js k=1
where ¢1(x) = 1, ¢j(x) = V2cos[(j— Dmx] (> 2), A1 = 1, and A =02/G~— D
(j = 2). Figure 5.2 shows a graph of fyw. The marginal distributions of X and W are
U0, 1]. The function g has the series representation

gx) =05+ Z x/z[(j — D] 2 cos [G— Drmx],

Jj=2

sorj/A;j=0.5ifj=T1and [(j — D]~ if j > 2. In addition,
= 0.4
E[gO)IW = w] = 0.5+ J; 2T " (G — Drwl.
Therefore, the reduced form model for Y is
Y = E[gX)|W] +V
o
/0.4
=05+Z —o s lG = DTWI+V,

G- Db
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2.0

Density

Fig. 5.2 fyw(x, w) for Example 5.1
where V = g(X) — E[g(X)|W] + U. Assume that V ~ N(0, 0.01) and is indepen-

dent of W.
‘We have

1
| e, wdz =3, g0

s0 (5.54) gives

n
nI Yy ifj=1
R i=1
i =

/o4 f Yi(j— )2 cos[(j — Do W] ifj>2

i=1

and

n
Yy ifj=1
i=1

I

Aj /10 n

LY v 1Peos (G- Drwl it > 2
=1
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Coefficient and Standard Deviation

T~e---"%"--0---0---0---0
| | |

]

Fig. 5.3 Absolute values of coefficients (dashed line) and standard errors of estimates (solid line)
in Example 5.1

Under the assumption that V ~ N(0, 0.01), 7/, is asymptotically equivalent to the
maximum-likelihood estimator of r;/A; and, therefore, asymptotically efficient. The
variance of 7;/A; is analytically complicated but easy to compute. Figure 5.3 shows
a graph of rj/1; and the standard deviation of 7;/A; as functions of j for n = 1000.
The figure shows that r;/1; is estimated with useful precision only through j = 4.
The standard deviation of 7;/A; is much larger than r;/A; when j > 4. Recall from
(5.55) that r;/A; is the coefficient of ¢; in the series expansion of g. Therefore, as
a consequence of the ill-posed inverse problem, only low-order coefficients of this
expansion can be estimated with useful precision. Section 5.3.1 describes methods
for dealing with this problem. l

5.3.1 Regularization Methods

The inconsistency of the estimator (5.50) can be overcome by modifying the opera-
tor T to make it continuous. The modification is called regularization. This section
describes two regularization methods. One is named after the Russian mathemati-
cian A.N. Tikhonov and is called Tikhonov regularization. The other is regulariza-
tion by truncating the series representation of g. To minimize the complexity of
the discussion, it is assumed in this section that fxw and, therefore, T are known.
Section 5.4 presents the extensions of Tikhonov regularization and series truncation
to the more realistic setting in which fxw and T are unknown.
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5.3.1.1 Tikhonov Regularization

Tikhonov regularization consists of replacing 7 with T 4 a,,I, where I is the identity
operator and {a,} is a sequence of strictly positive constants that converges to zero
as n — oo. The eigenvalues of T + a,l are {A; + a,: j =1, 2, ...}, where the
Ajs are the eigenvalues of 7. Therefore, the eigenvalues of T + a,I exceed a,. The
eigenvalues of (T + a,)~" are { + a,)~l: j =1, 2, ...}. These are bounded
from above by a,; ! so (T+a,l )~1 is a continuous operator for each n. The Tikhonov
regularized estimator of g is

g =T +a)'r. (5.58)

If a, had the fixed value ap > O instead of converging to zero, then (T + aol)_l?
would be a consistent estimator of (T + aol)~'r. However, the function of interest
isg= T~ 17, not (T + aol)_1 r. Therefore, a, must converge to zero to ensure that g
converges to g.

We now investigate the rate of convergence of g in (5.58) to g. To do this, write
g — g in the form

e—g=T+a, D) 'G-—r+[T+a ) ' =TI, (5.59)

where 7 is as in (5.53). The first term on the right-hand side of (5.59) has mean zero,
and the second term is nonstochastic. Therefore,

E@— 8% =E[T +a)™ ' G =P +{[(T+a )" —T7"1r)?

and

Ele P =£|@+an ¢ -n| + |ir+an 0" 660

The first term on the right-hand side of (5.60) is the integral of the variance of
g — g, and the second term is the integral of the square of the bias that is caused by
regularization. Arguments like those used to obtain (5.57) show that

o 2 & o
EH(T—i—anI) l(r—r)H —n l;m (5.61)

where ojz is as defined in (5.56). In addition,

T+ - ]H ! LY
a r —— | r
" /_ Ata, A)

(5.62)

2
Z xz(/\ + a,,)2
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where, as before, r; = (r, ¢;). It can be seen from (5.61) and (5.62) that rapid
convergence of a, to zero increases the integrated variance of g but decreases the
integrated squared bias. The optimal rate of convergence of a, equates the rates of
convergence of the integrated variance and integrated squared bias.

The rate of convergence of the integrated variance (right-hand side of (5.61))
depends on the behavior of ajz. It follows from (5.56) that

2
U <E [ / o xw(z, W)dz:| )

Suppose that E(Y2|W = w) < Cy for all w € [0, 1] and some finite constant Cy.
Then

1 2
o < CyE [ /0 $i(2)fxw(z, W)dz} :

Also assume that fiy(w) < Cy for all w and some finite constant Cy. Then

1 2 1 1 2
E [ /0 i @fxw(z, W)dz} = /0 [ /0 di(Dfxw(z, W)dz} Sww)dw
1 1 2
<Cyw /o |: /0 di(fxw(z, W)dz} dw.

But

2
1 1
/O [ /0 b fxw (2 W)dz} dw = (¢;.T¢;)

by (5.45). Therefore, sz < CyCwA;, and

E H(T ta )" G — r)H <n'CyCw Z (5.63)

()L + an)2

Now let J > 0 be a finite integer. Observe that
()\' + Cln)2 — )Lj

j=1
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and
o o0
Aj 1
) < A
2 GrapSa X
j=J+1 %+ an) Ry
Therefore,
e’} I J 1 [ee
DTS RS Y
. 2 — J 2 I
P (Aj + an) P a S
Similarly, (5.62) gives
2 I 2 2
[ o IETD SR St
j=1 % j=r+1 %

167

(5.64)

(5.65a)

where b; = r;/A;. To proceed further, it is necessary to specify the rates at which A;
and b; converge to zero. The constants b; are the coefficients of the series expansion
of g in terms of the eigenfunctions of 7. Therefore, rate of convergence of b; controls
the error made by truncating the series. Assume that A; > C~'j~ and |bj] < P
forsomea > 1, 8 > 1/2, and C < oo. Also assume that « > 8 — 1/2. Then

J
Z )\;1 < CJet!
j=1
and
7a+]
a Z A= C2
nj=J+1
for finite constants C| and C,. Therefore,
oo | J*Dt+]
<+ ¢
; (A + an)2 az

(5.65b)

The quantity on the right-hand side of (5.65b) is minimized by setting J « a, Ve

With this J,

o0

A..
> Gay = Ol
j=t
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and
2
E H(T +a, )G - r)” = O[n~la; @D/, (5.66)

Similarly,

J

32_12 < ;aﬁ JRa—2+1

j=1 Aj

and

o0
j=J+1

for finite constants C3 and C4. Therefore,

2
” (T + an[)_l - T_l]r < C3a,2l .]2‘)‘_2/3'H + C4J_2/3+1.

The right-hand side of this inequality is minimized by setting J o a, /“, which
yields

2
(T +an™ =77 < 01aF-Dre, (5.67)
Combining (5.60), (5.66), and (5.67) gives
E ”g, _ g||2 _ O[n—la;(ot+1)/a + agﬁ—l)/a].

The rate of convergence of the right-hand side of this equality is fastest when
a, o n=%/CP+®) which yields

[~ s|? = o er-1/esto

If @ < B — 1/2, then the series Y o, bj2 /)‘]‘2 converges. Therefore,

2

H[(T~|—an1)_1 -7 " a,.

Equation (5.66) continues to hold, so
" 2 1
E Hg —g“ — O[n lan (a+1)/a +ai].

The rate on the right-hand side of this equation is fastest when a, oc n~=%/Ge+D,
which gives

E g —g[* = otn=2/0+h),

The rate n=2¢/G¢+D ig slower than n~f=1/2B+0) when o < g — 1/2.
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The following proposition summarizes the results obtained so far for estimation
of g with Tikhonov regularization. Let the notation a, =< b, mean that a, /b, is
bounded away from 0 and co as n — oo.

Proposition 5.1: Assume that

TRI: The data {Y;, X;, Wi:i = 1, ..., n} are a simple random sample of
(Y, X, W), where the support of (X, W) is contained in [0, 11%and E[Y —
gX)IW =w] =0.

TR2: The distribution of (X, W) has a density, fxw, and E(Y?) < oc.

TR3: (i) There are finite constants f > 1/2, « > 1, and C > 0 such that
A= C ™ and |b| < Gi7P. (ii)a > B —1/2.

TR4: The regularization parameter a, satisfies a, =< n~*/f+),

Then E | — g||* = O[n=38=D/@b+)),
Now assume that TRI-TR3(i) hold. In addition, instead of TR3(ii) and TR4, let
o < B —1/2and a, < n=*/3*D Then E ”g, —g }2 — O[n~2/CetD)] m

It turns out that n~(?A=1D/ZB+®) ig the fastest possible rate of convergence of
the integrated mean-square error of an estimator of g under TR1-TR3 (Hall and
Horowitz 2005). Specifically, let G denote the class of distributions of (Y, X, W)
that satisfy TR1-TR3 for fixed values of «, 8, and C. Let P denote any member
of this class, and let Ep denote the expectation relative to P € G. Let g denote an
arbitrary estimator of g. Then

lim inf inf sup n®F~D/CAFOIEL 15 — ¢| > 0. (5.68)

n—oo g Peg

This result states that no estimator of g can have a rate of convergence faster than
n~(CA=D/CB+®) yniformly over distributions of (Y, X, W) that satisfy the regular-
ity conditions. Observe that increasing 8 accelerates the convergence of g whereas
increasing « makes convergence slower. This is because fewer terms in the series
expansion (5.49) are needed to obtain a good approximation to g when S is large
than when it is small, whereas increasing « increases the severity of the ill-posed
inverse problem.

5.3.1.2 Regularization by Series Truncation

This approach to regularization consists of truncating the series expansion of (5.50)
after J terms to obtain

|-

;. (5.69)
J

J
8=
j=1

>
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Combining (5.69) with (5.55) gives

J ;_ e’}
Z = D bid).
=1 j=J+1

where b; = rj/A; as before. Therefore

Elg—g|* = _12_.+ Z b;. (5.70)

Jj=J+1

Assume that TR2 holds, A; > C;j~%, and |b;| < ij’/s. Then aj2 < CyCwaj,

J 2
o:

l’l_l E )\’/2 _ O(n—lja-Fl)
j=1 "

and

o0
Z b} = 0,

j=J+1
Therefore, (5.70) gives

Elg— gl = 0 e 4 7204

The rate of convergence of the right-hand side of this expression is fastest when
J oc n'/@B+) in which case

[~ 8|} = opror-Ver)

Thus, we obtain

Proposition 5.2: Assume that

STI1: The data {Y;, Xi, Wi:i = 1, ..., n} are a simple random sample of
Y, X, W), where the support of (X, W) is contained in [0, 1]2 and E[Y —
gXIW =w] =0.

ST2: The distribution of (X, W) has a density, fxw, and E(Y?) < oo.

ST3: There are finite constants f > 1/2, o« > 1/2, and C > 0 such that
A= C7 ™ and |bj| < Cj7FP

ST4: The truncation point J satisfies J < n'/Zb+®),

Then E | — g|* = O[n=CF=D/Cs+0)) m
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The rate of convergence of E Hg - g||2 with regularization through series trun-
cation is the same as it is with Tikhonov regularization. However, series truncation
does not require o« > B — 1/2 to achieve this rate and, therefore, is less restrictive
than Tikhonov regularization.

5.4 Nonparametric Instrumental-Variables Estimation
When T Is Unknown

In empirical economics, fyw and T are rarely if ever known. This section considers
estimation of g in (5.4) when fxw and, therefore, T are unknown.

5.4.1 Estimation by Tikhonov Regularization When T Is Unknown
When fyw and T are unknown, estimation by Tikhonov regularization can be car-

ried out by replacing fyw in (5.53) and T in (5.58) with consistent estimators. It is
convenient to use Nadaraya—Watson kernel estimators. To this end, define

. 1 <& x—X; w—W;
o = - K K
Jxw(x, w) h ;:1 < i ) ( hn )

and

x—X w— W;
T ) = —1)h ZK( ) ( n ])’

J#l
where #,, is the bandwidth. Set

) =n" ‘Zfo @ Wi). (5.71)

i=1

The leave-one-out estimator f)((;vl) is used in 7 to avoid biases that arise if the estima-
tor of fyw is not statistically independent of its argument. Now define

1 ~ A
i(x, 2) = fo Sxw(x, wifxw(z, widz.

Let 7 be the operator defined by

1
(Th)(z) = / 1(x, 2)h(x)dx
0



172 5 Statistical Inverse Problems

for any function & € L[[0, 1]. T is the required estimator of 7. The resulting esti-
mator of g is

g=T+a)™ "7, (5.72)

where 7 is given by (5.71).

The derivation of the rate of convergence of g to g is much more complicated
when T is estimated than when it is known. The details are provided by Hall and
Horowitz (2005). Only their result is stated here. Darolles et al. (2006) describe
an alternative approach to Tikhonov regularization with kernel density estimators.
Define

2 28—152 28 —1
A1=max< o+ 2P Sl p 2).

2—a 24B—a+1’

Let r > A; be an integer. Define

1 20+2 -1
T 2% 28+a
and
(128 —a 48—+ 1
A3 =min | - R .
2284+a 528+ )

Let r be sufficiently large that A, < A3, and let y € [A3,A3] be a constant. Note that
Jfxw has the series representation

fewle, wy =" dij(x)pr(w),

j=1 k=1

where

1l
djk = fo /(; Sxw(x, w)gi(0)d;(w)dxdw.

Make the following assumptions.

HHI1: (i) The data {Y;, X;, W;:i = 1, ..., n} are a simple random sam-
ple of (Y, X, W). (ii) The support of (X, W) is contained in [0, 112. (iii)
E[Y — g(X)|W = w] = 0 for all w except, possibly, a set of w values whose
probability is 0.

HH2: (i) The distribution of (X, W) has a density, fxw, with r derivatives that
are bounded in absolute value by a constant C. (ii) The functions E(Y 2|\W =
w) and E(Y2|X = x, W = w) are bounded uniformly by C.
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HH3: The constants & and g satisfy o > 1, 8 > 1/2,and 8 — 1/2 < o < 2.
Moreover, |b;| < Gj=P,j= > C~'xj, and Y32 |d| < Gi~*/% forall j > 1
and some finite constant C > 0.

HH4: The parameters a, and h, satisfy a, = n/ 2B+ and h, = n? as
n— 00.

HHS: The kernel function K is supported on [ — 1, 1], bounded, and satisfies

1 e
: 1ifj =0
/ v K(v)dy ?] i
1 Oifl <j<r—1

These assumptions are similar to but stronger than assumptions TR1-TR4 in Sec-
tion 5.3. Most importantly, fyw must be sufficiently smooth (assumption HH2(i))
and there is an upper bound on « (assumption HH3). The stronger assumptions
ensure that the effects of random sampling errors and the bias of T converge to
zero rapidly enough to achieve the rate of convergence n~*#=1D/ZB=® which is
the fastest possible rate in the sense of (5.68). Assumption HH2(i) requires fxw to
approach 0 smoothly at the boundaries of its support. However, discontinuities at the
boundary (as occur, for example, if fyw is bounded away from zero) can be accom-
modated by replacing the kernel K with a boundary kernel. Gasser et al. (1985) and
Hall and Horowitz (2005) describe these kernels. Methods for choosing a, and h,
in applications are not yet available. A method for computing g(z) is described at
the end of this section.

Let J denote the class of probability distributions of (¥, X, W) that satisfy
assumptions HH1-HH3 with fixed values of «, 8, and C. Let P be any member
of this class. Hall and Horowitz (2005) prove the following theorem.

Theorem 5.6: Let assumptions HHI-HHS5 hold. Let g be as in (5.72). Then

sup Ep | — g”2 — O[n~@B-D/@B+a)] -
pPeJ

The rate of convergence in Theorem 5.6 is the fastest possible in the minimax sense
of (5.68).

The estimator (5.72) is consistent, but does not necessarily achieve the optimal
rate of convergence n~(@A—1/QB+e) ynder assumptions that are much weaker than
HHI1-HHS. Specifically, if E(Y?) < oo and fyw is continuous, it is possible to
choose a, and hj, so that E |§ — g”2 — 0asn — oo.

Hall and Horowitz (2005) also show how to extend the approach of (5.72) to the
multivariate model

Y=9X, Z)+U; EU|IZ=2z, W=w)=0, (5.73)

where Y and U are scalars, X and W are p-dimensional random variables that are
supported on [0, 1}7 for some p > 2, and Z is a g-dimensional random variable that
is supported on [0, 1]? for some ¢ > 0, where ¢ = 0 means that the right-hand
side of (5.73) is g(X) + U with E(U|W = w) = 0. In (5.73), X is a p-dimensional
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endogenous explanatory variable and Z is a g-dimensional exogenous explanatory
variable. W is an instrument for X.

Horowitz (2007) shows that g — g is asymptotically normal under assumptions
that are somewhat stronger than HH1-HHS. To see how asymptotic normality is
obtained, define U; = Y; — g(X)),

n
Sun@ =013 U + an) iy e W,
i=1
and

Sin@ =n"" Y gX)(T + an) Ty @ W,

i=1
Then
8(2) = Sn1(2) + Sn2(2). (5.74)

Observe that ES,;1(z) = 0 but ES;»(z) — g(2) # 0 in finite samples except, possibly,
in special cases. Therefore, S,2(z) is a source of bias in g(z). However, this bias is
asymptotically negligible under conditions that are given below.

We now outline the argument leading to the asymptotic normality result. Write

Si@=n""Y " UdT + an) ' frw(z. W)

i=1

n
+n Y UL + an) iy @ W) — (T + an) ™ frw(z, Wil
i=1
= Sn11(2) + Sn12(2).
Define
Va(@) = 0~ VarlU(T + an) ™ frow(z, W)l.
It follows from a triangular-array version of the Lindeberg—Levy central limit

theorem that

Su11(2)-> N, 1)

as n — o0. Therefore,

[32) — 81/v/Va(@) > N(O, 1) (5.75)
if
[Sn12(2) + Sn2(2) — g(2)1/v/ Va(2) = 0p(1). (5.76)

We can ensure that (5.76) holds by requiring a, to converge to zero at a rate that
is faster than the asymptotically optimal rate of assumption HH4 and restricting the
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bandwidth 4, to a range that is narrower than that in HH4. The faster than optimal
convergence of a, results in an estimator of g whose rate of convergence is slower
than optimal. As often happens in nonparametric estimation, slower than optimal
convergence is the price of a normal limiting distribution that is centered at zero. It
is also necessary for g to be sufficiently smooth.

To state the result formally, let p be a constant satisfying 1 < p < (28 + «)/
(¢ + 1). Define

, [ 1 2pa 1 ,o(a—l)l(p+l)a+2ﬂ—p:|
A5 = max —

2r—1284+a’d4r—1 28 +a '2r 28+«

and

A —min| L2801 —p 148 —(Bp —2a +1
3 2 28 +a ’5 28 +a '

Make the following new assumptions.

HH2': The distribution of (X, W) has a density fxw that is r times differen-
tiable with respect to any combination of its arguments. The derivatives are
bounded in absolute value by C. In addition, g is r times differentiable on
[0, 1] with derivatives at O and 1 defined as one sided. The derivatives of
g are bounded in absolute value by C. Moreover, E(Y2|W =w) < C,
E(Y?|X =x, W=w) < C,and E(U?|W = w) > Cy for all w, x € [0, 1]
and some finite constant Cy > 0.

HH3’: The constants « and B satisfy @ > 1, 8 > 1/2,and 8 — 1/2 < o < 28.
Moreover, b; < Cj‘ﬂ and Z,fil |dix] < Cj_‘)‘/2 for all j > 1. In addition,
there are finite, strictly positive constants, Cy1 and Cj», such that Cyj~% <
Aj < Cypj *forallj > 1.

HH4': The tuning parameters a, and h,, satisfy a, =< n=P%/CF+®) and h, <
n~7, where y € [A},AL].

HH6: Ewl(T + au)"fow(z, WP =< Ew |(T+a.)~fiw(-, W)|” and
Ew (T + anl)™fiw(- . W|* =i | (T + anD) frw( -, w)||* dow.

Assumption HH2' strengthens HH2 by requiring differentiability of g and
E(U?|W) > Cy. HH3' specifies the rate of convergence of the eigenvalues ;. This
assumption and HH6 make it possible to obtain the precise rate of convergence of
V.(z), whereas HH3 yields only a bound on this rate. A bound is not sufficient to
ensure that (5.76) holds. HH4' requires a, to converge at a rate that is faster than
the asymptotically optimal one. This and the assumption about &, make the bias of
g asymptotically negligible. The first part of HH6 implies that

1
Vn(z)x/o Vu(0)d¢.
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This rules out a form of superconvergence in which g(z) — g(z) converges to 0 more
rapidly than ” g— g|| This can happen, for example, if ¢;(z) = 0 for too many
values of j. Such superconvergence can cause S,11(z) to converge to 0 more rapidly
than S,12(2) + Sp2(z) — g(2), in which case (5.75) does not hold. The second part
of HHG6 restricts fxw so as to prevent a form of superconvergence that occurs if the
distribution of W is concentrated on points w for which ¢;(w) is close to 0 for too
many values of j.

The formal asymptotic normality result is given by the following theorem, which
is proved in Horowitz (2007).

Theorem 5.7: Let HHI, HH2', HH3', HH4', HH5, and HH6 hold. Then (5.75) holds
except, possibly, on a set of z values whose probability is zero. B

Result (5.75) continues to hold if V;,(z) is replaced with the consistent estimator

V@) =n 2> UHIT + an)fig 1@ Wl (5.77)
i=1

where U; = Y; — 2(X;). This yields the studentized statistic [8(z) — g(2)1/+/ V(2).
Under the assumptions of Theorem 5.7,

[22) — 81/y V(@) N, 1)

except, possibly, on a set of z values whose probability is zero.

This result can be used to form an asymptotic confidence interval for g(z). Let
Z¢/2 denote the 1 — 7/2 quantile of the standard normal distribution. Then a sym-
metrical, asymptotic 1 — t confidence interval for g(z) is

8(2) — 202\ V(2) < 8(2) < 8(2) + 202/ V(2. (5.78)

In addition, (5.78) can be modified to accommodate the possibility that z is in a set
of probability zero to which the asymptotic normality result does not apply. To do
this, let z € (0, 1). For some small ¢ > Osuchthat ) < z—¢ <z <z+¢e < 1,
let zo be sampled from the U[z — ¢, z+ €] distribution. Then (5.78) with z replaced
by zo is a I — t confidence interval for g(zp) because zp has zero probability of
being in an exceptional set of Theorem 5.7. Moreover, assumption HH2' implies
that |g(z) — g(z0)] < Ce. Therefore,

8(20) — Ce — 22/ V(20) < 8(2) < g(20) + Ce + 222/ V(20)

is a confidence interval for g(z) whose asymptotic coverage probability is at least
1 — 7 for any z € (0, 1) and converges to 1 — v as ¢ — 0. C is not known in
applications, but this does not matter because ¢ and, therefore, Ce can be chosen to
be arbitrarily small.
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Horowitz (2007) found through Monte Carlo simulations that the coverage prob-
ability of the confidence interval (5.78) is closest to 1 — 7 when the bootstrap, rather
than quantiles of the normal distribution, is used to obtain the critical values. The
bootstrap procedure is as follows:

Step 1: Draw a bootstrap sample {Y/, X}, W*:i=1, ..., n} by sampling the
data {Y;, X;, W;} randomly with replacement. Compute bootstrap versions
of 3(z) and V(z) by substituting the bootstrap sample into the formulae for
g(z) and V(z) Let g*(z) and V*(z) denote the bootstrap versions of g(z) and
V().

Step 2: By repeating Step 1 many times, obtain the bootstrap empirical distri-
bution of [§*(z) — §(2)]/+/V*(2). The 1 — T bootstrap critical value, 2 120 18
the 1 — t/2 quantile of this distribution. The asymptotic 1 — t confidence
interval for g(z) based on the bootstrap critical value is

2(2) — 2oy V(2) < 8(2) < 3@ + 25y V(@)

5.4.1.1 Computation of g

The computation of g can be converted to a finite-dimensional matrix operation by
replacing the kernel estimators of fyw by a series expansions that are equivalent up to
arbitrarily small truncation errors. With basis functions {1}, such as trigonometric
functions, the series approximations are

J J

Ao, w)=ZZ YO
1 k=1

and

J J
FewCe, w) =D di @) Ye(w),
j=1 k=1

where J is the point at which the series is truncated for computational purposes,

X — Xg w — Wg
=y / - ( >1< ( . ) PO,

noe=1
and
N — Xy w— Wy
ach = / (x ) K( ) (00U (w)dxdw.
7 1)/1% ; 0, 112 I VoY

CH£i
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The series approximation to 7(x, z) is

J J
i, =) ) rdovaw),

j=1 k=1

where
J
Cik = Zdjedke-
=1

K is a known function, so it is always possible to choose J large enough to make
the series approximations as accurate as one likes. Let DD and € be the J x J
matrices whose (j, k) elements are El](k_ D and Cjk» respectively. Let W(z, w) be the
JxJ matrix whose (j, k) elementis v;(z)¥(w). Then with the series approximations
to the kernel estimators,

n
2@ =n"Y Yi(C+a) ' DU Wy,
i=1
The right-hand side of this equation can be computed using only finite-dimensional
matrix operations.

5.4.2 Estimation by Series Truncation When T Is Unknown

When T is unknown, its eigenvalues and eigenfunctions, {A;, ¢;: j =
1, 2, ..., J}, are also unknown, so (5.69) cannot be implemented. One way of
solving this problem is to estimate 7 consistently, as is done in Tikhonov regular-
ization, and then replace {A;, ¢;} in (5.69) with the eigenvalues and eigenfunctions
of the estimated operator. However, Hall and Horowitz (2007) show that consistent
estimation of eigenfunctions requires assumptions about the spacing of eigenval-
ues that may be undesirable in applications. The need for these assumptions can be
avoided by using a series estimation method whose basis consists of known func-
tions instead of the unknown eigenfunctions of 7. We now describe this estimation
method.

Let {¢;: j =1, 2, ...} be a basis for L,[0, 1]. That is, for each function i €
L,[0, 1], there are coefficients {y;: j=1, 2, ...} such that

J
li - il = 0. .
Jim ;)/]1//] 0 (5.79)
j:
Write
o
h=7 vV
j=1

when (5.79) holds. Examples of bases are given in Section A.2.3 of the Appendix.
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Using the basis {1}, the series representation of g is

o0
g=>y_ B
j=1
where {;: j=1, 2, ...} are constant coefficients. If {1/;} is an orthonormal basis,

meaning that <1ﬂj, 1//k) = 1if j = k and O otherwise, then 8; = <g, 1//j>. Otherwise,
the B;s solve the problem

2
oo
minimize: |g — Z biyri| .
=

by, by,

The truncated series approximation to g is

J
g= > BV
=1

for some finite J. We now discuss how to estimate the coefficients {f;}. The dis-
cussion is based on Blundell et al. (2007). Newey and Powell (2003) describe an
alternative approach to series estimation of g.

For any h € L,[0, 1], define p(w, h) = E[Y — h(X)|W = w]. Model (5.4)
implies that p(w, g) = 0forallw € [0, 1] except, possibly, a set of w values whose
probability is zero. In addition, if g is identified, then

E[p(W, )] =0 (5.80)

only if h = g. Therefore, g minimizes the left-hand side of (5.80). If the distribution
of (¥, X, W) were known, the B;s and, therefore, g could be found by solving the
problem

2

o
minimize :E | p | W, biy; . (5.81)
by, by, ... ; g

When the distribution of (Y, X, W) is unknown, we can solve an empirical analog
of (5.81).

To construct the empirical analog, observe that p(w, &) can be estimated by car-
rying out the nonparametric regression of ¥ — h(X) on W. Suppose this is done by
using a series estimator. Nonparametric series estimation is discussed in Section
A.3.2 of the Appendix. In general, the basis functions and length of the series used
to approximate p can be different from those used to approximate g. Here, however,
we use the same basis functions and series length for both purposes.
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For any h € L»[0, 1], p(w, h) is estimated by

J
pw, By =Y ax(h)yr(w),

k=1
where the coefficients ay(h) solve

2
n J
minimize: Z [Yi — h(X;) — Zaklﬁk(Wi):| .
i=1 k=1
The solution to this least-squares estimation problem is

a(h) = (W'W)"W'R(h),

where @(h) is the J x 1 vector whose jth component is @;(h), W is the n x J matrix
whose (i, j) component is ;(W;), R(h) is the n x 1 vector whose i’th component
is ¥; — i(X;), and (W'W)~ is the Moore—Penrose generalized inverse of W' W, The
sample analog of E[p(W, h)]? is the sample average of p(w, h)%. This is

n
nt Y AW b’
i=1

The coefficients of the series approximation of / are estimated by minimizing this

sample average. Thus, the estimated coefficients /§1, cees ,3 7 solve
n J 2
L -1 A
minimize : n o\ W, biv; | , (5.82)
by, by, ..., byjeB; ; ; e

where Bj is a parameter set that is described below. The estimator of g is
J
2= Z Biv;. (5.83)
j=1

We now investigate the statistical properties of g. To see the issues that are
involved with a minimum of complexity, assume for now that {1/} is an orthonormal
basis. Observe that the moment condition E[Y — h(X)|W = w] = 0 is equivalent to
the operator equation

m=Ag, (5.84)

where m(w) = E(Y|W = w),

1
(Ah)(w) = /o hQOfx w(xIW = w)dx
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for any i € L»[0, 1], and fxw is the density of X conditional on W. The functions
m and fx|w have series representations

m(w) =y mi(w)
j=1

and
Saw W =w) =" qu)y(w),
j=1 k=1
where
1
mj = /() mw)yri(w)dw
and

1 1
qjk = fo /O Sxiw X |W = w)vr()y(w)dxdw.

Therefore, (5.84) is equivalent to

D mnw)y =D Bigu(w),

k=1 j=1 k=1

and to the system of linear equations

o0
mk:ZIBijk; k=1,2, ...
J=1

Regularization by series truncation keeps only the first J terms in the series expan-
sions of m and g. Thus, series truncation yields the system of equations

J

me= Y bigps k=1, ..., J. (5.85)
k=1

The estimator (5.83) is obtained by replacing the nys and gjxs with estimators. The
estimators of the mys are the slope coefficients obtained from the nonparametric
series regression of ¥ on W. The resulting estimator of my is the kth component of
the J x 1 vector

= (VW) W'Y,

The estimators of the gj;s are the coefficients obtained from the nonparametric series
regressions of ¥;(X) j =1, ..., J)on W. The resulting estimator of gj is the (j, k)
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element of the J x J matrix
0= (VW) Wy,

where Y = (Y, ..., Y,) and Wy is the n x J matrix whose (i, j) element is ¥;(X;).
The Bis are estimated by solving the problem

J

2
J
minimize my — bigi | . (5.86)
b], bz, ceey b]GB] Z( ; S )

k=1

Let /m and b denote the J x 1 vectors whose jth elements are m; and b;, respectively.
Let Q denote the J x J matrix whose elements are gjx (j, Kk = 1, ..., J). The
solution to (5.85) is b = Q‘lrh. If the constraint by, ..., b; € B is not binding,
then the solution to (5.86) is the J x 1 vector

A A

B =0

The corresponding series estimator of g is given by (5.83).

The factors that control the rate of convergence of the series estimator g in (5.83)
to g can now be seen. One factor is the rate of convergence to zero of the errors made
by truncating the series expansions of g and m. If these errors converge slowly, then
£ will converge to g slowly. Second, the rate convergence of g depends on the rate
at which the smallest singular value of Q converges to zero as J — oo. The singular
values of Q are the square roots of the eigenvalues of Q'Q. If the smallest singular
value converges to zero rapidly, then small changes in m can produce large changes
in O~ 'm. Similarly, random sampling errors in 72 and O can produce large changes
in Q’lﬁu thereby causing the variance of b tobe large and the rate of convergence of
g to be slow. The dependence of the rate of convergence of g on the singular values
of Q is a reflection of the ill-posed inverse problem.

The errors made by truncating the series expansions of g and m are related to the
smoothness of these functions. Let # have r continuous derivatives that are bounded
by a constant, C1 < 00. Then for a wide variety of bases {1} including trigonomet-
ric functions, orthogonal polynomials, and splines (see the Appendix), there are a
constant C; < oo that does not depend on /4 and coefficients {y;} for which

J
sup |h(x) = > (0| = Co " (5.87)

xel0, 1] =1

It follows that the error made by truncating the series to approximations g and m
can be controlled by requiring these functions to have r derivatives for some r > 0
so that (5.87) holds with & = g and & = m. It is useful for the series estimators of
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these functions to have the same smoothness properties. This can be accomplished
by defining the set 5 in (5.82) and (5.86) by

a* <
BJ= by, ..., by: sup —kijwj(x) <Ci;k=0, ..., r¢,
xelo, 17| 4" =
where d*h/dx* = hifk = 0.1f by, ..., by € By, then h = Zle by is in the
function space
J
Hy={h=> by sup |dh(x)/d| <C1. k=0, ..., r
=1 x€l0, 1]
The sequence {H,;: J =1, 2, ...} of expanding sets of functions is called a sieve.

Estimators consisting of members of these sets are called sieve estimators of g.
Using the sieve space Hy, (5.82) and (5.83) can be combined to yield

n
~ . -1 ~ 2
= § Wi, h)*. 5.88
8 arghneggj n i=1p(l ) (5.88)

To state the condition that controls the rate of convergence of the eigenvalues of
Q, define

\/ E[h(X0))

Ty = sup 5

neH,, hzo \ Ew{Ex[R(X)|W]}

The required condition is 7; = J* (Blundell et al. 2007). There is no simple intuitive

interpretation of this condition.
Now make the following assumptions.

SEl: (i) The data {Y;, X;, W;:i = 1, ..., n} are a simple random sam-
ple of (Y, X, W). (ii) The support of (X, W) is contained in [0, 112, (iii)
E[Y — g(X)|W = w] = 0 for all w except, possibly, a set of w values whose
probability is 0. (iv) The operator A defined in (5.84) is nonsingular.

SE2: (i) The distribution of (X, W) has a bounded density. (ii) The probability
density of W satisfies fy(w) > Cr for some constant Cy > 0 and all w €
[0, 1]. (iii) E(Y2|W = w) is bounded uniformly by C. (iv) 7; =< J* for some
s > 0.

SE3: The function g has r > 1 continuous derivatives that are bounded in abso-
lute value by C everywhere on [0, 1].

SE4: (i) The basis functions {1} satisfy (5.87). (ii) The eigenvalues of E(W'W)
are bounded away from zero, where W is the n x J matrix whose (i, j) com-
ponent is ¥;(W;). (iii) The truncation parameter, J, satisfies J oc n!/2r+2s+D,

Assumption SE1 specifies the model and the sampling process that generates the
data. SE2(i) controls the rate of convergence of the singular values of the series
approximation to the operator A. SE2(ii) is needed because p is an estimator of a
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conditional mean function. SE2(ii) ensures that p converges to p near the bound-
aries of the support of W. SE3 and SE4(i) control the rates of convergence of the
series approximations used to obtain g. SE4(ii) is analogous to assuming that the
information matrix in maximume-likelihood estimation is nonsingular.

The following theorem gives the rate of convergence of g in (5.88). It is a simpli-
fied version of the results of Theorems 2 and 3 of Blundell et al. (2007).

Theorem 5.8: Let SEI-SE4 hold. Let g be the estimator (5.88). Then

”g _ g”2 _ Op[n—2r/(2r+23+l)]' ]

Chen and Reiss (2007) show that this rate is the fastest possible under assumptions
SE1-SE4. Specifically, let P denote the class of distributions of (¥, X, W) that
satisfy SE1-SE3 with fixed values of C, Cy, r, and s. Let g denote any estimator
of g. Then for any ¢ > 0,

lim inf inf sup P[n2/ 2D |z _ o2

n—oo g PEg

>¢] > 0.

5.4.2.1 Computation of §

Problems (5.82) and (5.88) are quadratic programming problems that can be solved
using algorithms that are implemented in many software packages. In large samples,
the constraint 2 € H; is not binding, and g can be estimated by solving (5.82) or
(5.88) without imposing the constraint by, ..., by € B or h € H;. The uncon-
strained problem has the analytic solution

8 = ULV, W (W W)™ W/ Wy ]~ W (W)WY,

where &x = [Y1(x), ..., ¥yx)]. In smaller samples, it is possible to replace
(5.82) and (5.88) with a suitable unconstrained optimization problem that also has an
analytic solution. Blundell et al. (2007) obtained good numerical results by replac-
ing (5.82) with the unconstrained penalized optimization problem
n J 2
inimize : o | W;, by Anb' ®b, 5.89
minimize Z A WL b | + (5.89)

cees

i=1 j=1

where {A,} is a sequence of positive constants that converges to zero as n — oo and
® is aJ x J positive-definite matrix. Problem (5.89) has the analytic solution

2= Ux[Wp W (W W)~ W/ Wy + 2, ] W W(W/' W)~ W'Y,
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Blundell et al. (2007) set

D = + Py,

where @ = W/ W /n,

1
Dy = / YO wyy D (w)' dy,
0

and ¥ is the J x 1 vector whose jth component is d" ¥;/dw. Limited Monte Carlo
experimentation suggests that good results can also be obtained with ® = & or by
setting ® equal to the J x J identity matrix, but more experience is needed before
this conclusion can be drawn with confidence.

The choice of the basis functions {1} is an important practical concern in series
estimation. Because the ill-posed inverse problem prevents accurate estimation of
high-order coefficients of the series approximation to g, it is desirable to choose a
basis that provides a good low-order approximation. Formal methods for doing this
are not yet available. Similarly, methods for choosing J and A in applications are not
yet available.

5.5 Other Approaches to Nonparametric
Instrumental-Variables Estimation

This section outlines two additional approaches to nonparametric IV estimation.
One is a quantile version of nonparametric IV. The other approach is based on an
assumption about the conditional mean of U that is different from the assumption
E(U|W = w) = 0 that is used in Sections 5.3 and 5.4.

5.5.1 Nonparametric Quantile IV

In nonparametric quantile IV estimation
Y=gX)+U;, PU=<OIW=w) =« (5.90)

for some « satisfying 0 < o < 1 and every w in the support of W except, pos-
sibly, w values in a set whose probability is zero. In this model, the a-quantile of
U conditional on W is zero. The conditional mean of U is not specified and need
not exist.

To outline the issues involved in estimation of g in this model, assume as before
that the support of (X, W) is contained in [0, 1]2. Let Fy|xw denote the cumulative
distribution function of Y conditional on (X, W), fxw denote the probability density
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function of (X, W), and fi denote the probability density function of W. Define
Fyxw = Fy;xwfxw. Then (5.90) is equivalent to

PIY —g(X) = O|W =w] = a.

which implies that

1
/0 Fyxwlg(x), x, wldx = afw(w). (5.91)

Equation (5.91) shows that g in (5.90) is the solution to a nonlinear integral equa-
tion. In contrast, g in (5.4) is the solution to the linear integral equation (5.40).
Chernozhukov and Hansen (2005, Theorem 4) give conditions under which (5.91)
uniquely identifies g.

The nonlinearity of (5.91) makes estimation of g in (5.90) much more compli-
cated than estimation of g in (5.4). As in (5.4), estimation of g presents an ill-posed
inverse problem, so g cannot be estimated consistently by simply replacing Fyxw
and fy in (5.91) with consistent estimators. It is necessary to regularize the ill-posed
problem. Horowitz and Lee (2007) proposed using a version of Tikhonov regulariza-
tion with kernel estimators of Fyxw and fy to estimate g. Horowitz and Lee (2007)
give conditions under which their estimator is consistent for g in the L, norm, and
they derive its rate of convergence in probability. Chen and Pouzo (2008) propose a
sieve estimator. They give conditions for its consistency and derive its rate of con-
vergence in probability.

5.5.2 Control Functions
Another version of the nonparametric IV problem is given by the model
Y=gX)+ U EU|V=v, W=w)=EU|V =v), (5.92)

where V = X — E(X|W). This model is nonnested with (5.4) because it does not
require E(U|W = w) = 0, and E(U|W = w) = 0 does not imply that E(U|V =
v, W=w)=EU|V =v).

In model (5.92), conditioning on (X, W) is equivalent to conditioning on
vV, W), so

EY|X, W) =gX)+EU|X, W)

is equivalent to

E(Y|X, W) = g(X) + EUIV, W)
= g(X) + E(UIV).
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Define h(v) = E(U|V = v). Then we can write

EY|X,V) = gX)+ (V). (5.93)
The unknown function 4 is called a control function because it “controls” for the
influence of X on U. If V were observable, then (5.93) would be a nonparametric
additive model, and g and & could be estimated using the methods of Chapter 3.
Although V is not observed, it can be estimated by replacing E(X|W) by a non-
parametric estimator such as a kernel or series estimator. Let E(X |W) denote the
estimator. Then V is estimated by V=Xx- f:"(X |[W), and g and & can be estimated
by replacing V with V in (5.93). Newey et al. (1999) give conditions under which
this procedure results in a consistent estimator of g, and they derive the estimator’s
rate of convergence in probability.

5.6 An Empirical Example

Blundell et al. (2007) used data from the British Family Expenditure Survey to esti-
mate Engel curves for a variety of goods. An Engel curve relates expenditures on a
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Fig. 5.4 Nonparametric estimate of Engel curve for food consumed out of the home.
Source: Blundell et al. (2007)
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Fig. 5.5 Nonparametric estimate of Engel curve for fuel.
Source: Blundell et al. (2007)

specific good or class of goods to a household’s total expenditures. The model that
Blundell, Chen, and Kristensen estimated is (5.4), where Y is a household’s expendi-
ture share on the good in question (that is, expenditures on the good divided by total
expenditures), X is the logarithm of the household’s total expenditures, and W is
the logarithm of the household’s gross earnings. The estimation method was series
truncation with a cubic B-spline basis. The sample included 628 households without
children. Figures 5.4 and 5.5 show the estimated Engel curves for food consumed
out of the home (Fig. 5.4) and fuel (Fig. 5.5) for such households. In each figure,
the solid line is the estimated Engel curve, and the dotted lines are pointwise 95%
confidence limits that were obtained by a bootstrap procedure. Both Engel curves
are nonlinear with shapes that are different from those produced by simple paramet-
ric models such as linear or quadratic models. Thus, the estimation results illustrate
the ability of nonparametric methods to reveal aspects of data that would be hard to
detect using conventional parametric models.



Chapter 6
Transformation Models

This chapter is concerned with estimating models of the form
T(Y)=Xp+U, (6.1)

where T is a strictly increasing function, Y is an observed dependent variable, X
is an observed random vector, 8 is a vector of constant parameters that is con-
formable with X, and U is an unobserved random variable that is independent
of X. T is assumed to be strictly increasing to ensure that (6.1) uniquely deter-
mines Y as a function of X and U. In applied econometrics, models of the form
(6.1) are used frequently for the analysis of duration data and estimation of hedo-
nic price functions. Familiar versions of (6.1) include the proportional hazards
model, the accelerated failure time model, and the Box—Cox (1964) regression
model.

Let F denote the CDF of U. The statistical problem addressed in this chapter is
estimating 8, T, and F when T and F are not both known. If T and F are known
or known up to finite-dimensional parameters, then § and any parameters of 7 and
F can be estimated by the method of maximum likelihood. In this chapter, it is
assumed that at least one of the functions 7 and F' does not belong to a known,
finite-dimensional parametric family. Three cases are discussed. In Section 6.1, T
is parametric (that is, known up to a finite-dimensional parameter) but F is not.
In Section 6.2, F is parametric but 7 is not, and in Section 6.3, T and F are both
nonparametric. Section 6.4 discusses the problem of predicting Y conditional on X
from estimates of 8, T, and F. Section 6.5 presents an empirical illustration of some
of the methods that are discussed in Sections 6.1-6.4.

This chapter does not discuss estimation of (6.1) when Y is censored. Censoring
occurs when one observes not Y but min (¥, C), where C is a variable that may be
either fixed or random. Censoring often arises in the analysis of duration data, which
is one of the main applications of transformation models. If Y is the duration of an
event, censoring occurs if data acquisition terminates before all the events under
observation have terminated. Most of the estimators described in this chapter can be
adapted for use with censored data. Methods for doing this are given in references
cited in Sections 6.1-6.3.

J.L. Horowitz, Semiparametric and Nonparametric Methods in Econometrics, 189
Springer Series in Statistics, DOI 10.1007/978-0-387-92870-8_6,
© Springer Science+Business Media, LLC 2009
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It is assumed in this chapter that E[T(Y)|X = x] is a linear function of x. Linton
et al. (1997) and Linton et al. (2008) present estimators for versions of (6.1) in
which T is parametric but E[T(Y)|X = x] contains nonparametric components. An
example of this is E[T(Y)|X = x] = my(x") + --- + ma(x?), where ¥ is the j th
component of the d-vector x and my, ..., mg are unknown functions.

6.1 Estimation with Parametric 7 and Nonparametric F

In this section it is assumed that 7"is known up to a finite-dimensional parameter, «.
In this case, (6.1) has the form

TY, a)=XB8+ U, (6.2)

where T is a known function and U is independent of X. It can be assumed without
loss of generality that E(U) = 0, and this will be done except as otherwise noted.
The discussion in this section begins by presenting some important forms of 7. Then
methods for estimating «, 8, and F are discussed.

One well-known form of 7 is the Box—Cox (1964) transformation:

=1

if 0
TY, a)= a a# . (6.3)

logyif a=0

This transformation is widely used but has the disadvantage of requiring Y in (6.2)
to be nonnegative unless a is a nonzero integer. Moreover, T(y, a) is bounded from
below (above) if @ > 0 (a < 0) unless a is an odd integer or 0. Therefore, the Box—
Cox transformation cannot be applied to models in which the dependent variable
can be negative or the distribution of U has unbounded support (e.g., U is normally
distributed).

Bickel and Doksum (1981) proposed overcoming this problem by assuming that
a > 0 and replacing (6.3) with

_ [y|“ sgn(y) — 1
—

I(y, @) (6.4)
MacKinnon and Magee (1990) pointed out that (6.4) also can have disadvantages in
applications. In particular, T(y, a) does not have a finite limitasa — 0ify < 0
and T(y, a)is very steep near y = 0 if a is small.

MacKinnon and Magee (1990) proposed the family of transformations

H
TG, a) = (;'y )

where H is an increasing function that satisfies H(0) = 0, H'(0) = 1, and H"(0) # 0.
Of course, this family also has certain undesirable properties. It does not nest log y
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if y > 0, and it does not permit transformations that are skew-symmetric about
0. Other forms of T have been proposed by Johnson (1949) and John and Draper
(1980). Every parametric family of transformations, however, has characteristics
that make it unsuitable for certain applications. This is one of the motivations for
using models in which 7 is nonparametric. Such models are discussed in Sections
6.2 and 6.3.

Regardless of the form of 7, the inferential problem in (6.2) is to estimate «,
B, and F from observations of (Y, X). Denote the estimation data by {Y;, X;:i =
1, ..., n} and assume that they are a random sample from the joint distribution of
(Y, X). Let a, and b,, denote the estimators of « and S, respectively.

Given consistent estimators of « and S, estimation of F is straightforward. Sup-
pose that a,, and b, are n~'/2-consistent. Suppose, also, that F is differentiable and
that T is a differentiable function of both of its arguments. Then, it is not difficult to
show that F is estimated n~!/2-consistently by the empirical distribution function of
the residuals T(Y;, a,) — X/b, (i=1, ..., n).

Now consider the problem of estimating @ and B. One estimation method that
may seem attractive is nonlinear least squares. That is, a, and b,, solve

S 1 - /1,12
minimize Sn(a, b) =~ Z (T(Y;, a) — X/b].
i=1
However, the resulting estimators are inconsistent for « and 8. To see why, observe
that the first-order conditions for minimizing S, are

n

3S,(a, b) 2 aT(Y;, a) /
_2_2:—“&, —Xb]l=0 6.5
da nis da [ (¥, a) ' ] ©>
and
dSu(a, b) P
"a_b = _ZE :Xi [T(Y;, a) — X/b] = 0. (6.6)

i=1

Suppose that 7" and 07 (y, a)/da are continuous functions of a. Suppose, also,
that a,, and b,, converge almost surely to & and 8. Then it follows from the uniform
strong law of large numbers (Jennrich 1969) that

9Su(an, by) 0Su(a, B)
—E
da da

and

Su(an, by) dSn(a, B)
—F
ob ob

almost surely as n — oo. Therefore
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EaSn(C(, ﬂ) =E8Sn(a’ ﬂ) —
da ob

ifa, — o and b, — B almost surely. But 7(Y;, o) — leﬂ = U;. Therefore

0

EBSn(oz, B) =E[8T(Y, a) U:|

da da
and
0S,(c,
gl B) E(XU).
b
Now, E(XU) = 0 because E(U)=0 and U and X are independent. But

E{[0T(Y, «)/da]U} # 0 in general because Y is correlated with U. Therefore, the
assumption that a, and b, are consistent for & and g leads to a contradiction. It
follows that the nonlinear least-squares estimators of « and § are inconsistent.

Examination of (6.5) and (6.6) shows that the nonlinear least-squares estima-
tor is an instrumental-variables estimator in which the instruments are X and an
estimate of d7(Y, «)/da. As is well known, consistent instrumental-variables esti-
mation requires that the instruments be uncorrelated with U. Viewed from this
perspective, the cause of inconsistency of the nonlinear least-squares estimator is
that d7(Y, «)/da is correlated with U and, therefore, is not a valid instrument.
This observation suggests that a consistent estimator can be obtained by replacing
dT(Y, a)/da in (6.6) with a valid instrument.

Let Wbe a column vector of valid instruments. Validity requires that E(WU) = 0
and dim (W) > dim (B8) + 1. Powers, cross-products, and other nonlinear functions
of components of X can be used to form W. The choice of instruments is discussed
further in Section 6.1.1. Given W, « and B can be estimated by the generalized
method of moments (GMM) based on the population moment condition

E{WIT(Y, &) = X'Bl} =0, (6.7)
provided that this equation uniquely determines « and B. The estimator solves

mininblize: Gn(a, bY2,Gu(a, b), (6.8)
a,

where

n
Gula, b)=n""Y " WIT(Y;, a) — X;b]

i=1
and €2, is a positive-definite, possibly stochastic matrix. One possible choice of
Q, is (WW)~!, in which case (6.8) gives the nonlinear, two-stage least-squares
(NL2SLS) estimator of o and 8 (Amemiya 1985). Amemiya and Powell (1981)
discuss the use of NL2SLS for estimation of (6.2) when T is the Box—Cox
transformation.
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It is also possible to obtain an estimator of (, 8’) that is asymptotically efficient
for the specified instruments, W, even if U is not independent of X, provided that
E(U|X = x) = 0. To do this, set 2, equal to the following estimator of y =
(EWW'[T(Y, o) = X'BI} 7"

-1

n

Quo = {n"' Y WWIT(Y, a,»—xgianF} : (6.9)
i=1

where (ay,, Z;;,)/ is a preliminary consistent estimator of (a, 8’) (possibly the
NL2SLS estimator).

If U in (6.2) is independent of X, then NL2SLS is the asymptotically efficient
estimator based on (6.7), and the second estimation stage is not needed. How-
ever, NS2SLS does not fully exploit the implications of the independence assump-
tion. When independence holds, further improvements in asymptotic efficiency may
be possible by augmenting (6.7) with moment conditions based on higher-order
moments of U. See Newey (1993) for further discussion of this possibility.

The asymptotic distributional properties of GMM estimators were derived by
Hansen (1982). Define 6 = (o, B’) and 6, = (a,, b),)'. Hansen (1982) showed that
under mild regularity conditions, 6, is a consistent estimator of 8. Moreover,

n'2(6, — 6)-% N, V), (6.10)
where
v =('eD)"'D'ee;'ebD'eD) !,
) (6.11)
D=E—-W[T(Y, a)—XB],
36
and
Q = plim ,
n — oo

V can be estimated consistently by replacing D in (6.11) by
D, — Gy (a, /3)’
a0

Q with €, and Qg with £2,,9. Thus, (6.10) and (6.11) make it possible to carry out
inference about 6 in sufficiently large samples.

6.1.1 Choosing the Instruments
It is clear from (6.11) that the covariance matrix of the asymptotic distribution of

n'/2(6, —0) depends on the choice of instruments, W. This suggests choosing instru-
ments that maximize the asymptotic efficiency of the estimator.



194 6 Transformation Models

The problem of optimal choice of instruments has been investigated by Newey
(1990, 1993) and Robinson (1991). Define ol(x) = Var(U|X = x) and

ol
Alx) = E{£[T(Y, a)— X BlIX = x} . (6.12)
Then the optimal instruments for estimating 6 are

Wop(X) = CAX)/o(X),

where C is any nonsingular matrix. If U is independent of X, then o2(x) is a con-
stant and can be dropped from the expression for W, If W, were known, the
asymptotic efficiency of an estimator of (@, B’) would be maximized by solving
(6.8) with W; = W,,(X;) and 2, = Q0.

Of course, this estimator is not feasible because «, 8, az(x), and the conditional
expectation in (6.12) are unknown. However, the estimator remains asymptotically
efficient if the unknown quantities are replaced by suitable consistent estimators
(Newey 1990, 1993; Robinson 1991). Specifically, « and B can be replaced with
consistent but inefficient estimators, such as a, and Bn. The conditional expectation
in (6.12) can be replaced by a nonparametric regression estimator of the conditional
mean of (3/d[T(Y, a,) — X' l;,,], and oz(x) can be replaced by a nonparametric
regression estimator of the conditional variance of T(Y, a,)—X’ by. Newey suggests
using nearest-neighbor or series nonparametric mean-regression estimators to avoid
technical difficulties that are associated with the random denominators of kernel
estimators. However, kernel estimators can undoubtedly be made to work as well.
See Newey (1990, 1993) for detailed discussions of the nearest-neighbor and series
estimation approaches.

6.1.2 The Box—Cox Regression Model

The Box—Cox regression model is the version of model (6.2) that results when
T(y, a) is given by (6.3). The parameters « and 8 can be estimated by GMM if
they are uniquely determined by the moment condition (6.7). However, Foster et al.
(2001) have shown that, depending on the distribution of X, (6.7) may have multiple
or even infinitely many solutions. When this happens, GMM does not estimate o
and B consistently.

Foster et al. (2001) have proposed a minimum-distance estimator that overcomes
this problem if U in (6.2) is independent of X. Define b,(a) to be the ordinary least-
squares estimator of 8 that would be obtained if « had the value a. That is, b,(a) is
the solution to

n
minibmize: Z [T(Y:, a) —Xz{b]z

i=1
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with T given by (6.3). The solution to this problem is

n -1 n
bn(a) = (Zx,-x;) D XTI, a).
i=1 i=1
Define U; = T(Y;, a) — X'bu(a) (i = 1, ..., n)to be the least-squares residuals
from estimation of (6.2), and let F,[u;a, b,(a)] denote the empirical distribution
function of these residuals. Thus,

Fulu; a, by(@)] =n~" Y " 1(U; < w,
i=1

where I is the indicator function. Let Fy denote the CDF of U. Then,
P(Y <y) = EI(Y <y) = EFy[T(y, @) — X'Bl.

Moreover, b,(«) is a consistent estimator of B. Therefore, E{F,[T(y, o) —
X' b,(a);a, by(a)]} should be close to EI(Y <y) for any y, but E{F,[T(y, a) —
X' by(a);a, by(a)]} is likely to be very different from EI(Y <y). This suggests
estimating « by solving the following minimum-distance problem:

minimize : Ry[a, bp(a)]=n"" Z / {I(Y; < u) — Fu[T(y, a) — X} bu(a)]}>w(u)du,
“ i=1 Y0

where w is a positive, deterministic, bounded weight function. Let a,, be the solution
to this problem. Foster et al. (2001) show that [a,, b,(a,)’]’ consistently estimates
(a, B’Y in the Box—Cox regression model. Specifically, they prove the following
theorem.

Theorem 6.1: Let the data {Y;, X;:i = 1, ..., n} be an independent random
sample from model (6.2) and (6.3). Assume that U is independent of X and that
X'B has at least two possible values. Then the joint asymptotic distribution of
n1/2[b,,(an) — Bl and nl/z(an — a) is normal with mean 0 and a finite covariance
matrix. B

The covariance matrix of the asymptotic distribution of the estimator of Foster
et al. (2001) is hard to estimate. Foster et al. (2001) present a resampling method
that avoids the need for estimating the covariance matrix. To describe this method,
let {G;:i=1, ...,.} bearandom sample generated by a positive, bounded random
variable with known mean y and variance 9u%. Define

o0
Tijk(a, b) =/ nYi, Xi, Yj, Xj, Yi, Xy, a, b, hw(t)dt,
0
where

n(Yi, Xi, Yj, X, Yi, Xk, a, b, ) =[I(Y; = 1) — pjj(a, b, DIU(Y; = 1) — ¢ix(a, b, 1)]
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and
dija. b, 1) =IT(Y;, @) ~Xjb < Tt. &)= Xib].
Define
n
Spta, by=n""" " Ta, b)Gi+ Gj+ Gy
i, j, k=1
and

n
Vi@, by=n"" > XiT(Yi. a)— X;b)(Gi+ Gj+ Gy).
i, j, k=1

Condition on the data {Y;, X;}. The resampling procedure is as follows.

Step 1: Draw a random sample {G;:i=1, ..., n}.
Step 2: Let b} (a) be the solution to V,'(a, b) = 0. Compute

a, = argminS;[a, b} (a)].
a

Step 3: Repeat steps 1 and 2 M times, where M is a large integer. Let {a
(a,):m=12, ..., M}be the resulting estimates of &z and B.

* k
nm> bnm

Foster et al. (2001) show that under the assumptions of Theorem 6.1, the joint
asymptotic distribution of !/ 2(a; —ay) and n'/2 [b}(a})—Db,] induced by this resam-
pling procedure is the same as that of n'/?(a,, — a) and n'/?[b,(a,) — B]. Therefore,
the resampling procedure can be used to obtain confidence intervals for and test
hypotheses about o and 8.

6.1.3 The Weibull Hazard Model with Unobserved Heterogeneity

The Weibull hazard model with unobserved heterogeneity is a special case of (6.2)
that is important in the analysis of duration data and unusually difficult to estimate.
To describe this model, define P(- |x) to be the CDF of Y conditional on X = x and
define p(- |x) to be the conditional density of Y. The conditional hazard of Y at the
point (y, x) is defined as the density of Y at y conditional on ¥ > y and X = x.
Formally, the conditional hazard function, A(y|x), is

p(ylx)
1 —POlx)’

Let F and f, respectively, denote the CDF and density function of U. Then P(y|x) =
F[T(y, ) — X'B], and

Ayl = (6.13)
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_ TG, @) fITO. @) - X'B]

M = T T T RITG, @ - X1

(6.14)

The Weibull hazard model is obtained by setting 7(y, @) = log (y*) for some
o > 0 and assuming that U has the extreme-value distribution whose CDF is F(u) =
1 —exp (— €"). Substituting these functions into (6.14) yields the conditional hazard
function

AGlx) = ay* e VP, (6.15)
Substitution of T(y, «) = log (y*) into (6.2) gives the equivalent model
alogY =X'B+ U, (6.16)

where F(u) = 1 — exp (— €"). In this model, E(U) is a nonzero constant, rather than
zero as assumed in (6.2). However, this change of the location of U can be absorbed
in the coefficient of an intercept component of X and, therefore, has no substantive
significance.

The Weibull hazard model with unobserved heterogeneity is obtained from (6.15)
and (6.16) by assuming that in addition to the observed covariates, X, there is an
unobserved covariate, also called unobserved heterogeneity or frailty. For exam-
ple, if Y is the duration of a spell of unemployment, then the unobserved covariate
might represent personal characteristics that affect an individual’s attractiveness to
employers but are unobserved by the analyst. The unobserved covariate enters the
model as an unobserved random variable, V. Thus, in the Weibull hazard model with
unobserved heterogeneity, (6.15) and (6.16) become

AGlx) = ay? le VAV (6.17)
and
alogY =X'B+U+V. (6.18)

In this section, it is assumed that V is independent of X and U but that its distribution
is otherwise unknown. If the distribution of V were known up to a finite-dimensional
parameter, then (6.17) and (6.18) would be a fully parametric model that could be
estimated by maximum likelihood. See, for example, Lancaster (1979).

When (6.18) holds, the moment condition (6.7) becomes

E[W(alogY — X'B)] = 0.
Equivalently,
aE[W(logY —X'y)]1 =0, (6.19)

where y = B/«. Equation (6.19) reveals why the Weibull hazard model with unob-
served heterogeneity is difficult to estimate. Equation (6.19) holds for any value
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of «. Therefore, (6.19) and (6.7) do not identify & and cannot be used to form esti-
mators of «. Equation (6.19) does identify y, however. In fact, y can be estimated
consistently by applying ordinary least squares to

logY =Xy +v, (6.20)

where v is a random variable whose mean is zero.

Although (6.7) and (6.19) do not identify «, this parameter is, nonetheless, iden-
tified if e~V < oo. The distribution of V is also identified. Elbers and Ridder (1982),
Heckman and Singer (1984a), and Ridder (1990) provide detailed discussions of
identification in the proportional hazards model with unobserved heterogeneity. The
fact that o and the distribution of V are identified suggests that they and 8 = «ay
should be estimable, though not by GMM based on (6.7) or (6.19).

Before discussing methods for estimating «, 8, and the distribution of V, it is
useful to consider how rapidly such estimators can be expected to converge. The
parameter y = f/a can be estimated with a n~!/? rate of convergence by applying
ordinary least squares to (6.20). Ishwaran (1996) has shown that the fastest possible
rate of convergence of an estimator of o and, therefore, of S is n~4/Q2d+D) where
d > 0 is the largest number such that Ee*?V < 0o, Thus, « and B cannot be estimated
with n~1/2 rates of convergence.

Estimating the distribution of V is a problem in deconvolution. The fastest pos-
sible rate of convergence of an estimator of the CDF or density of V is a power of
(logn)~!. To see why, let I' denote the CDF of V, and define W = alog Y — X'B.
Then W = V + U, and the distribution of W is the convolution of the distribution
of U, which is known, and the unknown distribution of V. If « and  were known,
then each observation of Y and X would produce an observation of W. The problem
of estimating the distribution of V from observations of W would then be a decon-
volution problem of the type discussed in Section 5.1. As was explained in Section
5.1, the rate of convergence of an estimator of I" is determined by the thickness of
the tails of the characteristic function of U. It can be shown that in the Weibull haz-
ard model, where F(u) = 1 — exp (— €"), the tails of the characteristic function of
U decrease exponentially fast. Therefore, for reasons explained in Section 5.1, an
estimator of I' can have at most a logarithmic rate of convergence. Of course, o and
B are not known in applications, but lack of knowledge of these parameters can-
not accelerate the convergence of an estimator of I". Thus, the rate-of-convergence
result for known « and 8 also holds when these parameters are unknown.

Methods for estimating «, 8, and I will now be discussed. Heckman and Singer
(1984b) suggested estimating «, B, and the distribution of V simultaneously by non-
parametric maximum-likelihood estimation. To set up this approach, observe that
by (6.18), the density of Y conditionalon X = xand V = vis

oL v o B) =y e P exp (<), (6.21)

Therefore, the density of ¥ conditional on X = x is
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pOlx, a, B, T) = /ay“_le_x/ﬂ_v exp (—y“e_",ﬁ_") dr (v). (6.22)

Now let {Y;, X;:i = 1, ..., n} be a random sample of the joint distribution of
(Y, X). The log likelihood of the sample at parameter values a, b, and G is

n
log Lu(a, b, G)= ) p(YilXi, a, b, G). (6.23)

i=1

The estimator of Heckman and Singer (1984b) is obtained by maximizing log L,
over a, b, and G.

The maximum-likelihood estimator of Heckman and Singer (1984b) is uncon-
ventional because it entails maximizing over an infinite-dimensional parameter (the
function G) as well as the finite-dimensional parameters a and b. Kiefer and Wol-
fowitz (1956) have given conditions under which maximum-likelihood estimators
are consistent in models with infinitely many parameters. Heckman and Singer
(1984b) show that their estimator satisfies the conditions of Kiefer and Wolfowitz
(1956) and, therefore, is consistent for «, 8, and I". The rate of convergence and
asymptotic distribution of the Heckman—Singer estimator are unknown.

The result of Heckman and Singer (1984b) is stated formally in the following
theorem.

Theorem 6.2: Let (a,, by, G,) maximize logL, in (6.23). Asn — 00, a5 —«
almost surely, b, — B almost surely, and G,(z) — I'(2) almost surely for each z
that is a continuity point of T if the following conditions hold:

(a) {Yi, Xi:i=1, ..., n}isarandom sample of (Y, X). The conditional density
of Y is given by (6.22).

(b) o and the components of 8 are contained in bounded, open intervals.

(¢) The components of X have finite first absolute moments. The support of the
distribution of X is not contained in any proper linear subspace of R, where d
is the number of components of X.

(d) The distribution of V is nondefective. That is, it does not have mass points at
—00 or 00.

(e) Ee=V <oo.l

This completes the discussion of the Heckman—Singer estimator.

Honoré (1990) has developed an estimator of « that has known asymptotic prop-
erties. Honoré considers, first, a model in which there are no covariates. The density
of Y in this model can be obtained from (6.22) by setting 8 = 0. This gives

p(y) = /ay"‘_le_veXP (=y"e ")dl (v).

The CDF of Y can be obtained by integrating p(y) and is
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P(y) = / exp (—y*e ")dT(v).
Honoré’s estimator is based on the observation that

_ . log{—log [l —P()]}
o = lim >

6.24
y =0 logy ( )

as can be verified by using 1’Hospital’s rule. The estimator is obtained by using
order statistics of Y to construct a sample analog of the right-hand side of (6.24).
The details of the construction are intricate and will not be given here. To state the
result, let Y;,,.,, denote the mth-order statistic of Yy, ..., Y. Define m; = n' =% and
my = n'=% where 0 < 83 < &; < 1. Define

1 n=% —n=%

S [
P 281 — 8y logn
Honoré’s estimator of « is

51 — 821
o = PO =)logn (6.25)
log Yy :n — 108 Yy

Honoré shows that if P(e~" > 0) > 0, Ee =2V < 00, and §; +28, > 1, then the rate of
convergence of a, to « is (log n) "' n =173/ This rate is always slower than n=1/3,
though it can be made close to n~!/3 by choosing 81 and 8> appropriately. Honoré
also shows that the centered and normalized form of a,, is asymptotically normally
distributed. Specifically

(@:0) " (an — @) S NO, D), (6.26)
where
2 1 2 b
o = . (6.27)
(61 — 82)logn n

Equations (6.26) and (6.27) make it possible to carry out statistical inference
about «.

Ishwaran (1996) derived an estimator of o whose rate of convergence is n™
which is the fastest possible rate when e~" is assumed to have only two moments.
Ishwaran (1996) does not give the asymptotic distribution of his estimator.

In models with covariates, o can be estimated by ignoring the covariates (that
is, treating them as if they were unobserved) and applying (6.25). Given estimates
an and y, of @ and y, B can be estimated by b, = a;,y;,. Honoré (1990) does not
discuss estimation of the distribution of V. This can be done, however, by applying
the deconvolution methods of Chapter 5 to the estimates of W; (i = 1, ..., n) that
are given by W,,; = a, log Y; — X/b,,.

1/3
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6.2 Estimation with Nonparametric 7 and Parametric F

This section treats the version of (6.1) in which 7 is an unknown increasing function
but the distribution of U is known or known up to a finite-dimensional parameter. To
begin, observe that (6.1) is unchanged if any constant, c, is added to the right-hand
side and T is replaced by the function 7* that is defined by 7*(y) = T(y) + c. There-
fore, a location normalization is needed to make identification possible. Here, loca-
tion normalization will consist of omitting an intercept component from X. Thus, all
components of X are nondegenerate random variables, and all components of 8 are
slope coefficients.

6.2.1 The Proportional Hazards Model

The proportional hazards model of Cox (1972) is widely used for the analysis of
duration data. This model is most frequently formulated in terms of the hazard func-
tion of the nonnegative random variable Y conditional on covariates X. This form of
the model is

A = hoe 7. (6.28)
In this model, A(y|x) is the hazard that ¥ = y conditional on X = x. The nonnega-
tive function Ag is called the baseline hazard function. The essential characteristic
of (6.28) that distinguishes it from other models is that A(y|x) is the product of a

function of y alone and a function of x alone.
To put (6.28) into the form (6.1), integrate (6.13) with respect to y to obtain

y
| reoar = ~tog 11 - PO
0
so that
y
POlx) =1 —exp [—/ A(r|x)dri| . (6.29)
0

Define the integrated baseline hazard function, Ao, by

y
Aoly) = /0 ho(T)dr.

Then substitution of (6.28) into (6.29) gives

Py|x) =1 —exp [—Ao(y)e_)‘,ﬁ] (6.30)

under the proportional hazards model. It is easily shown that (6.30) is also obtained
by assuming that Y satisfies
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log Ao(Y) =X'B+ U, 6.31)

where U has the CDF F(u) = 1 — exp (—é"). Therefore, (6.31) is the version of
(6.1) that yields the Cox (1972) proportional hazards model.

Equation (6.31) contains two unknown quantities, 8 and A¢. Both can be esti-
mated from data. Consider, first, estimation of B. Define the risk set at y as
R(y) = {i:Y; > y}. Cox (1972) proposed estimating 8 by maximizing the partial
likelihood function that is defined by

n

exp (—Xb)
L) =] | (6.32)
i=1 Z eXp (_ij)
JER(Y))

Equivalently, B can be estimated by maximizing the logarithm of the partial likeli-
hood function. This yields the partial likelihood estimator of

To understand the partial likelihood estimator intuitively, it is useful to think of
Y as the duration of some event such as a spell of unemployment. Y then has units
of time. Now consider the risk set at time Y;. Suppose it is known that among the
events in this set, exactly one terminates at time Y;. The probability density that
event j terminates at time Y; given that it is in the risk set is simply the conditional
hazard, A(Y;|X;). Since the probability that two events terminate simultaneously is
zero, the probability density that some event in the risk set terminates at time Y; is

> i)

JER(Y:)

Therefore, the probability density that the terminating event is i is

A(Yi|Xi)
> AYilXp

JER(Y))
or, by using (6.28),

exp (—X|p)
Y exp (—XB)

JER(Y)

Thus, the partial likelihood function at b= g can be interpreted as the probabil-
ity density of the observed sequence of terminations of events conditional on the
observed termination times and risk sets.

The asymptotic properties of the partial likelihood estimator have been investi-
gated by Tsiatis (1981) and by Andersen and Gill (1982). Let b, denote the par-
tial likelihood estimator. Tsiatis (1981) has shown that under regularity conditions,
b, — B almost surely as n — oo. Thus, b, is strongly consistent for 8. Tsiatis
(1981) has also shown that
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(b, — ) N(O, V), 6.33)
where
19 log L,,,(B) -
Vp =— |:npl_1)moo ZW} . (6.34)

V} is estimated consistently by

~ [10logLuypby) ]!
=TT abob ’

thereby making statistical inference about § possible. The proof of asymptotic nor-
mality of n'/?(b, — B) is an application of standard Taylor-series methods of asymp-
totic distribution theory. See Amemiya (1985) or Newey and McFadden (1994) for
a discussion of these methods.

The asymptotic normality result may be stated formally as follows:

Theorem 6.3: Let {Y;, X;:i = 1, ..., n} be a random sample of (Y, X).
Assume that the conditional hazard function of Y is given by (6.28) and that
E[XX'e=2X'P] < 00. Then the equation

dlog Lyp(b) 0
b

has a sequence of solutions {b,} that converges almost surely to B as n — oo.
Equations (6.33) and (6.34) hold for this sequence. B

The integrated baseline hazard function, A, can also be estimated. Let Py denote
the CDF of X. Define Q(y) = P(Y > y). Then

00 =1~ [ PobdPy)
- / exp [—Ao(y)e—x’ﬂ] dPy(r).
Also define
H(y) = / P exp[—Ao()e ™| dPx(x).
Then some algebra shows that
Ao(y) = — [O yH(r)_ldQ(t). (6.35)

Tsiatis (1981) proposed estimating Ao by replacing the right-hand side of (6.35)
with a sample analog. The resulting estimator is
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IOESS T ( Xy (6.36)

HSY jeR(y)

where b, is the partial likelihood estimator of 8. Under regularity conditions, A,o(y)
is a consistent estimator of Ag(y), and nl/ 2[An0(y) — Ao(y)] is asymptotically nor-
mally distributed with mean zero and a variance that can be estimated consistently.
See Tsiatis (1981) for the details of the variance and its estimator. In fact, Tsi-
atis (1981) proves the much stronger result that n'/2[A 2 [Ano(y) — Ao(y)] converges
weakly to a mean-zero Gaussian process. A mean-zero Gaussian process is a ran-
dom function, W, with the property (among others) that the random variables W(y;),
W), ..., W(yr) for any finite k£ are multivariate normally distributed with mean
zero. See Billingsley (1968) and Pollard (1984) for formal definitions of a Gaussian
process and weak convergence and for discussions of other mathematical details
that are needed to make the weak convergence results stated here precise.

In many applications, the baseline hazard function, A¢, is of greater interest than
the integrated baseline hazard function Ag. However, 1y cannot be estimated by
differentiating Ao in (6.36) because A, is a step function. A method for estimating
Ao is discussed in Section 6.2.4.

Fan et al. (1997) and Chen and Zhou (2007) considered a nonparametric version
of the proportional hazards model in which the conditional hazard function is

A(x) = Ao(y) exp [¥ ()],

where v is an unknown function. Fan et al. (1997) and Chen and Zhou (2007) show
that ¥ can be estimated nonparametrically by maximizing localized forms of the
partial likelihood function. The estimators are asymptotically normal (though not at
n~1/2 rates). Not surprisingly, they have a curse of dimensionality, so nonparametric
estimates of Y are likely to be useful only if X is low dimensional.

6.2.2 The Proportional Hazards Model with
Unobserved Heterogeneity

In the proportional hazards model with unobserved heterogeneity, an unobserved
covariate V enters the conditional hazard function in addition to the observed covari-
ates X. The hazard function of the dependent variable Y conditional on X = x and
V=vis

AGlx, V) = Ao(ne V. (6.37)
Model (6.37) is equivalent to
log Ag(Y)=X'B+V+ U,

where A is the integrated baseline hazard function and U has the CDF F(u) =
1 — exp (— €"). The Weibull hazard model with unobserved heterogeneity that was
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discussed in Section 6.1.3 is the special case of (6.37) that is obtained by assuming
that Ag(y) = y* for some @ > 0. As was discussed in Section 6.1.3, V is often inter-
preted as representing unobserved attributes of individuals that affect the duration
of the event of interest. In Section 6.1.3 it was assumed that 1¢ is known up to the
parameter « but that the distribution of V is unknown. In this section the assump-
tions are reversed. It is assumed that A is unknown and that the distribution of V is
known up to a finite-dimensional parameter.

Most approaches to estimating model (6.37) under these assumptions assume
that e~V has a gamma distribution with mean 1 and unknown variance 6. Thus, if
Z = ¢V, the probability density function of Z is

_ o1/ 1/6—1 ,—2/8
pz(2) = mz e >
where I' is the gamma function. Hougaard (1984) and Clayton and Cusick (1985)
provide early discussions of this model and its use. Hougaard (1986) and Lam and
Kuk (1997) discuss other potentially useful parametric families of distributions of
Z. The assumption E(e~") = 1 is a normalization that is needed for identification
and has no substantive consequences. This can be seen by noting that if E(e™") = i
for some finite ; # 1, then an algebraically equivalent model can be obtained by
replacing V with V' = V +log u and A with A = Ao/ . In the replacement model,
Ee V) =1.

In addition to assuming that ¢~ is gamma-distributed, most research on model
(6.37) assumes that there are no observed covariates X. Only this case will be
treated formally here. Models with covariates will be discussed informally. Parner
(1997a,b) gives a formal treatment of models with covariates.

The inferential problem to be solved is estimating 6 and A( without assuming
that A belongs to a known, finite-dimensional parametric family of functions. This
problem can be solved by forming a maximum-likelihood estimator of 6 and Ag.

To form the likelihood function, observe that by arguments identical to those
used to derive (6.30), the CDF of Y conditional on Z = zis P(Y < y|Z = z) =
1 — exp[— zAo(y)]. Therefore, the conditional density of Y is p(y|z) = zAo(y) exp
[ — zAo(y)], and the joint density of Y and Z is p(y|z)pz(z) or

p—1/0
Py, 2) = mz‘”e*%w exp[ — zAo(y)]. (6.38)

The marginal density of Y is obtained by integrating p,.(y, z) with respect to z. This
yields

ro(y)
[146Ao]+1/0

p(y) = (6.39)
Equation (6.39) suggests the possibility of estimating 6 and Ag by maximizing the
likelihood function obtained from p,. However, the resulting estimator of A is a
step function with jumps at the observed values of Y. To form a likelihood function
that accommodates step functions, let ¢ > 0 be an arbitrarily small number and let



206 6 Transformation Models

A Ao(y) denote the change in Ao over the interval y to y + €. Then, the probability
that Y is observed to be in the interval y to y 4 ¢ is

AAo(y)
[1+8AoWI /7"

It follows that for observations {Y; : i = 1, ..., n} that are a random sample of Y,
the log-likelihood function is

py(Ve =

n

logL(t, A)=Y {log [AA(Y)] — (1 + %) log [1 +tAA(Y,~)]}, (6.40)

i=1

where A(y) is the generic parameter for Ag(y) and AA(y) is the jump in A at the
point y. The maximum-likelihood estimator of 6 and A is obtained by maximizing
the right-hand side of (6.39) over f and A.

Maximization of log L in (6.40) entails computing the estimates of n 4 1 param-
eters, namely the estimate of € and the estimates of the n jumps of AAg. Nielsen
et al. (1992) and Petersen et al. (1996) have pointed out that the computations can be
simplified greatly through the use of the EM algorithm of Dempster et al. (1977). To
implement this algorithm, suppose for the moment that Z is observable and Z; is the
ith observation. Then A¢ can be estimated by (6.36) with Z; in place of X]/-bn. The
EM algorithm replaces the unobservable Z; with an estimator, Z,;. The estimator of
Ao(y) is then

1

Apo(y) = .
iY;<y je%ﬂ) exp (= Zu)

(6.41)

Given this estimator of A, 6 can be estimated by maximizing log L over ¢ while
holding A fixed at A,o. Computing the estimate of 6 this way is a one-dimensional
optimization that is much easier to carry out than the (n + 1)-dimensional opti-
mization required to maximize log L directly. Z; is estimated by an estimator of
E(Z;|Yy, ..., Yy).Itis not difficult to show that

1+0

EZ\ Yy, ..., V)= ———.
(j| 1 ) 1+9A0(Yj)

This is estimated by

1+6,

EZylY1, oo Yo) = o
(ZnjI Y1 ") 1 + 6, Ano(Y))

(6.42)

where 6, is an estimate of 6. The EM algorithm consists of iterating (6.41), (6.42),
and the one-dimensional maximization of log L until convergence. Specifically, it
consists of repeating the following steps until convergence is achieved (Petersen
et al. 1996):
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Step 1: Begin with an initial estimate of A

Step 2: Let Agg denote the estimate of A at iteration k of the algorithm. Obtain
O,Ek), the iteration k estimate of 6, by maximizing log L with respect to ¢ while
holding A fixed at Agg.

Step 3 (E step): Compute the iteration k estimate of Z; (i = 1, ..., n) by
applying (6.42) with Q,Ek) and A,%) in place of 6, and A .

Step 4 (M step): Compute A’%H) by applying (6.41) with ng) in place of Z,;.
Return to step 2.

Murphy (1994, 1995) has derived the asymptotic properties of the maximum-
likelihood estimators of 6 and Ag. Let 6, and A, denote the estimators. Murphy
(1994) has shown that as n — o0, 6, — 6 almost surely and A,o(y) — Ao(y)
almost surely uniformly over y in bounded intervals. Murphy (1995) has shown that
nl/ 2(9,, — 0) is asymptotically normal with mean zero and that nl/ 2(Ano — Ap) con-
verges weakly to a Gaussian process whose mean is zero. The latter result implies
n'2[A0(y) — Ao(y)] is asymptotically normal with mean zero for any given y.
Murphy (1995) gives expressions for the variance of the asymptotic distribution
of n'/2(6, — 6)and the covariance function of the limiting Gaussian process for
n2(Ano — Ag).

The extension of the maximum-likelihood estimator to a model with covariates
will now be outlined. The model described here is a special case of one considered
by Parner (1997a, b) in which V is permitted to be correlated across observations.
See Parner (1997a, b) for a formal discussion of the asymptotic properties of the
maximum-likelihood estimator.

When (6.37) holds with covariates X and gamma-distributed Z = eV, arguments
similar to those leading to (6.38) show that the joint density of Y and Z conditional
onX =xis

1/6 ,~2/6 _—y _A L
F(l/@)z e oOx P exp[ — zAo(y)e ]

Integration over z gives the density of Y conditional on X = x as

pyz(y, z|x) =

do)x—F
[1+ QAO(y)e—x’ﬂ]l-H/@ :

py(ylx) = (6.43)

Therefore, the log-likelihood function is

n

/ 1 ,
logL(t, b, A)=) {log [AA(Y)e XiP] — (1 + ;> log [1+ tAA(Y)e Xib }
i=1

Maximum-likelihood estimation can now be carried out by using the following mod-
ified version of the previously described EM algorithm:
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Step 1: Begin with an initial estimate of A

Step 2': Let Agg denote the estimate of A at iteration k of the algorithm. Obtain
G,Ek) and b;k), the iteration k estimate of 6 and g, by maximizing log L (¢, b,A)
with respect to ¢ and b while holding A fixed at Agg.

Step 3’ (E step): Compute the iteration k estimate of Z; (i = 1, ..., n) by
applying (6.42) with Q,Ek) and A,%) exp (— X,/-bflk )) in place of 6, and A .
Step 4’ (M step): Compute A%H) by applying (6.41) with Zfl];) exp (—Xj/-bfzk )

in place of Z,;. Return to Step 2.

6.2.3 The Case of Discrete Observations of Y

The complexity of the estimators of 6, 8, and Ag in Section 6.2.2 is due to the need
to estimate the function A, which takes values over a continuum and, therefore, is
an infinite-dimensional parameter. The estimation problem can be simplified greatly
by assuming that one observes not Y but only which of finitely many intervals of the
real line contains Y. This approach was taken by Meyer (1990), who analyzed dura-
tion data that were rounded to integer numbers of weeks. See, also, Prentice and
Gloeckler (1978). When the interval containing Y is observed but Y is not, Ap(y) is
identified only if y is a boundary point of one of the intervals. Therefore, it is nec-
essary to estimate Ag at only finitely many points. This reduces estimation of 6, 3,
and Ay to a finite-dimensional problem. The properties of maximum-likelihood esti-
mators of these parameters can be obtained from the standard theory of maximum-
likelihood estimation of finite-dimensional parametric models.

To see how estimation can be carried out when Y is observed only in intervals,
let (yj:j = 0,1, ..., K) denote the boundaries of the intervals. Define yo = 0, and
assume that yx < oo. It follows from (6.43) that for 1 <j < K

¥
Pi_1 <Y <yjlX=x) = / py(&|x)dé

Vi
1178 Iy
- [1 n QAO(){,_l)e_X’S] — [1 +9A0(yj)e—xﬁ]

and
L 1-1/0
P(Y > yg|X = x) = [1 + eAO(yK)e*xﬂ] :
Therefore, the log likelihood of a random sample of (¥, X) is

K

n Y
logL(t, b, A) = Z Zl(yj_l <Y <yjlog [(l + lAj_le_Xib)
i—1 j=1

NV " Y
— (1 + tAje*Xib) } + ZI(Yi > yk)log (1 + tAKefxib) ,
i=1
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where A = (Ag, ..., Ag) is the generic parameter vector for [Ao(yo), --.,
Ao(yk)] and Ag = 0. The unknown parameters of the model are 6, 8, and Ay(y;)
(1 <j < K). These can be estimated by maximizing log L(t, b, A) over t, b, and A.
The total number of parameters to be estimated is 1 + dim (X) + K, regardless of the
size of n. Therefore, the estimation problem is finite-dimensional and the theory of
maximum-likelihood estimation of finite-dimensional parametric models applies to
the resulting estimators.

6.2.4 Estimating A

There are many applications of the proportional hazards model with or without
unobserved heterogeneity in which the baseline hazard function Ag is of interest.
For example, if Y is the duration of a spell of unemployment, Ag indicates whether
the hazard of terminating unemployment increases, decreases, or varies in a more
complicated way as the duration of unemployment increases. This information can
be useful for testing substantive explanations of the process of finding new employ-
ment. An increasing hazard of terminating unemployment, for example, might be
expected if an unemployed individual searches for a job with increasing intensity as
the duration of unemployment increases. This section explains how to estimate Ag.

In the model discussed in Section 6.1.2, Ag(y) = y*, so an estimator of A9 can
be formed by replacing « with its estimator, a,, in the expression for Ay. The sit-
uation is more complicated in the models of Sections 6.2.1 and 6.2.2, where A is
nonparametric. Since Ag(y) = dAo(y)/dy, one might consider estimating Ao(y) by
dAno(y)/dy, where A, is the estimator of Ag in (6.36). This procedure does not
work, however, because A, is a step function.

A similar problem arises in using an empirical distribution function, F),, to esti-
mate a probability density function f. A density estimator cannot be formed by dif-
ferentiating F, because F), is a step function. In density estimation, this problem is
solved by smoothing the empirical distribution function to make it differentiable.
The same technique can be applied to A .

Let K be a kernel function of a scalar argument, possibly a probability density
function. Let {h,} be a sequence of positive numbers (bandwidths) that converges to
zero as n — oo. The kernel estimator of Ag(y) is

1 y—§
kno(y)=h— K " dAno(§) (6.44)

Note the similarity between (6.44) and a kernel density estimator, which is what
would be obtained if A, were replaced with F;, in the integral. The remainder of
this section provides a heuristic argument showing that A,0(y) has properties that
are similar to those of a kernel density estimator. In particular, A,,0(y) =7 Ao(y) as
n — oo at a rate that is no faster than n=%/ if y > 0 and X is twice continuously
differentiable in a neighborhood of y. Similar arguments can be used to show that
a faster rate of convergence is possible if Ay has more than two derivatives and K
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is a higher-order kernel. As in nonparametric density estimation, however, a rate of
convergence of n~ /2 is not possible.
To begin the analysis of A, write it in the form

Jn0 ) = 200) + Hun ) + Hoa ). (6.45)
where
Hu () = hi / K (y ;5) dAo(E) — o)
and
Ho() = hi f K (y ;f )d[Ano@) — Ao, (6.46)

Now consider H,,;. Observe that it can be written as

1 —
Hu(y) = h—/K (yh é))»o(é')afé' — ho(y)- (6.47)

Assume that K is a continuously differentiable probability density function that
is symmetrical about zero and whose support is [— 1,1]. Making the change of
variables ¢ =(§ — y)/h, in the integral on the right-hand side of (6.47) then
yields
1
Hu(y) = /1K(§)ko(hn§ +¥)dg — 2o(y).

Now expand Ag(h,¢ + y) in a Taylor series to obtain

1
Hon(y) = / K(U00) + I&Ag0)+ (1/IRH0) + o0E = 20
= (1/2Akh20y() + o(h2),
where
1
Ag = f 1 ¢ K(¢)de.
Substitution of this result into (6.45) yields
A0 () = ho(y) + (1/2Axh2AG(3) + H2(v) + o(h2). (6.48)

Now consider H,(y). Integrate by parts on the right-hand side of (6.46)
to obtain
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H _ 1 / y—E
n2(y) - ﬁ [AnO(y) - AO(y)]K A dé

! y—§
:nl/zh%/”I/Z[Ano(Y)—Ao(,V)] < ; ) dk.

n

As was discussed in Sections 6.2.1 and 6.2.2, n'/2(A,0 — Ag) converges weakly to
a Gaussian process. Let W denote the limiting process. Given any finite, y; > 0
and y, > 0, define V(y1, y2) =E[W(H1)W(O2)]. V(y1, y2) is the covariance of the
jointly normally distributed random variables W(y;) and W(y;). Using the theory of
empirical processes (see, e.g., Billingsley 1968 or Pollard 1984), it can be shown
that

Hup(y) = Hip(y) + 0p(n~ '),

where

y—§
() = 1/2h2 / W(&)K( - ) dt.

Moreover,

Hp(y) ~ N, o,),

where for any finite y < 0

= E[Hn()]

AY=8E\ . (Y&

nhn ( hn >K< hn >d§d§'
1 y—§&\ ., (y—¢
h4fV@ OK( I )K< I )dw

By a change of variables in the integrals

1 1 1
on = / s / AEVE 3.+ YKOKQ). (649

Because V is a symmetrical function of its arguments, U,W can also be written in the
form

2 ! §
o= d / (AEVhg + 3. £ DK EK'Q).

It is not difficult to show that

1t
/ldé‘/ld{K/(E)K/(C)=0
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and

1 & 1 §
/ldE/Id&K/(E)K’(C): —fld%'fldzéK’(é)K/(C)=BK/2,

where

1
Bx = / K de.

Therefore, a Taylor-series expansion of the integrand on the right-hand side of (6.49)
yields

B
o2 = 5 Vi(y, y) + ol(nhy) 1, (6.50)
nhy,

where

. V(E 4y, y)
iy, y) = lim ——————.
£ -0t ay
It follows from (6.48) and (6.50) that the asymptotic mean-square error of A,o(y) is
minimized when £, = cn~'/> for some constant ¢ > 0. It also follows that with this
hys A0 () = 0(y) = Op(n~?/%) and

(nh) Do) — ho0)] > Ny, o),

where (1, = (1/2)c5/2AKAg(y) and ayz = BgVi(y, y). Thus, n~2/3-consistency of

Ano(y) and asymptotic normality of (nhn)l/ 2[)Lno(y) — Xo(y)] are established.
Implementing (6.44) requires choosing the value of c. One possible choice is the

value of ¢ that minimizes the asymptotic mean-square error of A,o(y) — Ao(y). When

hy, = cn™1/3, the asymptotic mean-square error is
2 2
uy +o
AMSE(y) = =—
nhy,
4 170 \12 ’
_ AAROP | BeVi0y, )

4nt/5 en?/s

AMSE(y) is minimized by setting ¢ = ¢, Where

o [Bxie )P
T L Akrg o)1
This value of ¢ can be estimated by the plug-in method, which consists of replacing
V1 and A in the expression for c,p, with estimators.
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6.2.5 Other Models in Which F Is Known

In this section, it is assumed that (6.1) holds with 7 unknown and F known. In con-
trast to Section 6.2.1, however, it is not assumed that F(u) = 1 —exp (— €*). Instead,
F can be any known distribution function that satisfies certain regularity conditions.
The aim is to estimate the finite-dimensional parameter f and the transformation
function T. The methods described in this section can be applied to the proportional
hazards model of Section 6.2.1, although there is no reason to do so. They can also
be applied to the proportional odds model (Pettit 1982, Bennett 1983a, b), which
is obtained from (6.1) by assuming U to be logistically distributed. The methods
described in this section cannot be applied to the proportional hazards model with
unobserved heterogeneity described in Section 6.2.2 unless the variance parameter
6 is known a priori.

The estimators described in this section are due to Cheng et al. (1995, 1997).
These estimators have the advantage that they are applicable to models with a vari-
ety of different Fs. If interest centers on a particular F, it may be possible to take
advantage of special features of this F to construct estimators that are asymptotically
more efficient than those of Cheng et al. (1995, 1997). For example, the partial like-
lihood estimator of § in the proportional hazards model is asymptotically efficient
(Bickel et al. 1993). Murphy et al. (1997) show that a semiparametric maximum-
likelihood estimator of 8 in the proportional odds model is asymptotically efficient.
However, an estimator that takes advantage of features of a specific F' may not be
consistent with other Fs.

Consider, now, the problem of estimating $ in (6.1) with a known F. Let (Y;, X))
and (Y;, X;) i # J) be two distinct, independent observations of (¥, X). Then it
follows from (6.1) that

E[(Y; > Y)|X; = xi, Xj =xj] =P[U; — Uj > —(x; — x) BIX; = xi, Xj = xj].
(6.51)
Let G(z) = P(U; — U; > z) for any real z. Then

G(z) = / [1 — F(u + 2)1dF (u).

—00

G is a known function because F is assumed known in this section. Substituting G
into (6.51) gives

E[I(Y; > YDIXi = xi, Xj = xj]1 = G[ — (xi —x)/B].
Define X;; = X; — X;. Then it follows that g satisfies the moment condition
E{wX;B)X;lI(Y: > Y)) — G(=X;8)1} =0, (6.52)

where w is a weight function. Cheng et al. (1995) propose estimating 8 by replacing
the population moment condition (6.52) with the sample analog
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n

ZZ{W(XUb)XU[I(Y > Y)) — G(— X;b)]} = (6.53)

i=1 j=1

The estimator of 8, b, is the solution to (6.53). Equation (6.53) has a unique solu-
tion if w(z) = 1 for all z and the matrix ) _; ]XUXZ’J is positive definite. It also has
a unique solution asymptotically if w is positive everywhere (Cheng et al. 1995).
Moreover, b, converges almost surely to 8. This follows from uniqueness of the
solution to (6.53) and almost sure convergence of the left-hand side of (6.53) to
E{w(X/ bX;lI(Y; > Y)) — G(— X, D1}

The asymptotic distribution of n'/2(b, — B) can be obtained by using standard
Taylor-series methods of asymptotic distribution theory. To this end, define

Hy(h) = — Z Z WXEDXGUIY: > Y) — G(=Xjb)l).

i=1 j=1

Then H,(b,) = 0, and a Taylor-series approximation gives

w2y 4 L 17

(bn —B) = (6.54)
where b} is between b, and B, and dH,,/db is the matrix whose (j, k) element is
the partial derivative of the j th component of H,, with respect to the k th component
of b. Cheng et al. (1995) show that n!/?H,,(8) is asymptotically normally distributed
with mean zero and a covariance matrix equal to the probability limit of

1 n n n ,
On=5> > ) w(Xjbwei — wiXjbuelwXixbneix — w(Xjbnew XXy

i=1 j=1 k=1
k#j

(6.55)
where ¢;; = I(Y; > Y)) — G(—X{.jﬂ). Cheng et al. (1995) also show that if G is
everywhere differentiable, then dH,(b})/0b converges in probability to the proba-
bility limit of

1 n n
Ry=— 3 3 wXiB)G (= Xib) XX (6.56)

i=1 j=1

Let O and R be the probability limits of Q, and R, respectively. Then it fol-

lows from (6.54) to (6.56) that n'/2(b, — B)-%> N(O, R-'QR™") if w is positive
and G is differentiable. The covariance matrix R~'QR~! is estimated consis-
tently by R;lQ,,R,jl. This result enables statistical inference about B to be
carried out.

Now consider estimation of the transformation function 7. This problem is
addressed by Cheng et al. (1997). Equation (6.1) implies that for any real y and
vector x that is conformable with X, E[I(Y < y)|X = x] — F[T(y) —x’8] = 0. Cheng
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et al. (1997) propose estimating 7(y) by the solution to the sample analog of this
equation. That is, the estimator 7, (y) solves

n
n 'Y (I, < y) = Flty) — Xjby]} = 0,
i=1
where b, is the solution to (6.53). Cheng et al. (1997) show that if F is strictly
increasing on its support, then 7, (y) converges to 7(y) almost surely uniformly over
any interval [0, 7] such that P(Y > t) > 0. Moreover, nV/A(T, — T) converges to
a mean-zero Gaussian process over this interval. The covariance function of this
process is lengthy and is given in Cheng et al. (1997).

6.3 Estimation When Both 7 and F Are Nonparametric

This section discusses estimation of (6.1) when neither 7 nor F is assumed to belong
to a known, finite-dimensional parametric family of functions. The aim is to develop
n~1/2_consistent estimators of B, T, and F. The estimators described here are taken
from Horowitz (1996) and Chen (2002). Other approaches to n~12_consistent esti-
mation are described by Abrevaya (2003) and Ye and Duan (1997). Estimators that
are not n~!/?-consistent have been described by Breiman and Friedman (1985) and
Hastie and Tibshirani (1990). Ggrgens and Horowitz (1995) discuss estimation of
B, T, and F when observations of Y are censored. Chen’s (2002) method can also be
applied to censored observations.

When T and F are nonparametric, certain normalizations are needed to make
identification of (6.1) possible. First, observe that (6.1) continues to hold if 7 is
replaced with cT, B is replaced with c¢f, and U is replaced with cU for any positive
constant c¢. Therefore, a scale normalization is needed to make identification pos-
sible. This will be done here by setting |81| = 1, where B is the first component
of B. Observe, also, that when T and F are nonparametric, (6.1) is a semiparametric
single-index model. Therefore, as was discussed in Chapter 2, identification of S
requires X to have at least one component whose distribution conditional on the oth-
ers is continuous and whose 8 coefficient is nonzero. Assume without loss of gen-
erality that the components of X are ordered so that the first satisfies this condition.

It can also be seen that (6.1) is unchanged if T is replaced with T + d and U is
replaced with U + d for any positive or negative constant d. Therefore, a location
normalization is also needed to achieve identification when T and F are nonpara-
metric. Location normalization will be carried out here by assuming that T(yp) = 0
for some finite yq that satisfies conditions given in Section 6.3.2. With this location
normalization, there is no centering assumption on U and no intercept term in X.

The location and scale normalizations in this section are not the same as those
of Sections 6.1 and 6.2. When T or F is known up to a finite-dimensional param-
eter, as is the case in Sections 6.1 and 6.2, location and scale normalization are
usually accomplished implicitly through the specification of T or F. This is not pos-
sible when T and F are nonparametric. Because of differences in normalization,
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estimates obtained using the methods described in this section cannot be compared
with estimates obtained using the methods of Sections 6.1 and 6.2 without first mak-
ing adjustments to give all estimates the same location and scale normalizations. To
see how this can be done, let T;, b,, and F, denote the estimates of 7, 8, and F
obtained using the methods of this section. Let T}7, b, and F;; denote the estimates
using another method. Let b7, denote the first component of b;. Then T}, b}, and
F can be adjusted to have the location and scale normalization of T}, b,, and F,, by
replacing T;/(y) with T;*(y) = [T() — T 00))/[b%, 1. b with b5* = b /|b%, |, and
Fry(u) with Fy*(u) = F[1by |u+ T, (yo)].

Now consider the problem of estimating 7, 8, and F with the normalizations
|B1]=1and T(yp) = 0. Because (6.1) with nonparametric 7 and F is a semiparamet-
ric single-index model, 8 can be estimated using the methods described in Chapter
2. Let b, denote the estimator of S. It remains to estimate 7 and F. Horowitz’s
(1996) estimators of T and F are derived in Section 6.3.1. The statistical proper-
ties of these estimators of 7 and F are described in Section 6.3.2. Chen (2002)
provides only an estimator of 7. It is discussed in Section 6.3.3. Section 6.3.4
uses these results to obtain an estimator of the proportional hazards model with
unobserved heterogeneity when 7, F, and the heterogeneity distribution are all
nonparametric.

6.3.1 Derivation of Horowitz’s Estimators of T and F

This section derives Horowitz’s (1996) nonparametric estimators of 7 and F. Con-
sider, first, the estimation of 7. This estimator is derived in two steps. In the first
step, T is expressed as a functional of the population distribution of (¥, X). In
the second step, unknown population quantities in this functional are replaced with
sample analogs.

To take the first step, define Z = X’B. Z is a continuous random variable because
X is assumed to have at least one continuously distributed component with a nonzero
B coefficient. Let G(- |z) be the CDF of Y conditional on Z = z. Assume that G is
differentiable with respect to both of its arguments. Define Gy(y|z) = dG(y|z)/dy
and G;(y|z) = dG(y|z)/dz. Equation (6.1) implies that

G(ylz) = FIT(y) — 2.
Therefore,

Gy(lz) = TWMF'[T() — 21,
G.(ylz) = —=F'[T(y) — zl,
and for any (y, z) such that G.(y|z) # 0,

_Gy(Y|Z)

o) = G.(ylz2)’
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It follows that

_ Y Gy(v|2)
T(y) = A) —Gz(vlz)dv (6.57)

for any z such that the denominator of the integrand is nonzero over the range of
integration.

Now let w be a scalar-valued, nonnegative function on R with compact support
Sy such that (a) the denominator of the integrand in (6.57) is nonzero for all z € S,
and v € [yg, y] and (b)

/ w)dv = 1. (6.58)
Sy
Then
Y Gy(v[2)
TH) = — : dzdv. 6.59
) /yo /SWW(Z)GZ(VIZ) zdv (6.59)

Equation (6.59) is the desired expression for T as a functional of the population
distribution of (¥, X). This completes the first step of the derivation of the estimator
of Horowitz (1996).

The second step of the derivation consists of replacing the unknown quantities
on the right-hand side of (6.59) with consistent estimators. The unknown parameter
B is replaced with b,,. The unknown function G(y|z) is replaced by a nonparametric
kernel estimator, G,(y|z) of the CDF of Y conditional on X'b,, = z. G, in (6.59)
is replaced by G,; = 0G,/0z. Gy is replaced by a kernel estimator, Gy, of the
probability density function of Y conditional on X'b,, = z. The resulting estimator of

T() is

Y Gny(V|Z)
T,(y) = — w(z) ———dzdv. (6.60)
o /S, Gn(v|2)
To specify the estimators Gy and Gy, let {Y;, X;:i =1, ..., n} denote a ran-

dom sample of (Y, X). Define Z,; =leb,,. Let Ky and K7 be kernel functions of a
scalar argument. These are required to satisfy conditions that are stated in Section
6.3.2. Among other things, Kz must be a higher-order kernel. Let {,,} and {A,} be
sequences of bandwidths that converge to zero as n — co. Estimate pz, the proba-

bility density function of Z, by
1 ! Zm' —Z )
nhy; ; hnz

Pnz(2) =

The estimator of G(y|z) is

1 " Zni — 2
Gn(¥l2) = ———— > I(¥; < y)Kz ( )
nhnzan(Z) i—1 hnz
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The estimator of G(y|z) is

—Z
Gu(yl2) = WZI(Y, _y>1<z( - ) (6.61)

The estimator Gy;(y|z) is dG,(y|z)/dz. Gy(y|z) is the probability density function of
Y conditional on Z = z. It cannot be estimated by dG,(y|z)/dy because G,(y|z) is a
step function of y. Instead, the following kernel density estimator can be used:

n

1 Y — ni
Gy ¥1) = ———— Zl@( » )Kz ( . Z). (6.62)

nhnyhnzan(Z) )

T, is obtained by substituting (6.61) and (6.62) into (6.60).

Kernel estimators converge in probability at rates slower than n~!/? (see the
Appendix). Therefore, G,y (y|z)/ Gy (y]2) is not n~1/2-consistent for Gy(y|2)/ G, (y12).
However, integration over z and v in (6.59) creates an averaging effect that causes
the integral and, therefore, T, to converge at the rate n~1/2, This is the reason for
basing the estimator on (6.59) instead of (6.57). As was discussed in Chapter 2, a
similar averaging effect takes place in density-weighted average-derivative estima-
tion of B in a single-index model and enables density-weighted average-derivative
estimators to converge at the rate n~ /2. The formal statistical properties of T}, are
discussed in Section 6.3.2.

Now consider the estimation of F. As in the estimation of 7, the derivation of
the estimator takes place in two steps. The first step is to express F as a func-
tional of T and the population distribution of (¥, X). The second step is to replace
unknown population quantities in this expression with estimators. To take the first
step, observe that because U is independent of X, P(U < ula < Z < b) = F(u) for
any u and any a and b in the support of Z. Therefore, in particular, for any points y;
and y, that are in the support of ¥ and satisfy y» < yq,

Fu) =PlU <ulT(y2) —u <Z <T(y1) — ul

= A(u)/B(u), (063
where
A(w) = E{I(U =wl[T(y2) —u <Z = T(y1) —ul} (6.64)
and
B(u) = E{I[T(y2) —u < Z < T(y1) — ul}. (6.65)

Equations (6.63)—(6.65) provide the desired expression for F in terms of 7 and the
population distribution of (Y, X).

The estimator of F is obtained by replacing the unknown quantities in (6.63)—
(6.65) with sample analogs. To do this, define U,; = T,(Y;) — Zy;i, where T,(y) is
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replaced with an arbitrarily large negative number if y < y, and an arbitrarily large
positive number if y > y;. The estimator of F(u) is

Fp(u) = Ap(u)/Bp(u), (6.66)
where

An() =0~ KU < WIITa(2) — 4 < Zyi < Ta(y1) — ul
i=1
and

n
By(u)=n~" ) NTu(2) —u < Zui < Tuly1) — ul.
i=1
The statistical properties of F;, are discussed in Section 6.3.2.

It may seem that F' can be estimated more simply by the empirical distribution
function of U, = T,(Y) — X’'b,, but this is not the case. T can be estimated n1/2.
consistently only over a compact interval [y,, y1] that is a proper subset of the sup-
port of Y. This is because 7' may be unbounded at the boundaries of the support of Y
(e.g., if the support of Yis [0, oo) and T(y) = logy) and G, is likely to be zero on the
boundaries. Therefore, T,(Y) and U, are n~!/ 2-consistently estimated only if ¥ €
[y2, y1]. Ineffect, F must be estimated from censored observations of U. The empir-
ical distribution function of U, is not a consistent estimator of ' when there is cen-
soring. Equation (6.66) provides an estimator that is consistent despite censoring.

6.3.2 Asymptotic Properties of T, and F

This section gives conditions under which Horowitz’s (1996) T,, and F,, are consis-
tent for T and F, and n'/%(T,, — T) and n'/2(F, — F) converge weakly to mean-zero
Gaussian processes.

The following notation will be used. Let X be a vector consisting of all compo-
nents of X except the first. Define d = dim (X). Let 81 denote the first component of
B and ﬁ denote the (d — 1) x 1 vector of the remaining components. Let b,,; and l;,l,
respectively, denote the estimators of 8 and . Because ) = + 1 and b,; = £1 by
scale normalization, b,; = B with probability approaching 1 as n — oo. There-
fore, for purposes of obtaining the asymptotic distributions of n'/?(T,, — T) and
n'/2(F, — F), it can be assumed that b,; = fi. Let pz(- |X) denote the probability
density function of Z conditional on X=2%Letr>6ands > 2be integers. Make
the following assumptions:

HTI1: {Y;, X;:i = 1, ..., n} is an independent random sample of (¥, X) in
6.1).

HT?2: (a) [B1] = 1. (b) The distribution of the first component of X conditional
on X = X has a probability density with respect to Lebesgue measure for
every X in the support of X. (c) X has bounded support.
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HT3: (a) U is independent of X and has a probability density with respect to
Lebesgue measure. (b) Let f be the probability density function of U. There
is an open subset Iy of the support of U such that sup{f(u):u € Iy} < oo,
inf{f(u):u € Iy} > 0, and the derivatives df(u)/du* (k = 1, ..., r+s)
exist and are uniformly bounded over /.

HT4: T is a strictly increasing, differentiable function everywhere on the
support of Y.

HTS5: There are open intervals of the real line, Iy and Iz, such that (a) yo €
Iy. (b) y € Iy and z € Iz implies T(y) — z € Iy. (c) pz(z) and pz(z|x)
are bounded uniformly over z € I and ¥ in the support of X. Moreover,
inf{pz(z):z € Iy} > 0. (d) The derivatives d*pz(z)/dz* and 8%p(z|%)/d*
(k =1, ..., r+ 1) exist and are uniformly bounded for all z € Iz and
% in the support of X. (e) T(yo) =0, and sup{T(y):y € Iy} < oo. For k =
1, ..., r+ 1, the derivatives dT*(y)/dy* exist and are uniformly bounded
overy € ly.

HT6: S, is compact, S,, € Iz, (6.59) holds, and d*w(z)/dz* (k =1, ..., r+1)
exists and is bounded for all z € I.

HT7: There is a (d — 1) x 1 vector-valued function 2(y, x) such that
EQ(Y, X) = 0, the components of E[Q(Y, X)Q(Y, X)'] are finite, and as
n — oo

n
n' (b, — By =n""2Y"Q¥i, X;)+ 0p(1).

i=1

HTS: Ky has support [— 1,1], is bounded and symmetrical about 0, has bounded
variation, and satisfies

1 [P
. 1if =0
f VKyWdv =1 T
—1 Oif 1<j<s—1.

K7 has support [ — 1,1], is bounded and symmetrical about 0, has bounded
variation, and satisfies

1 e s
, lif j=0
f VK mdv =1 1 TT0
_1 0if 1<j<r-—1.

K7 is everywhere twice differentiable. The derivatives are bounded and have
bounded variation. The second derivative satisfies |K,(vi) — K,(v2)| <
M |vi — vp| for some M < oo.
HT9: As n —oo, nh —0, nhﬁ; -0, @h)™' -0, and
(logn)/(n'2hy)*h8.) — 0.
Assumptions HT1-HT6 specify the model and establish smoothness conditions
implying, among other things, that G, and G; exist. Assumption HT7 is satisfied by

all of the estimators of 8 discussed in Chapter 2. Assumption HTS8 requires K7 but
not Ky to be a higher-order kernel. A higher-order kernel is needed for Kz because
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Gy, is a functional of derivatives of Kz. Derivative functionals converge relatively
slowly, and the higher-order kernel for K7 is needed to ensure sufficiently rapid con-
vergence. Assumptions HT8 and HT9 are satisfied, for example, if Ky is a second-
order kernel, K7 is a sixth-order kernel, ,, o n=1/3, and hp, n~1/10,

The following theorems give the asymptotic properties of 7, and F,:

Theorem 6.4: Let [y2, yi] € Iy. Under assumptions HT[-HT9:

(@) plim sup |T,()—T() =0.

n — 00 y2<y=y|
(b) Fory € [y2, y1l, n'/*(T,, — T) converges weakly to a tight, mean-zero Gaussian
process.l

Theorem 6.5: Let [uy, u] € Iy and P[T(y;) —u < Z < T(y1) — u] > 0 whenever
u € [ug, uil. Under assumptions HTI-HT9:

(a) plim sup |F,(u)— F@u)| =0.

n — o0 ug=u=<ui
(b) Foru € [ug, ul, n'/*(F,—F) converges weakly to a tight, mean-zero Gaussian
process.l

Parts (a) of Theorems 6.3 and 6.4 establish uniform consistency of 7;, and F,.
Parts (b) show, among other things, that the rates of convergence in probability of
T,(y) and Fj(u) are n~1/2 and that the centered, normalized forms of T, and F,
are asymptotically normally distributed. The expressions for the covariance func-
tions of the limiting stochastic processes of n'/?(T,, — T) and n'/?(F,, — F) are very
lengthy. They are given in Horowitz (1996) together with methods for estimating
the covariance functions consistently.

The proofs of Theorems 6.3 and 6.4 are also given in Horowitz (1996). The
proofs rely heavily on empirical process methods described by Pollard (1984).
Roughly speaking, the proofs begin by using Taylor-series expansions to approx-
imate 7, — T by an integral of a linear functional of kernel estimators and to approx-
imate F,, — F by a linear functional of A, — A and B, — B. In a second step, it is
shown that these approximating functionals can, themselves, be approximated by
empirical processes. Finally, uniform laws of large numbers and functional central
limit theorems (central limit theorems for sums of random functions instead of sums
of random variables) are used to establish the conclusions of the theorem.

6.3.3 Chen’s Estimator of T

This section presents Chen’s (2002) estimator of 7. Chen (2002) does not provide an
estimator of F, though it is likely that one can be derived by using methods similar
to those used in the derivation of Horowitz’s Fj,.

As before, normalize T so that T(yp) = O for some yg in the support of Y.
Let {Y;, X;:i = 1, ..., n} be a simple random sample of (¥, X). To motivate
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Chen’s estimator, define d;, = I(Y; > y) for any y in the support of Y. Define
diy, = 1(Y; = yo). Then diy = IIX|+U; > T(y)] and E(diy|X;) = 1—F[T(y)—X] 1.
Therefore, E(djy, — djy,|X;, X;) > 0if and only if X]8 — X]fﬁ > T(y) and i # j. This
suggests that if 8 were known, T(y) could be estimated by solving the problem

maxnmze

pr— ZZ% dy )X — Xjp = 1).
i=1 j=I
J#
Chen (2002) obtains a feasible estimator by replacing the unknown S with an
estimator, b, such as one of the estimators described in Chapter 2. Thus, Chen’s
estimator of 7(y) is

n

ZZ(dly Ay )I(Xjby — Xjby = 1), (6.67)
i=1 j=1
J#L

Tn(y) = arg M n(n 1)

where M is a suitable compact interval (see Assumption 3 below), y € [y2, y1], and
[y2, y1]is contained in the support of Y.

To obtain the asymptotic distributional properties of Chen’s (2002) estimator,
define Z = X’B, and make the following assumptions.

CT1: {Y;, X;} is an independent random sample of (¥, X) in (6.1) and U is
independent of X.

CT2: (i) |B1| = 1. (ii) The distribution of the first component of X conditional
on X is absolutely continuous with respect to Lebesgue measure. (iii) The
support of the distribution of X is not contained in any proper linear subspace
of R4, where d = dim (X).

CT3: (i) T'is strictly increasing, and T(yg) = 0. (ii) [T(y2 —¢€), T(y1 + &)l e M
for some ¢ > 0; compact interval M; and yo, y1, and y; in the support of Y.
CT4: (i) The density of Z conditional on X = X, pz(z|%), is twice continuously
differentiable with respect of z. The derivative is uniformly bounded. (ii) The
density of U is twice continuously differentiable with a uniformly bounded

derivative. (iii) X has finite third-order moments.
Define

WD, D,y @y n by = 10N = »)—16P =yl 'b—x@'b = 1)

and
t(y, X, y, t, b))y=E[h(Q, x, Y, X, y, t, b)—h(Y, X, y, X, y, t, b)].
CT5: V(y) = 0.5E{d°t[Y, X, v, T(y), B1/d1*} < 0, and V(y) is bounded

away from O for y € [y2, y1].
CT6: n'/2(b, — B) = O,(1).
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Now define Jy, (Y, X) = —V(y)~'8%<[Y, X, y, T(y), B1/37*. The following
theorem, which is proved in Chen (2002), gives the asymptotic distributional prop-
erties of T},.

Theorem 6.6: Let assumptions CTI-CT6 hold. Then

(@) plim sup |T,()—T()| =0.

n — 00 y2=<y=y|

(b) Fory € [y2, y1l, n/A(T, — T) converges weakly to a mean-zero Gaussian
process, Hr(y), whose covariance function is EHr(y)Hr(y')) = EJy (Y, X)
Jyy (Y, X).1H

Chen (2002) gives a method for estimating the covariance function, thereby mak-
ing inference with his estimator possible. Chen (2002) also presents the results of
Monte Carlo experiments comparing the finite-sample performances of his esti-
mator and several others, including that of Horowitz (1996). Depending on the
design and the value of y, either estimator can have the smaller mean-square error.
Horowitz’s estimator tends to have the smaller mean-square error when y is near
the center of the data, and Chen’s has the smaller mean-square error further from
the center. At present, no known estimator is asymptotically efficient in the sense of
minimizing the asymptotic mean-square error uniformly over y.

6.3.4 The Proportional Hazards Model with Unobserved
Heterogeneity

This section is concerned with estimating the proportional hazards model with unob-
served heterogeneity, model (6.37), when the baseline hazard function, Ao, and the
distribution of the unobserved heterogeneity variable, V, are both unknown. The dis-
cussion in this section is based on Horowitz (1999), who shows how to estimate Ag,
o, and the distribution of V in this model.

As was discussed in Section 6.2.2, (6.37) is equivalent to

log Ao(Y) = X'B+V + U, (6.68)

where U is a random variable that is independent of X and V and whose CDF is
F(u)=1 —exp (e™"). Because (6.68) continues to hold if a constant is added to
both sides, a location normalization is needed to make identification possible. This
is accomplished here by setting Ao(yo) = 1 for some finite yg > 0. Elbers and Ridder
(1982) showed that model (6.68) is identified if Ee~V < oo. For reasons that are
explained later in this section, the estimator developed here is based on the stronger
assumption that Ee 3V < co.

Model (6.68) is closely related to the transformation model of Sections 6.3.1—
6.3.3. To see the relation, write the transformation model in the form

T(Y) = X'a+ W, (6.69)
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where T is an unknown increasing function, the random variable W is independent
of X and has an unknown CDF Fyy, and « is a vector of parameters whose first com-
ponent, o1, is normalized to satisfy |o1| = 1. Models (6.68) and (6.69) are related
by T(y)=(1/0)log Ao(y) and W =(V + U)/o, where o =|B1|. Thus, (6.68) is a
rescaled version of the transformation model (6.69).

Now observe that Ag(y) = exp[cT(y)] and Ao(y) = oT'(y)exp [cT(y)]. Let T},
be a consistent estimator of T}, such as one of the estimators discussed in Sections
6.3.1, 6.3.2, and 6.3.3. Suppose a consistent estimator of o, o, is available. Then,
Ay is estimated consistently by

Ano(y) = exp [0 Tn(¥)]. (6.70)

If T}, is differentiable, then Ag is estimated consistently by

M0 (y) = 0n T, () exp [0, Tu()]. (6.71)

To develop an estimator of o, define Z = X'« in (6.69). Assume that Z is a
continuously distributed random variable with probability density function pz. Let
G(-|z) be the CDF of Y conditional on Z = z. Define G.(- |z7) = dG(-|z)/dz. The
estimator of ¢ will be developed in two steps. The first step is to express o as a
functional of G, G, and pz. The second step is to replace G, G;, and pz in this
functional with consistent estimators.

To express o as a functional of G, G, and pz, let z = X'« and Fy denote the CDF
of V. Write (6.37) in the form

Az, v) = ro()exp[ — (02 + V). (6.72)

Since
1 dP(Y <y|Z=2z, V=)

Az, v) = :
O = Ty <yZ=z V=" dy

it follows from integration of (6.72) that

Ghlzo)=1- / exp[ — Ao(y)e_(”Z+V)]dFv(v). (6.73)

and

G.(yl2) = —0 Ao(y) f e T exp[ — Ao()e TV dFy(v). (6.74)
Now define o (y) by

[ GOlpz(2)*dz

OO = GO erd:

(6.75)
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By applying 1’Hospital’s rule to the right-hand side of (6.75), it may be shown that
if Ag(y) > 0 for all y > 0, then

o= lim o(y). (6.76)
y =0
Equation (6.76) is the desired expression for o in terms of G, G, and pyz.

The second estimation step consists of replacing G, G, and pz in (6.76) with
consistent estimators. To do this, let K be a kernel function and {h,:n = 1,2, ...}
be a sequence of bandwidth parameters that converges to 0 as n — 0o. Observe
that (6.69) is a single-index model. Accordingly, let «, be a consistent estimator
of o, such as one of the estimators discussed in Chapter 2. Let the data be the
random sample {Y;, X;:j =1, ..., n}. In this section, the letter j is used to index
observations because i is used later to denote the imaginary number /—1. Define
Zyj = Xjfozn. Define the following kernel estimators of pz, G, and G, respectively.

n
_ 2 — Zyj
Puz(2) = (nhy) ! XI:K < W <l ) (6.77)
=
Gu(¥12) = lnhpuz@] ™' Y 1(Yi < YK (h—’) (6.78)
j=1 "
and
G (tlz) = 0G,(t]z)/0z. (6.79)
Now define
S Gu(12)puz(2)dz
o,(y) = — : . (6.80)
T T T Gullopuz ez
Let {y,:n = 1,2, ...} be a sequence of positive numbers that converges to 0. If

the convergence takes place at a suitable rate, then o,(y,) 2 (Horowitz 1999).
Thus, 0,(y,) is a consistent estimator of o. However, the fastest possible rate of
convergence of this estimator is n~!/3.

Under the assumption that Ee =3V < oo, it is possible to modify the estimator
(6.80) so that its rate of convergence is arbitrarily close to n~>/> and its asymp-
totic distribution is normal with mean 0. Ishwaran (1996) shows that n=2/3 is the
fastest possible rate of convergence under the assumption that Ee =3V < oco. (Ridder
and Woutersen (2003) show that a convergence rate of n~ Y2 is achievable in at least
some cases if 1o(?) is known to be bounded away from 0 and oo near t = 0. Ishwaran
(1996) does not make this assumption, and it is not made here.) The modification
is based on a bias-reduction method that was proposed by Schucany and Sommers
(1977) for nonparametric density estimation and extended to nonparametric regres-
sion by Hérdle (1986) and Bierens (1987). To obtain the modified estimator of o,
let ¢ and § satisfy 1/5<g<1/4 and 1/(2q) — 3/2 <6 < 1. Let {y,1} and {y,»} be



226 6 Transformation Models

sequences such that Ag(y,1) = cn™? for some finite ¢ > 0 and Ag(y2) = cn~%,
The modified estimator is

0nn1) — =410, ()
1 — n—9(1-9)

o, = (6.81)

Now let A0 and Ao be the estimators of AN() and Aq that are obtained by substi-
tuting o, in (6.81) into (6.70) and (6.71). Let X denote all components of X except
the first. To obtain the asymptotic distributional properties of o5, A0, and A0, make
the following assumptions.

PHUI: {Y;, X;:j =1, ..., n}is an independent random sample of (¥, X) in
model (6.37).

PHU2: (i) X has bounded support. (ii) The distribution of the first compo-
nent of X conditional on X = X has a bounded probability density func-
tion for every ¥ in the support of X. (iii) The probability density function
of Z is seven times continuously differentiable everywhere. The probability
density function of Z conditional on X = %, pz(zl%), is everywhere seven
times continuously differentiable with respect to z for all X in the support of
X.

The assumption that X has bounded support can be relaxed at the price of
increased technical complexity of the derivation of the asymptotic distribu-
tional properties of the estimators.

PHU3: (i) V is independent of X. (ii) Ee 3" < oo.

The weaker assumption Ee~V < 00 ensures identification of o, Ag, and
Ao (Elbers and Ridder (1982), Heckman and Singer (1984a)), but the fastest
possible rate of convergence of an estimator of o under this assumption is
(log n)~! (Ishwaran 1996), whereas o, in (6.81) converges at a rate that is
arbitrarily close to n~%/> when Assumption PHU3(ii) holds.

PHU4: (i) n'/%(ay, — @) = Op(1) as n — o0. (i) Ag(y) > O for all y > 0,
Ao(y) > O for all y > 0 in the support of Y, yo is an interior point of the
support of Y, and A has three bounded derivatives on an open interval Iy €
(0, oo) containing yg. (iii) For any a > 0 and closed interval [y,, y»] € Iy,
n?P=4 T, (y) — T(y)] =P 0 and n?>~[T,(y) — T'(y)] =P 0asn — oo
uniformly over y € [y,, vpl-

PHUS: K has support [ — 1,1] and is of bounded variation, continuously differ-
entiable everywhere, and symmetrical about 0. In addition

1 . .
: lif j=0
/ VKwdv =1 "7
1 0ifl <j<3
PHUG6: The bandwidth satisfies 4, o n=*, where 5/32 <« < 6/32.
Now define D(y) = E[G(Y|Z)pz(Z)] and

E{e”"*12p(Z) — apz(2D)]}
E[e=7%p(2)]

Q=
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Assumption PHU4(i) is satisfied by the single-index estimators discussed in
Chapter 2. Assumption PHU4(iii) is satisfied by Horowitz’s (1996) estimator of 7.
Assumption PHUS requires K to be a higher-order kernel.

Define y as the solution to Ag(y) = e~ and Y as the solution to A,o(y) = el
Let {y,1} and {y,»} be nonstochastic sequences of positive numbers that satisfy
D(yn1) = en~? and D(y,n) = cn~%? for some finite ¢ > 0, where 1/5<g<1/4
and 1/2q) —3/2 <8 < 1.

The following theorem, which is proved in Horowitz (1999), gives the asymptotic
distributional properties of o;,, Ao, and A.

Theorem 6.7: Let assumptions PHUI-PHUG6 hold. Then the following hold as
n — oo.

(@) "', —o)-% N, Q).

(b) n""DIA0(0) — Ao)] = o7 Ao log [AoW)]n' P2 (0, — ) + 0p(1)
uniformly overy € [yq, ypl, and Ano(yo) = Ao(yo) = 1.

(c) "2, = AoWMI=0"ThMI1 + log Ao =26, — o) +
0, {n''=D2[T}(y) — T'Y)1} uniformly over y € [ya, ybl.

(d) n1=D2F, —3) = —[echo(3)]~'n1=/2(6,, — o) + 0,(1) I

Part (a) of Theorem 6.7 implies that the rate of convergence in probability of oy, to
o can be made arbitrarily close to n~2/> by making ¢ close to 1/5. Parts (a) and (b)
together imply that n{!=9/2[ A ,0(y) — Ao(y)] is asymptotically normally distributed
with mean 0. Parts (a) and (c) imply that the same is true of n(! =%/ 20 (») — 2oO)]
if y # 3. However, A,0(¥) — Ao(¥) converges at the same rate as T,,(3) — T(3), which
is typically faster than n~=9/2_ The singular point is estimated consistently by ¥,.
A confidence interval for y can be obtained by combining parts (a) and (d) of the
theorem.

Theorem 6.7 provides a way to obtain uniform confidence bands for Ag and Ao.
To illustrate, consider Ag. Let &,/> be the 1 — a/2 quantile of the standard normal
distribution and let €2,, be a consistent estimator of 2. The following is an asymp-
totic (1 — a) confidence interval for Ag(y) that is uniform over any closed subset of
[va> yp] that excludes y:

1/2
S0+ Tog A o()| 2/

O'n[cn(l_q)/z]l/z

20 (Y) — Eay2 < o)

12 (6.82)
Ao+ log Ano()[€2,

gn[cn(l_q)/2]l/2

< X0 (y) +&a2

Inequality (6.82) provides a way to test hypotheses about the shape of Ag. For exam-
ple, the hypothesis that Ag is strictly increasing is rejected at the asymptotic a level
if no strictly increasing function lies completely inside (6.82) for all y in the subset

of [ya, ypl-
The following theorem provides a consistent estimator of .
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Theorem 6.8: Define 2, = A,(¥n1)/Dn(yn1), where

Au(y) = /Gn()’k)[ngz(z) - UnPnZ(Z)]ZPnZ(Z)dZ,
(6.83)

Da(y) = / G122,

and yy is as in Theorem 6.7. Under assumptions PHUI-PHU®6, 2, —F Q.1

The next theorem provides a data-based method for selecting sequences {y,1}
and {y,»} that satisfy the rate-of-convergence requirements of Theorem 6.7.

Theorem 6.9: Define D, as in (6.83). Let assumptions PHUI-PHUG6 hold. Let c,
d, and § satisfy the assumptions of Theorem 6.7. Let y,1 and yno satisfy y,1 =
inf{y:D,(y) > en~? and 3,0 = inf{y:D,(y) > cn~%?). Then the conclusions of
Theorems 6.7 and 6.8 hold with y, and y,; in place of y,1 and y».H

Current theory does not provide a method for selecting ¢, d, and § in applications.
It is likely, however, that these parameters can be selected by using the bootstrap.
Specifically, these tuning parameters might be selected by minimizing the estimate
of the integrated mean-square error of Ag or A¢ that is obtained by repeatedly resam-
pling the data randomly with replacement. To illustrate, consider Ag. Let Af{g) be
the estimate of Ag that is obtained from the m th out of M resamples. The estimated
integrated mean-square error is

EIMSE = M~ IZ / [A" () — Ag(y)TPdy.
m=1

It is also possible to estimate the density of V, fy, if V is continuously distributed.
To see how this is done, suppose for the moment that Ay and B are known. Define
W =log Ao(Y)—X'B.Then W = V4 U.Let W; = log AO(Y/)—X;,B G=1, ..., n)
denote “observations” of W. The distribution of U is known, so estimating fy is a
problem in deconvolution. Deconvolution is discussed in Section 5.1, and the meth-
ods of that section can be used to estimate fiy under the (temporary) assumption that
W is observable. To do this, let ¥y denote the characteristic function of U, that is the
characteristic function of a random variable whose CDF is Fy(u) = 1 —exp (—é€").
Let &nw denote the empirical characteristic function of W. That is,

n
Yaw(t) =n~" ) exp (itW)),
Jj=1
where i = +/—1. Let ¥, be a bounded, real characteristic function with support
[— 1,1]. Finally, let {h,} be a sequence of positive constants that converges to 0 as
n — oo. Then, as is explained in Section 5.1, fy(v) is estimated consistently by
o

Fav(») = Qm)~! / e MW OV (hat)/ Yru(D)]dt. (6.84)

—00
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Now return to model (6.37). Since Ag and B are unknown in this model, the Wjs
are not observed and '(ZnW is not a feasible estimator of the characteristic function of
W. W; can be estimated, however, by 0,[T,(Y;) — Z,;]. The characteristic function
of W can then be estimated by

Yaw(®) =n"" Y [exp ((Wi)ll(T1 < Y) < T0), (6.85)
j=1

where 0 < 1,1 < T2 <00, 7,1 —0asn —oo0,and 7,p —ooasn — o0o. The
trimming factor /(7,1 < Y; < 7,2) is needed because T(0) = —oo and T(00) = 00
in the proportional hazard model. Therefore, T(y) cannot be estimated consistently
uniformly over 0 < y < oo, and very small and large values of ¥ must be trimmed
away to obtain a consistent estimator of fy. The resulting estimator is

v = @2m)~! / e M Yw OV (hyt) /Yy (1)]dt. (6.86)

—00

To obtain asymptotic properties of f,y, define Q = ¢~V and let fo be the proba-
bility density function of Q. Make the following assumptions in addition to assump-
tions PHU1-PHUG6.

PHUT7: v, is a bounded, real characteristic function with support [ — 1,1] and
two bounded derivatives in a neighborhood of 0.

PHUS: (i) V has a probability density function that is twice continuously
differentiable on an open interval Iy C (— o0, 00). (ii) There are finite
constants go > 0, s > 0, a; > 0, and ap > a; such that a1¢° < fp(q) < a»¢*
whenever 0 < g < qo.

Assumption PHU7 is satisfied, for example, by letting ¥, be the fourfold convo-
lution of the U[ — 1/4,1/4] density with itself. Assumption PHUS is satisfied, for
example, if Q has the gamma distribution as is frequently assumed in parametric
models of unobserved heterogeneity.

The following theorem, which is proved in Horowitz (1999), establishes the
consistency and rate of convergence in probability of f;y.

Theorem 6.10: Let assumptions PHUI-PHUS hold. Let 1,1y = inf{t :D,(t) >
cln’z/]s} for some finite c1 >0 and t,p = inf{r: D, (7)>1 — cznfz/]s} for some
finite ¢y > 0. Set h, = (c3 log n)~!, where 0 < c3 < 4/(15m). Then f,y(v) — fy(v) =
O,[(log n)~2] pointwise and uniformly over any compact subset of Iy.R

Currently available theory does not provide a method for selecting specific val-
ues of the ¢;s in applications. As is often the case in deconvolution (see Section
5.1), the rate of convergence of f,y is slow. Nonetheless, the results of Monte Carlo
experiments reported in Horowitz (1999) show that estimates of fi having the same
general shape as the true fy can be obtained from samples of size 1000, which is
smaller than the sample sizes in many economic applications.
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6.4 Predicting Y Conditional on X

This section discusses how by, T,,, and F,, can be used to make predictions of ¥ con-
ditional on X. The most familiar predictor of Y conditional on X = x is a consistent
estimator of E(Y|X = x). Because (6.1) is a single-index model, an estimator of
E(Y|X = x) can always be obtained by carrying out the nonparametric mean regres-
sion of Y on X’b,. This estimator converges in probability to the true conditional
expectation at a rate that is slower than n~!/2. An estimator of the conditional expec-
tation that converges in probability at the rate n~!/? can be obtained if 7 can be esti-
mated with n~1/2 accuracy over the entire support of Y. This is usually possible in
the models of Section 6.1.1, where T is known up to a finite-dimensional parameter
a. Ifa,isa n~1/2_consistent estimator of «, T, 1'is the inverse of T(y, a),and T
is a differentiable function of each of its arguments, then E(Y|X = x) is estimated
n~1/2_consistently by

n
n! Y T Ui+ X b,

i=1

where b, is a n~1/2-consistent estimator of B and U,; = T(Y;,a,) — leb,,.
Uniform n~!/?-consistent estimation of T usually is not possible in models where

T is nonparametric, and E(Y|X = x) cannot be estimated n~!/?-consistently in such
models. A predictor that usually can be estimated n~!/?-consistently is the con-
ditional median of Y or, possibly, another conditional quantile. The y-quantile of
Y conditionalon X =x (0 <y < 1)is

Yy @) =T +uy),
where u, is the y-quantile of the distribution of U. To form a n~1/2_consistent
estimator of y,, (x), let F; be an estimator of F' that is n~ Y2 consistent in a neighbor-
hood of u, . Let T, be an estimator of T that is n~1/2_consistent in a neighborhood
of y,(x). In models where F is known, F, can be replaced with F. Estimate
u, by u,, = inf{u:F,(u) > y}. Then y,(x) is estimated n~1/2_consistently by
Yny (x) = inf{y:T,,(y) > xX'b, + uyy }. Cheng et al. (1997) and Horowitz (1996) pro-
vide detailed discussions of the asymptotic distributional properties of y;, (x) for the
models and estimators discussed in Sections 6.2.5, and 6.3.1 and 6.3.2, respectively.

6.5 An Empirical Example

This section presents an empirical example that illustrates some of the techniques
described in Sections 6.1, 6.2, 6.3, and 6.4. The data were assembled by Kennan
(1985), who studied the relation between the durations of contract strikes and the
level of economic activity. The data give the durations, in days, of 566 strikes involv-
ing 1000 or more workers in US manufacturing during 1968-1976. The level of eco-
nomic activity is measured by an index of industrial production in manufacturing
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(INDP). In the analysis reported here, high values of INDP indicate low levels of
economic activity.

The analysis consists of using the data on strike durations and INDP to esti-
mate three versions of model (6.1). In each version, Y is the duration of strike
and X is INDP. The first estimated version of (6.1) is the semiparametric pro-
portional hazards model of Section 6.2.1. In this model, 7 is nonparametric and
F(u) =1—exp (—¢€"). The second estimated version of (6.1) is a loglinear regres-
sion model. In this model, 7(y) = logy and F is nonparametric. Estimation of this
model is discussed in Section 6.1. In the third version of (6.1), T and F are both
nonparametric. The estimator used here for this version of the model is discussed
in Sections 6.3.1 and 6.3.2. The version of (6.1) in which 7 and F are nonparamet-
ric nests both the proportional hazards model and the loglinear regression model.
The proportional hazards and loglinear regression models are nonnested, however.
There are versions of the proportional hazards model that are not loglinear regres-
sions, specifically any proportional hazards model in which the integrated baseline
hazard function does not have the form Ag(y) = y* for some o > 0. There are
also loglinear regressions that are not proportional hazards models, specifically any
loglinear model in which U does not have the extreme-value distribution.

The estimation results are summarized in Fig. 6.1, which shows each model’s
estimates of the conditional first quartile, median, and third quartile of the distribu-
tion of strike durations given INDP. All of the models give results that are consistent
with Kennan’s (1985) finding that strike durations tend to be longer when at low
levels of economic activity (high values of INDP) than at high levels. In addition,
the conditional first quartiles and medians are similar in all models. The conditional

125 4 Duration

Nonparametric T and F

100 -
—— —— Proportional Hazards % —~
—————— Loglinear Model / -7

75 T
50 3rd Quartiles

25 A Medians

P
Ist Quartiles _______ o= —_

-3 -2 -1 0 1 2 3
Index of Industrial Production

Fig. 6.1 Results of estimating three models of strike duration
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third quartiles are similar when INDP < 1.25 but diverge at higher values of INDP.
At high values of INDP, the estimated distribution of strike durations is more highly
skewed to the right according to the model with nonparametric 7 and F than accord-
ing to the proportional hazards model. The distribution of strike durations is less
highly skewed to the right according to the loglinear model than according to the
proportional hazards model.

Because the model with nonparametric 7 and F nests the other two models, these
results suggest the possibility that the proportional hazards and loglinear models are
misspecified, at least for large values of INDP. However, fewer than 7% of the data
have values of INDP exceeding 1.25, and a formal test of the proportional hazards
and loglinear models against the more general model is not yet available. Therefore,
one cannot rule out the possibility that the differences among the estimated third
quartiles are artifacts of random sampling error. Nonetheless, the estimation results
demonstrate that even a relatively complicated semiparametric estimator such as
that of Section 6.3 can yield useful estimates with samples of the sizes found in
applications.



Appendix
Nonparametric Density Estimation
and Nonparametric Regression

This appendix summarizes properties of nonparametric density, mean-regression,
and quantile-regression estimators that are used in the text. Hérdle (1990),
Silverman (1986), and Fan and Gijbels (1996) provide more detailed presenta-
tions of kernel and local polynomial estimators. Newey (1997) provides a detailed
discussion of series estimators of conditional mean functions. Bhattacharya and
Gangopadhyay (1990), Chaudhuri (1991a), Fan et al. (1994), and Horowitz and Lee
(2005) discuss nonparametric quantile estimation.

A.1 Nonparametric Density Estimation

Let X be a random variable with unknown probability density function p. Let {X;:i =
1,..., n} be a random sample of X. The problem addressed in this section is to
estimate p consistently from {X;} without assuming that p belongs to a known finite-
dimensional parametric family of functions. Assume for now that X is a scalar. The
case of multidimensional X is treated in Section A.1.1.

Let P denote the cumulative distribution function (CDF) of X. For any real x, P(x)
is estimated consistently by the empirical distribution function of X, which is

Py() =n"" Y I(X; < x).

i=1

P(x) and p(x) are related by p(x) = dP(x)/dx, but p(x) cannot be estimated by
dP,(x)/dx because P, is a step function. This problem can be solved by adding
to each observation X; a random number h,&;, where ¢; is sampled randomly from
a distribution with known density K and #,, is a scale parameter. The distribution of
the resulting random variable, X; + h,¢;, is the convolution of the empirical distri-
bution of X and the distribution of 4,¢;. The convolution distribution has the density
function

J.L. Horowitz, Semiparametric and Nonparametric Methods in Econometrics, 233
Springer Series in Statistics, DOI 10.1007/978-0-387-92870-8_7,
© Springer Science+Business Media, LLC 2009
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_1 % xX—z AP
pn(x)—h_n/ < I > 2(2)

1 & x— X
= — K .
nhy, P hy,

The function p,, is called a kernel nonparametric density estimator. K is called the
kernel function. Intuition suggests that p,(x) should be close to p(x) if n is large (so
that P, is close to P) and #, is small (so that the convolution X with A, does not
alter the empirical distribution of X too much). Conditions under which this intuition
is correct will now be given.

Suppose that K is bounded and satisfies

/00 K®©v) dv =1,

—00

/OO vK(v) dv =0,

—00

o0
/ sz(v) dv=A < o0,
—0o0
and

oo
/ [K()]*dv = B < o0.
—00

These conditions are satisfied if, for example, K is a bounded probability density
function. Suppose, also, that #, — 0 and nh, /logn — oo as n — oco. Then it can
be proved that if p is uniformly continuous,

lim sup [p,(x) — p(x)| = 0 (A.D)
n—oo X

almost surely. See Silverman (1978). Thus, p, is a strongly uniformly consistent
estimator of p.

Now suppose that p is twice continuously differentiable. Then for each x, the
fastest possible rate of convergence in probability of p,(x) to p(x) is n—2/5 (Stone
1980). This occurs when h,, = cn~1/3 for some ¢ > 0. Moreover,

125 [pa(x) — p(0)] > N(1.02), (A2)

where

1
w= EczAp”(x)



A.1 Nonparametric Density Estimation 235

and

2 B
o” = —px).
C

The asymptotic mean-square error (AMSE) of p,(x) is u?> + 0. Assuming that
p"(x) # 0, the AMSE is minimized by setting

[ Bp) 717
C"[A%ﬂcnz}

The integrated mean-square error of p,, is

IMSE = E / [pn(x) — p(x)]*dx.

This is minimized asymptotically by setting

B
= el "

The uniform rate of convergence of p, to p is slower than the pointwise rate of
n~2/3_ 1t can be proved that if p is uniformly continuous, then

nhy \ /2

<1 ) sup [pn(x) — p(r)| = O(1)
ogn x

almost surely (Silverman 1978).

Equation (A.2) shows that the asymptotic distribution of B pu(x) — p(x)] is
not centered at 0. Thus p,(x) is asymptotically biased. The asymptotic bias can be
removed at the cost of a slower rate of convergence by setting /i, o« n~" where
r > 1/5. This is called undersmoothing. With undersmoothing, the pointwise rate
of convergence of p,(x) is n~1=1/2 and

() P 1pa(x) = p)] > N1O,Bp(o)].
Asymptotic bias can be removed while keeping the rate of convergence n=>/°
by using a jackknife-like method proposed by Schucany and Sommers (1977). To
obtain this estimator, let p,(x,h,1) be the kernel density estimator of p(x) based on
the bandwidth h,; = cn~ /3. Let pn(x,hy2) be the estimator based on bandwidth
hy = cn%/5 where 0 < 8 < 1. Define

_ Pahnt) = (it /1)’ ()
1= (n1 /hn)?

i’n(x)
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Assume that p” satisfies the Lipschitz condition [p”(x1) —p”(x2)| < ¢p|x1 —x2|” for
some constant ¢, < oo and ¥ > 0 when x; and x; are in a neighborhood of x. Then,

()2 [Pu(x) — ()] > NIO.Bp(x)].

The rate of convergence of p, can be increased if p has more than two continuous
derivatives through the use of a higher-order kernel. A kernel K of order s satisfies

/OO KWw)dv =1,

—0o0

w .
/ VEKWdv =0, j=12,...,5s—1,
—00

o0
/ VKW)dv = A < 00,

—00

and

oo
/ [K()]*dv = B < o0.
—00

If K is a probability density function, then s = 2. A higher-order kernel has s > 2.
A higher-order kernel must be negative at some values of its argument in order to
have a second “moment” of zero. Therefore, a probability density function cannot be
a higher-order kernel, but higher-order kernels can be constructed by using formu-
lae provided by Miiller (1984). The following is a fourth-order kernel with support
[— L1

105 2 4 6
K@) = a(l =5+ TV =3W)I(v] < 1).

Suppose that p has s continuous derivatives, #, = cen~V@+D for some ¢ > 0,
and p, is the estimator of p that is obtained by using a kernel K of order s and band-
width ,. Then the rate of convergence in probability of p, to p is n=%/@*D_ This
rate increases as s increases, so a faster rate of convergence can be obtained by using

a higher-order kernel if p has the required derivatives. If p is s times continuously
differentiable, K is an order s kernel, and h, = n=V/@+D_ then

d
n*/E [, (x) — p)] > N(u.o?),
where
1 S A A(8)
p=gc Ap™(x)

and
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B
o’ = —p(x).
c

The AMSE of p,(x) is minimized by choosing ¢ to minimize u> 4+ 2. Assuming
that p®(x) # 0, the result is

B s TV
c=1—— .
2s [Ap“)(x)}

The asymptotic integrated mean-square error is minimized by setting

B /)2 | 1/(2s+1)
c={—|=) —— .
2s \A) [p®W)>dv

In applications, the bandwidth that minimizes the asymptotic integrated mean-
square error, i, oy, can be estimated by the method of least-squares cross-validation.
To describe this method, let p,;(x) be the estimate of p(x) that is obtained by using
bandwidth A, and let p,;;(x) be the estimate that is obtained by using bandwidth &
and omitting observation X; from the data. Define

[e%9) 2 n
T(h) = /_ N [prn(0)dx — - ;pmxa.

The least-squares cross-validation estimator of £, op; is the value of & that minimizes
T(h).

The least-squares cross-validation estimator, A, zcy, IS easy to compute, but it
converges to /1, o at the slow rate of n~ 110 Thatis, huLev/hnopi—1 = OP(n_l/ 10y,
Consequently, &, s cy can be noisy and may differ greatly from #,, ., with samples of
moderate size. Jones et al. (1996) describe other bandwidth estimators that are more
difficult to compute and may require stronger assumptions but have faster rates of
convergence and, therefore, are likely to be less noisy in samples of moderate size.

A.1.1 Density Estimation When X Is Multidimensional

In this section, it is assumed that X is a d-dimensional random variable with
d > 1. Let p be the probability density function of X and K be a kernel function
of a d-dimensional argument. Such a function can be a multivariate probability den-
sity function or the product of univariate kernel functions. Let {4, } be a sequence of
bandwidths. The kernel nonparametric estimator of p(x) is

1 " x—X,-
=— ) K .
Pa() nhg[; ( " )

It is possible to use different bandwidths for different components of X, but this
refinement will not be pursued here.
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If h, — 0 and nhg/ logn — oo as n — oo, then (A.1) holds when X is
multidimensional. To obtain the rate of convergence and asymptotic distribution
of pp(x) — p(x), it is necessary to define the multivariate generalization of a kernel of
order s. To this end, letj = (ji, . . . , j4) be a d-dimensional vector whose components
are all nonnegative integers. Let v be the d-dimensional vector whose components
are (vq,...,vq). Define

d
/=11
k=1

and

d
1l ="k
k=1

Let K(v) = K(v1,...,vq) and dv = dvidv; - - - dvg. Then K is an order s kernel if

o0
/ KWv)dv=1,
—0oQ
oo .
/ VEW)dv=0,jl=12,...,s—1,
—0Q

o0
/ viK(v) dv=A < oo, foreachk=1,...,d,

—00

and

/ [K(W)]*dv = B < .

A d-dimensional kernel K of order s can be obtained by setting

d
KW =Ko,
k=1

where K| is an order s kernel of a one-dimensional argument.

Now assume that the mixed partial derivatives of p of order up to s exist and are
continuous. Let K be an order s kernel. Then the fastest possible rate of convergence
in probability of p,(x) to p(x) is n—%/(2s+d)_ This rate decreases as d increases. As
a result, the sample size needed to achieve a given estimation precision increases
rapidly as d increases. This is the curse of dimensionality (Huber 1985). Silver-
man (1986) gives an illustrative example in which it is necessary to increase n by
a factor of nearly 200 to keep the estimation precision constant when d increases
from I to 5.

When p is s times continuously differentiable and K is an order s kernel, the
fastest possible rate of convergence is achieved when h, = cn™ "/ >+ for some
¢ > 0 (Stone 1980). Under these conditions,
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2/ 2s+d) [Pn(x) — p(x)] —d> N(M,o‘z)’

where

c d*p(x)
= FA oxs
Tok=1 k
X is the k th component of x, and
B
2
o = —p(x).
Cdp( )

The asymptotic mean-square error of p,(x) is minimized by setting

dBp()(s)? [ < 0°p(x)
- [t [, o]

R
P 0x;,

oy 1/@2s+d)

The asymptotic integrated mean-square error of p,, is minimized by setting
1/(2s+d)

dB(s!)?

d 2
25A2 [ [ %@} dx
k

C =

k=1

As in the one-dimensional case, the bandwidth that minimizes the asymptotic inte-
grated mean-square error for d > 1 can be estimated by least-squares cross-
validation, among other ways.

A.1.2 Estimating Derivatives of a Density

Return to the case in which X is a scalar. Let p®®(x) denote the kth derivative of p at
the point x. An obvious estimator of p®(x) is the kth derivative of p,(x) or pﬁ,k)(x).

This section summarizes some important properties of pﬁ,k)(x).
Differentiation of p, shows that

R x—X
K () — 2 : (k) —
" nhﬁ“ i=1 ]’ln

where K® is the kth derivative of K and is assumed to exist everywhere. If K is an
order s kernel that is k times continuously differentiable everywhere and if pis k+ s
times continuously differentiable, then
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hS
ElpP )1 = pPx) + s—;’Ap(k“)(x) + o(h)

and

By _
Varlpi (@] = —sprp) + ol H71
nny

as n — 0o, where

By = / [K©0))dv.

It follows from Chebyshev’s inequality that pi,k) (x) converges in probability to p®(x)
if b, — 0and nh2*+! — coasn — oc.

It can be seen that for any given bandwidth sequence and order of kernel, the
bias of pglk)(x) converges to 0 at the same rate as the bias of p,(x), but the variance
of pﬁ,k)(x) converges more slowly than the variance of p,(x). The fastest possible rate
of convergence of p,(lk )(x) is achieved when the square of the bias and the variance
of pﬁlk) (x) converge to zero at the same rate. This occurs when £, n~ 1/ @s+2ktD)
The resulting rate of convergence is n~*/>*2k+1)_Thus, estimators of derivatives of
densities converge more slowly than estimators of densities themselves and require
slower converging bandwidth sequences.

A.2 Nonparametric Mean Regression

Now consider the problem of estimating the conditional mean function g(x) =
E(Y|X = x). Assume that X is a scalar, continuously distributed random variable.
Let {Y;,X;:i = 1,...,n} be a random sample of (¥,X). This section describes three
different ways to estimate g nonparametrically.

A.2.1 The Nadaraya—Watson Kernel Estimator

Let p,(x) be the kernel nonparametric estimator of p(x), the probability density of
X at x, based on the sample, kernel K, and bandwidth %,,. The Nadaraya—Watson
kernel nonparametric estimator of g(x) is

) 1 Xn: ViK <x — X,')

gn(x) = ——— j .

T nhepa) &7\ hy

This estimator was first proposed by Nadaraya (1964) and Watson (1964).

Define 02(x) = Var(Y|X = x). Assume that o-2(x) < oo for all finite x and that
Ec?(X) < oo. If p and g are both s times continuously differentiable and K is an
order s kernel, then the fastest possible rate of convergence in probability of g,(x) to
g(x) is n=5/Z+D_ As in nonparametric density estimation, the rate of convergence
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of a nonparametric mean-regression estimator can be increased by using a higher
kernel if the necessary derivatives of p and g exist.

The fastest possible rate of convergence in probability of g, to g occurs when
h, = en~V@+D for some ¢ > 0 (Stone 1980, 1982). With this bandwidth, an order
s kernel, and assuming existence of the derivatives of p and g through order s,

/@ [e, () — g()]-S N(ug.0R),
where
_ % ap
UR = ) (x),
D(X)—iid—k{[ v +x) — g)]p0)}
T L ST T BP0
and
o2 Baz(x)_
K cp(x)

The asymptotic bias of g,(x) can be removed by using a method analogous to that
of Schucany and Sommers (1977) for nonparametric density estimation. See Hirdle
(1986) and Bierens (1987) for details.

As in nonparametric density estimation, ¢ can be chosen to minimize either the
asymptotic mean-square error of g,(x) or the (asymptotic) integrated mean-square
error. The integrated mean-square error is

IMSE = E /w(x)[gn(m — g()1Pdx,

where w is any nonnegative function satisfying

/w(x)dx =1

and for which the integral in IMSE exists. The asymptotic mean-square error of
gn(x) is minimized by setting

 [Bpo2 ]/
o |:2sA2D(x)2:|

The asymptotic integrated mean-square error is minimized by setting

_ ! A% [ w)[D)/p()I*dv 1/2s+1)
=12 B [ w(v)[o2(v)/p()ldy .
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The bandwidth that minimizes the asymptotic integrated mean-square error can be
estimated by minimizing the following cross-validation criterion function:

n
Tr(h) =n"" Z WX)IY; — guni(X)1%,
i=1
where g,i(x) is the kernel estimator of g(x) that is obtained by using bandwidth A
and omitting the observation (Y}, X;) from the sample.
The uniform rate of convergence of g, to g is [(logn)/(nh,)]
Specifically,

172 almost surely.

1/2

nhy,

<—> sup |, (x) — g0)| = O(1),

IOg n xeS

almost surely, where S is any compact subset of the interior of the support of X on

which p is bounded away from 0, and p and g are s times continuously differentiable.
If X is d-dimensional with d > 1, then g(x) can be estimated by

1 " x—X;
W) = ——— 3 YK - ).
$n) ”hgpn(x) Z ( hn )

i=1

where K is a kernel function of a d-dimensional argument. As nonparametric den-
sity estimation, the fastest possible rate of convergence in probability of g,(x) to
g(x) is n=5/@*9 \when p and g are s times continuously differentiable. Thus, the
curse of dimensionality arises in nonparametric mean regression as in nonparamet-
ric density estimation. The fastest possible rate of convergence is achieved when
hy, = cn™ Y@+ for some ¢ > 0, in which case n*/ >+ [g, (x) — g(x)] is asymptot-
ically normally distributed.

Derivatives g(x) can be estimated by differentiating g, (x). As in the case of den-
sity estimation, estimators of derivatives of g converge more slowly than the estima-
tor of g itself, and slower converging bandwidth sequences are needed.

A.2.2 Local-Linear Mean Regression

The Nadaraya—Watson estimator of g(x) can be obtained by solving

n

gn(x) = argmbinE(Y,- — b)zK (x 7 l).
=

Therefore, the Nadaraya—Watson estimator can be interpreted as approximating
g(X;) by a constant when X; is close to x. For this reason, the Nadaraya—Watson
estimator is also called a local constant estimator.



A.2 Nonparametric Mean Regression 243

Another possibility is to approximate g by a linear function near x. This gives
8(Xi) ~ bo + bi1(Xi — x)

when X; is near x. Now consider choosing (bg,b1) by solving the weighted least-
squares problem

n
. Xi—x
(buo.bn1) = argmin Y [V — bo — bi(X; =0 K (—)
bo.b1 o1 hy,
Estimate g(x) by g,.0(x) = bpo. This procedure is called local-linear estimation.
The slope parameter b,,; estimates g'(x) when this quantity exists. The estimator of

glx)is

n
> aii
bno = gnrr(x) = ’:,ll ,
> ai
i=1
where
L (522 X — )]
a = — Spp — S i — X
i I’l/’lh hn n2 nl\Ag
and

1 “ X,-—x i
Spj = %ZK’ i X;—xy; j=12.

i=1

Now assume that

(a) p(x) > 0 and p and g are twice continuously differentiable in a neighborhood
of x.

(b) K is a bounded probability density with support [—1,1] and symmetrical
about 0.

(¢) hy = cn~1/3 for some positive ¢ < oo.

Then
n2/5 [

gnir (V) — 801> N(urr.0%).

where

e = (1/2)Ag" (x)
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and
2 Bo?(x)
GLL _— .
cp(x)

As with the Nadaraya—Watson (local constant) estimator, the fastest possible rate
of convergence with local-linear estimation is n~2/> when g is twice continuously
differentiable. The variance of the asymptotic distribution of the local-linear esti-
mator is the same as that of the Nadaraya—Watson estimator, but the two estimators
have different asymptotic biases. Specifically, the asymptotic bias of the Nadaraya—
Watson estimator contains the term g’(x)p’(x)/p(x), whereas the asymptotic bias of
the local-linear estimator does not contain this term. The term tends to be large if
|¢’| is large (g is steeply sloped) or |p’/p| is large (the data are highly clustered).
In such cases, the local-linear estimator will tend to have a smaller bias and, there-
fore, smaller mean-square error than the Nadaraya—Watson estimator. Fan (1992)
gives examples in which the local-linear estimator outperforms the local constant
estimator.

As with the Nadaraya—Watson estimator, the bandwidth for local-linear estima-
tion can be selected by cross-validation. Fan and Gijbels (1996) discuss a variety
of other bandwidth selection methods. Local-linear estimation can be extended to
vector-valued explanatory variables, X. There is then the usual curse of dimension-
ality, and the rates of convergence are the same as those of the Nadaraya—Watson
estimator.

An important difference between the Nadaraya—Watson and local-linear estima-
tors is their behavior near the boundaries of the support of X. Suppose that p(x) > 0
on the boundaries of the support of X. Then the Nadaraya—Watson estimator has a
bias whose size is O(h;,) at a boundary, but the local-linear estimator’s bias remains
O(h%) (although the constants multiplying this rate change) at a boundary. Therefore,
the local-linear estimator is likely to be more precise than the Nadaraya—Watson
estimator in the vicinity of a boundary at which p(x) is discontinuous.

Local-linear estimation approximates g by a linear function. One can also con-
sider approximating g in the vicinity of x by a higher-degree polynomial:

8(Xi) X bo + b1(X; —x) + -+ - + by(X; — x)?

for some integer ¢ > 2. The coefficients can be estimated by solving

n
X. —
minimize Y " [¥; — by — b1(X; — x) — -+ — by(X; — )11 K (’—x)
bo,++ by P hy,

The resulting value of by is called a local polynomial estimator of g,(x). Fan and
Gijbels (1996) show that local polynomial estimation is analogous to using a higher-
order kernel, though K here is still a symmetrical probability density function.
Specifically, if g is odd and g has r = g + 1 continuous derivatives, then the bias of
gn(x) is O(h),). Therefore, the rate of convergence of the estimator is O[n™" /@1,
However, as with a Nadaraya—Watson estimator with a higher-order kernel, the local
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polynomial estimator with a high-degree polynomial may be highly variable in small
samples.

A.2.3 Series Estimation of a Conditional Mean Function

As before, let g(x) = E(Y|X = x). Suppose there is a known set of functions {¢; :j =
1,2, ...} such that

g =Y B, (A.4)

j=1

where the ;s are constant coefficients. Then estimating g amounts to estimating
the coefficients B;. It is not possible to estimate infinitely many coefficients with a
finite sample, but one can consider estimating a finite number of them, J,, by least

squares. That is, f1,...,B,, are estimated by
n
{br,....by,} =arg min Y " [¥; —big1(X) — -+ — by, s, (X)),
Broesbiy =

and g(x) is estimated by

In
gn(x) =) bjgyj(x).
j=1
To make sense of this procedure, it is necessary to answer two questions:

1. Under what conditions does thg expansion (A.4) exist and what does it mean?
2. What are the properties of the b;s and g,?

The answers to the questions make use of the theory of Hilbert spaces.

A.2.3.1 Hilbert Spaces

A class of functions H is called a Hilbert space if

a. H is a linear space. That is, (i) H contains a zero element; (ii) if f € H, then
Af € H for any real number A; and (iii) if f{ € Hand f> € H, then A fi + 122 € H
for any real numbers A; and X,.

b. Letf; and f> be any two elements of H. There is a number called the inner product
of f1 and f>, denoted by (f1.f>), with the following properties: (i) (f1./2) = (f2./1)-
(ii) If f3 € H, then (f] + f2./3) = {f1.f3) + {(2/3). (iiD) (Af1./2) = A {f1,f2) for any
real A. (iv) For any f € H, (f,f) > 0 and (f,f) = O only if f = 0.
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The number ||f|| = /{f.f) is called the norm of f. It has the property that
Il fi — /2|l is a metric for H.

There are many examples of Hilbert spaces. This section uses the space L,[0,1]
consisting of functions fon [0,1] with the property

1
f f(x)2dx < o0.
0

The inner product in this space is

1
{(f1.2) =/(; f1(x)f2(x)dx.

Two functions f; and f> are considered to be equal if

1
i —pl? = /0 () — o002 = 0.

A set of functions {¢; € H; j = 1,2,...} is called a complete basis for H if for any
f € H there is a sequence of constants {b;:j = 1,2,...} such that

J
Jim | f — > bigy| =0. (A.5)

j=1

When this condition holds, one writes
o0
f= Z b (A.6)
j=1

In particular, the meaning of (A.4) is that there are constants {f;:j = 1,2,...} such
that

J
li - @il = 0.
fim_ 8 = 2Bty =0

j=1
A basis {¢;} is called orthonormal if for any j.k = 1,2,..., (¢>j,¢k =0whenj # k
and H o H=1. If {¢;} is a complete, orthonormal basis, then b; = ,qu) in (A.5) and
(A.6). Moreover,
o
1P =" b7
j=1

In addition, if fj = 2?21 bj¢j and f» = Zfil Cj¢j, then (f1,f2) = Zfil bjCj.
Some examples of 'complete, orthonormal bases for L,[0,1] are
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—

. Cosine functions: ¢1(x) = 1 and ¢;11(x) = 2172 cos (jmrx) if j > 1.

2. Legendre polynomials, Pj(x): Legendre polynomials are usually defined on
[-1,1] but can be transformed so that they are orthonormal on [0,1]. After
transformation, the first four Legendre polynomials are Po(x) = 1, Pi(x) =
V32x—1), Pr(x) = /5(6x* —6x+ 1), and P3(x) = +/7(20x> —30x2 4+ 12x— 1).

A class of functions called B-splines is an example of a complete basis that is
not orthonormal. B-splines are a form of piecewise polynomials. The degree, k, of
the polynomials is related to the smoothness of the function space that is spanned.
Consider functions on the unit interval [0,1]. For an integer m > 0, specify m + 2k
points, {§;:j = —k,..., m+ k}, called knots such that

En<é 1 << <é&=0<é1<---<1=&,<&pt1 < <&myke
Typically, &, . . . &, are equally spaced on [0,1],

§ =& +jé —&)j=—-1...,—k

and
Ejzgm+j(§m_§m—l);j=m+1,--.,M+k

but this is not essential. The pth B-spline (p = —k,...,m — 1) is defined as

prk+1 | p+k—1

Bp(x) = Z (Efz——fj) - 0=x<1,

=r | =p

i#j
where (x— Sj)k =@x—-£& /)k if x—&; > 0 and O otherwise. B}, is a polynomial function
that is nonzero only if x € (§,,6,44+1). The B-spline approximation to a function f
is

m—1
[0~ biBj(x)
j=—k
for suitable coefficients {b;}. B-splines of order k = 3 span the space of twice-
differentiable functions on [0,1]. Specifically, if f is twice continuously differen-
tiable on [0,1], then the B-spline approximation is twice differentiable and

m—1
min sup [f(x) = Y biBi(x)| = Cm 2, (A7)
bfesbim—1 x€[0,1] f—

where C < oo is a constant. The same result holds for Legendre polynomials.
Although B-splines are not orthonormal, they can be made orthonormal by the
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Gram-Schmidt orthogonalization procedure. This procedure forms orthonormal lin-
ear combinations of the Bjs, so orthogonalization by this procedure maintains the
approximation property (A.7).

A.2.3.2 Nonparametric Regression

This section describes the use of series approximations to estimate g(x) =
E(Y|X = x). Assume for now that X is a scalar and that its support is [0,1]. The
support condition can always be satisfied by, if necessary, carrying out the transfor-
mation X — H(X), where H is a smooth, strictly increasing function.

The following notation will be used. Let {Y;,X;: i = 1,...,n} be a random
sample of (Y,X), and let {¢;:j = 1,2,...} be a basis for L,[0,1]. Define the J x 1
vector ¢/ (x) = [¢1(x), . .. ,¢s(x)] and the n x J matrix

b = [¢J(X1), - ,¢J(Xn)]/

d1(X1) ¢2(X1) ... ¢s(X1)
D1(X2) ¢2(X2)...¢5(X2)

$1(X0) 2K .. b (X)

Define the nx 1 vector Y = (Y1, ... ,Y,,)'. For any matrix A, define the norm ||A||,; =
[trace(A’A)]'/2. Let b denote the vector of coefficients that is obtained by ordinary
least-squares regression of Y on ®. That is

b= (@) DY,

where (&' ®)~ is the Moore-Penrose generalized inverse of @' ®.
The nonparametric series estimator of g(x) is

gns(0) = ¢’ ()b
J A
= by
j=1

To obtain asymptotic distributional properties of g, s, make the following
assumptions:

NPS1: (i) {Y;,Xi:i = 1,...,n} is a simple random sample of (Y.,X). (ii)
Var(Y|X = x) = o%(x) is bounded.

NPS2. The support of X is [0,1]. The density of X, p, satisfies ¢, < p(x) < C,
for all x € [0,1], and constants ¢, > 0 and C;, < oo.

NPS3. g is twice continuously differentiable on [0,1].

NPS4: (i) The smallest eigenvalue of Q; = E[¢’(X)¢’(X)'] is bounded
away from zero uniformly in J. (ii) There is a sequence of constants,
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{¢c():J = 1,2,...}, satisfying sup,¢o 1 ||¢J(x)||M < ¢(J) and a sequence
of constants {J,,} such that {(Jn)an/n — Qasn — oo.
NPSS5: For each J, there is a vector 8; such that as J — oo,

sup |g(x) — ¢’ (x)' Bs| = O ).
x€[0,1]

Assumptions NPS1-NPS3 are about the distribution of (¥,X) and are essentially
the same as those of the Nadaraya—Watson kernel estimator. Assumption NPS4(ii)
is satisfied by orthogonal polynomials with ¢(J) o J and by cosines and B-splines
with ¢(J) oc J'/2. Assumption NPSS is satisfied by B-splines and orthogonal poly-
nomials. It is also satisfied by cosine bases if g can be extended to be a periodic,
even, twice continuously differentiable function on [ —1,1]. The evenness require-
ment can be dropped if sine functions are included in the basis in addition to cosines.

Let {J,,} be a sequence of positive integers such that J, — oo and J,,/n — 0 as
n — o00. The following theorem, which is proved by Newey (1997), gives the main
result of this section.

Theorem A.1: Let assumptions NPSI-NPS5 hold. Then

/ [gn,s(X) — g P p(0)dx = Op(Ju/n+ J,;*). M

Setting J,, o< n'/? produces the rate 0p(n_4/ 3) in Theorem A.1. This is the fastest
possible rate of convergence of the integrated squared error when g has two deriva-
tives. Like the local-linear estimator, the series estimator does not require special
treatment of the boundary region of the support of X.

Ifn'/5J, - coasn — oo (undersmoothing) and certain other conditions hold, it
is possible to establish asymptotic normality of a suitably scaled version of g, (x) —
g(x). Andrews (1991), Newey (1997), Zhou et al. (1998), and Huang (2003) provide
detailed discussions of conditions for asymptotic normality of series estimators. An
important feature of series estimators is that it is easy to impose restrictions such as
additivity on them. Sections 3.1.3, 3.2, and 3.3 illustrate the use of this feature of
series estimators.

If g has s > 2 derivatives, the rate in Theorem A.1 is

/[gn(x) - g(x)]2p(x)dx = Op(Jp/n+ Jn_zs)~

The integrated squared error converges at the usual rate of n~%/+1) when J, =
n!/@s+D If dim (X) = d > 1, the rate of convergence of the series estimator is

fmm—mm%mw=%mm+umﬁ

The rate of convergence of the integrated squared error is optimized by setting J,, o
n?/2s+4d) which gives the rate 0, [n~28/2s+4)] In applications, the series length, J,,,
can be chosen by cross-validation (Li 1987).
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A.3 Nonparametric Quantile Regression

Let F(y|X = x) = P(Y < y|X = x) denote the CDF of Y conditional on X = x. The
a-quantile of Y conditional on X = x is defined as

go(x) = inf{y:F(y|x) > o}.

If F is a continuous function of y, then gq(x) solves F[gy(x)|x] = «. This
section is concerned with estimating go(x) from the simple random sample
{Yi,.X;: i=1, ..., n} when X is continuously distributed. Three estimators are
described. One is a kernel-type estimator, one is a local-linear estimator, and one
is a series estimator. Except when otherwise stated, X is assumed to be a scalar
random variable.

A.3.1 A Kernel-Type Estimator of q,(x)

To describe the kernel-type estimator of g4 (x), let p denote the probability density
function of X and 4,, denote the bandwidth for kernel estimation. Define

1 n
Pae) = - ;mxi — x| < hn/2)
and
l n
Pk = s D I < DIAX; — x| < h/2).

i=1

Then p,(x) is a kernel estimator of the density p(x) based on the uniform kernel,
K@) = I(Jv] < 1/2). F,(y|x) is a kernel estimator F(y|x) based on the same kernel.
Define K, (x) = nh,p,(x). The kernel estimator of g, (x) is

Qna,K(x) = inf{y:Fn(pr) = int[aKn(x)]/Kn(x)}s

where int[v] denotes the largest integer that does not exceed v.

Let xp be a point in the support of X. Bhattacharya and Gangopadhyay (1990)
give conditions under which g, x(xo) converges in probability to g, (xp) at the rate
n~2/5 and n?/® [@na.k(xX0) — g (x0)] is asymptotically normally distributed. The con-
ditions are

BGI1: (i) p(xo) > 0. (ii) p”(x) exists in a neighborhood of xo. Moreover, there
exist ¢ > 0 and A < oo such that |x — xo| < & implies |p”(x) —p”(xo)| <
Alx — xo].

BG2: Let f(ylx) = 9F(y|x)/dx. Then (i) Flge(x)|x] = & and f[ga(®)|x] > 0.
(ii) The partial derivatives f,(y|x) = 9f (y|x)/ 9y, fo(yx) = 3%f(y|x)/0x2, and
Fu(y|x) = 92F(y|x)/dx? exist in a neighborhood of the point (gq(x0),X0)-
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Moreover, there exist ¢ > 0 and A < oo such that |[x —x9| < € and |y —
qa(0)| < € together imply that |fy(y[x)| < A, [fr(yIx0)| < A, [fux(¥Ix0)] = A,
frex(W1%) = frx(Ix0)| < Alx — xo[, and [Fi(y|x) — Frx(ylx0)| < Alx — xol.

The following theorem, which is proved by Bhattacharya and Gangopadhyay
(1990), establishes n2/ 5—consistency of gna x(x0) and asymptotic normality of
1[Gk (0) = Gar(X0)]-

Theorem A.2: Let assumptions BG1 and BG2 hold. Let h, = cn™'/ for some
finite ¢ > 0. Then

d
1% [Gnak (X0) — Ga(0)] > N(ta k-0 k)-

where

Lok = —*{Pp(0)Frxlqe (x0)|x0] + 29/ (x0) Fxlge (x0) 11}/ {24p(x0)g [qe(x0) 01}

and
2 a(l —a)
cp(x0)f 1qa(x0)x01%

Uot,K -

As in nonparametric estimation of a conditional mean function, the asymp-
totic bias of the conditional quantile estimator can be removed by undersmoothing.

Specifically, let n'/3h, — 0 as n — o0o. Then (nh,)"/*[gua.x(X0) — qu(x0)] S
N(0,62 ), where
-2 a(l —a)

e K = Do) 1qu )02

A.3.2 Local-Linear Estimation of (y(x)

For o € (0,1), define the check function py () = |f| + (2a — 1)t. Suppose for the
moment that

qe(x) = Bo + Bix,

where By and B are constants. Then
(Bo.B1) = arg glil)n Epg(Y — by — b1X).
0,01
Moreover, Bo and f; are estimated consistently by the solution to the problem
n
minimize : Y; — by — b1X;),
Db, ; Pa(Y; 0 1X7)

where {Y;,X;:i = 1,...,n}is arandom sample of (¥,X) (Koenker and Bassett 1978).
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Now let g, be nonparametric but smooth so that g, (x) can be approximated by a
linear function in a neighborhood of any fixed point x. Let {#,} denote a sequence
of bandwidths. Then a nonparametric local-linear estimator of g4 (x) based on the
kernel function K can be formed by solving the problem

n
(ba,bu1) = argmin Y~ py[Yi — by — bi(X; — x)IK (x Xl)'
bo.by i1 hy,
The local-linear estimator of gy (x) 1S gna L(X) = byo.
Chaudhuri (1991a) and Fan et al. (1994) give conditions under which the local-
linear estimator is asymptotically normally distributed. Yu and Jones (1998) give
related results and discuss bandwidth selection. Observe that

Y = go(X) + U, (A.8)

where U is a random variable whose «-quantile is 0. Now make the following
assumptions.

QLL1: The probability density function of X is continuous and strictly positive
in a neighborhood of x.

QLL2: (i) U is independent of X. (ii) The a-quantile of the distribution of U is 0.
(iii) U has a differentiable probability density function f;, and fy(u) > O for
u in a neighborhood of 0.

QLL3: g, () is twice continuously differentiable in a neighborhood of x, and the
second derivative is bounded in this neighborhood.

QLLA4: The kernel K is supported on [ — 1,1] and satisfies

1 ) . o:
f VK®W) dv = ! lf] 0
L 0ifj=1

These assumptions are slightly stronger than those of Chaudhuri (1991a) or Fan
et al. (1994) but simpler technically. The following result is a consequence of The-
orem 1 of Fan et al. (1994).

Theorem A.3: Let assumptions QLLI-QLIA hold. Let h, = cn~'/3, where ¢ > 0
is a finite constant. Then

d
13 [ Guae (%) — qa (1> N(iar,027),
where
C2

Mol = G (x)
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and
2 a(l — )
Oal = 5 7 5"
2¢fy(0)*p(x)
Under the assumptions made here, fi;(0) = f[go(x)|x], so a(f = o(fK after

taking account of the fact that ¢ in a(fK corresponds to 2¢ in o;. As in local-
linear estimation of a conditional mean function, the asymptotic bias of the local-
linear estimator of a conditional quantile function does not depend on the den-
sity of X. The asymptotic bias of n?/3 [@na.L(x) — go(x)] can be removed by
undersmoothing.

Chaudhuri (1991a) extends the local-linear estimator to local polynomials of
degree greater than 1 and vector covariates X. As in nonparametric estimation of a
conditional mean function, use of a higher-degree polynomial leads to faster conver-
gence if g4 is sufficiently smooth, and there is a curse of dimensionality associated
with higher dimensions of X.

A.3.3 Series Estimation of q,(x)

Let {¢;} be a complete basis for L[0,1]. Then if g, € L5[0,1], it can be written

o0
Ga(0) =) Bihj(x)
j=1
for suitable coefficients {f;}. A series estimator of g, has the form

Jn
G sX) =Y bnj (),
j=1

where the coefficients {b,;} are estimated from the data. Various kinds of series
estimators have been investigated by He and Shi (1994, 1996), Portnoy (1997), He
and Portnoy (2000), and Horowitz and Lee (2005). The discussion in this section is
based on Horowitz and Lee (2005). Their estimates of the b;s are the solution to

n
minimize:  ° pa[Yi — b1p1(X) = - — by, by, (X)),
Toeees n =1
where {Y;,X;: i = 1,...,n} is a random sample of (¥,X).
Define the random variable U as in (A.8). Let Fy( - |x) and fy( - |x) denote the
conditional CDF and density of U. For any integer J > 0, let ®’(x) be the J x 1
vector whose jth component is ¢;(x). Horowitz and Lee (2005) make the following

assumptions.

HL1: The support of X is [0,1]. The probability density function of X is
bounded, bounded away from 0, and twice continuously differentiable on
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the interior of [0,1]. The one-sided second derivatives are continuous at the
boundaries of [0,1].

Horowitz and Lee (2005) assume that the support of X is [—1,1]. Here it is
assumed that the support is [0,1] to maintain consistency with the discussion
in Section A.2.3. The results stated in Theorem A.4 below hold for either
support assumption because the support can be changed from [ — 1,1] to
[0,1] by making the strictly monotone transformation X — (X + 1)/2.

HL2: (i) Fy(0|x) = « for almost every x € [0,1]. (ii) The density fy/( - |x) exists
for every x € [0,1]. (iii) There is a constant Ly < 00 such that |fy(u1]x) —
Su(uz|x)| < L¢luy — uz| for all u; and u; in a neighborhood of 0 and for all
x € [0,1]. Also, there are constants ¢, > 0 and Cy < oo such that ¢f <
Sfu(ulx) < Cy for all u in a neighborhood of 0 and all x € [0,1].

HL3: g4 (x) is r times continuously differentiable in the interior of [0,1] and
has continuous rth-order one-sided derivatives at the boundaries of [0,1] for
some r > 2.

HL4: For any integer J > 0, define Q; = E[fy(0|X)®’(X)®’(X)']. The smallest
eigenvalue of Qy is bounded away from O for all J and the largest eigenvalue
is bounded for all J.

HL5: The basis functions {¢;} satisfy the following conditions. (i) Each ¢; is
continuous. (ii) ¢1(x) = 1. (iii) If j,k £ 1

1
/ @i(x)dx =0
0
and

1 Q.
lifj=k
(X)Pr(x)dx =
/0 KB {0 otherwise
(iv) Define ¢y = sup,—[_ ” CI>J(x)||M, where ||-||; is the matrix norm defined

in Section A.2.3. Then ¢{; = 0(]1/2) as J — o0. (v) There are constants
B1,B2, . .. such that

sup [ga(x) = Big1(x) — -+ — By ()| = OU™")

x€[0,1]
asJ — oo.
Let p denote the probability density function of X. Let {/,,} be a sequence of

positive integers such that J, — oo and J,/n — 0 as n — oo. The following
theorem is a consequence of Theorem 2 of Horowitz and Lee (2005).
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Theorem A.4: Let assumptions HLI-HL5 hold. Then

1
/0 [dna5() — da(IPP(dx = Op(Un/n + J4). W

As in the estimation of a conditional mean function, series estimators are use-
ful for imposing restrictions such as additivity on conditional quantile functions.
Section 3.4 of Chapter 3 provides an illustration.
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backfitting estimator, 63—64
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estimation with nonidentity link function,
63-64, 70-77
estimation with unknown link function,
77-80
marginal integration estimator, 57-61
two-step, oracle-efficient estimation, 64—70
Asymptotic efficiency, 25-29, 44, 193-194
one-step asymptotically efficient estimators
for single-index models, 42-44
of semiparametric maximum likelihood
estimators for single-index models,
26-29
of semiparametric WNLS estimator, 25
in transformation models, 193-194,
213,223
Average derivative
asymptotic normality of estimators, 32, 37
density-weighted estimator, 32
direct estimation with discrete covariates,
3742
estimator for conditional quantile
function, 50
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B
Backfitting, 55, 63-64, 79, 81
Bandwidth selection
for additive models, 75-77
for average derivative estimator, 44
for kernel nonparametric mean regression,
240-242
for local-linear regression, 244

for nonparametric density estimation,
235-237, 239
for semiparametric WNLS estimator, 44
for smoothed maximum score
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for two-step oracle-efficient estimator of
nonparametric additive model, 75-76
Baseline hazard function, 223
estimation of, 209
integrated, 201, 203-204, 231
Basis, 177-180, 183, 185
for estimation of additive model, 65, 68,
71,82
in nonparametric instrumental variables
estimation, 177-180, 183, 185
orthonormal, 179-180
Bias, 11-12, 34, 35
in additive models, 59, 61, 67-68
of conditional quantile estimator, 251, 253
of deconvolution estimators, 141-142,
152-154, 155-156
of estimator of a derivative of a density,
240-241
of local-linear estimator (appendix, p. 12),
244
of local polynomial estimator, 244-245
of Nadaraya—Watson regression estimator,
242-245
of nonparametric density estimator, 235,
240
in nonparametric instrumental variables
estimation, 165, 171, 173174, 175
of smoothed maximum score estimator,
113-115, 123, 128, 132
Bootstrap
for estimation of asymptotic distributions
of rank estimators, 30
inconsistency with maximum score
estimator, 108
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Bootstrap (cont.)
in nonparametric instrumental variables
estimation, 177, 188
with partially linear model of a conditional
quantile function, 91
in proportional hazards model with
unobserved heterogeneity, 228
with smoothed maximum score estimator,
116-118
Boundary kernel, 173
Box—Cox regression model, 194-196
Box—Cox transformation, 190, 192
B-spline, 79, 188, 247, 249

C
Characteristic function, 137138, 140-141,
144, 147-149, 153, 198, 228-229
empirical, 137, 228
Choice-based samples, 119-123
maximum score estimation with, 119-121
smoothed maximum score estimation with,
121-123
Complete basis, 246247, 253
Conditional hazard function, 196-197,
203-204
Conditional quantile function, 3, 4, 5
additive model of, 81-83
asymptotic normality of average derivative
estimator, 49
asymptotic normality of rank estimator, 51
average derivative estimator of, 48
nonparametric estimation of, 233, 250-255
partially linear model of, 90-91
rank estimator of, 50
single-index model of, 48-51
See also Nonparametric quantile regression
Control function, 186-187
Cross-validation
bandwidth selection for density estimation,
237
bandwidth selection for Nadaraya—Watson
estimator, 242
Curse of dimensionality, 5, 204, 238, 242, 244,
253
in additive models, 58-63, 64, 66, 69, 70,
71,74,75, 78, 80, 81, 83, 88
in multiple-index models, 11
in single-index models, 8, 35, 50, 51

D

Deconvolution, 135

Deconvolution estimators
asymptotic normality, 143-144, 150-151
bias reduction for, 152-154

Index

of a density function, 137-145
with models for panel data, 135-136,
145-154
rates of convergence, 138-142, 150
in semiparametric proportional hazard
model with unobserved heterogeneity,
198-200
for Weibull hazard model, 198
Density-weighted average derivative
asymptotic normality estimator, 33
bandwidth selection for, 44—45
Dimension reduction, 3—6
Discrete covariates
in additive models, 54-55, 67
in binary response models, 99, 101-103,
120
in partially linear models, 53-55, 91
in single-index models, 13-17, 31, 3742,
43, 46, 50, 51

E

Efficiency bound, 25-26, 28, 29

Eigenfunction, 158, 167, 178

Eigenvalue, 67, 82-83, 156, 158, 160, 165,
175, 178, 182-183, 248, 254

EM algorithm, 206-207

Endogenous variable, 136, 174

Engel curve, 187-188

Extrapolation, 5, 8, 16-17

F

First-passage time, 145, 151-152
estimation of, 151-152

Fredholm equation, 135

G

Generalized method of moments (GMM),
192-194, 198

GMM, see Generalized method of moments

H
Heteroskedasticity, 95-96, 98, 108, 131-132
Higher-order kernel, 34, 37, 41, 44, 46, 88,
210, 217, 220-221, 227, 236, 244
order s kernel, 113, 236, 238, 239-241
Hilbert space, 157, 245-248

1
Identification, 9-10
in additive models, 56, 78, 80
in binary response models, 95-103,
104-105, 125, 131
in deconvolution, 150
in nonparametric instrumental variables
estimation, 159-160
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in partially linear models, 85-86, 90
in single-index models, 12-17, 31,
37-38, 48
in transformation and hazard models, 198,
201, 205, 208, 215, 226
Identified bounds
on unidentified parameters of binary-
response models, 100—-103
on unidentified parameters of single-index
models, 15-17
Ill-posed inverse problem, 160-164, 169, 182,
185-186
Inner product, 157, 245, 246
Instrumental variable, for transformation
model, 192
See also Nonparametric instrumental
variables
Integrated baseline hazard, see Baseline hazard
function
Iterated average derivative estimator, 35-37

K
Kernel estimate
with additive models, 56-57, 60-61, 62,
64-66, 68-70, 71, 73,77
of conditional mean function, 240-242
of conditional quantile function, 250-251
in deconvolution, 138, 148, 151-152,
153, 155
of density function, 233-239
of derivative of density, 239-240
in nonparametric instrumental variables
estimation, 171-172, 177-178
with partially linear models, 85, 87
with single-index models, 17-19, 20-22,
26, 29, 32-34, 36, 37, 42, 44, 46
with transformation and hazard models,
194, 209-210, 217-218, 221, 225
Kernel nonparametric regression, 3
Kernel smoothing, see Kernel estimate

L
L,[0, 1], 157-160, 172, 178-181, 246,
248, 253
Least-absolute deviations, 105, 108
Link function, 53-54, 55, 59, 63-64, 70-71,
73,775,717, 80, 81
Local constant estimator, 66, 71, 242, 244
Local-linear estimate, 36
with additive models, 64—66, 68-70,
71-72, 81-82, 85
of conditional mean function, 242-245
of conditional quantile function, 251-253
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Local-linear mean regression estimator,
242-245
asymptotic normality, 244
boundary behavior, 244
Local polynomial estimator, 49, 51, 233,
244-245
of conditional quantile function, 90, 253
Location normalization
in additive models, 56, 61, 78, 81
in binary response models, 97, 98, 104, 130
in single-index models, 13, 14, 16
in transformation and hazard models, 201,
215-216, 223
Logit model, 7, 54, 97

M
Marginal integration
asymptotic distributional properties of
estimator, 55-57
modified, oracle-efficient estimator, 58—60
modified estimator that avoids curse of
dimensionality, 60-63
Matrix norm, 66, 254
Maximum likelihood, 1-2, 42-43, 95, 113,
129, 132, 189, 198-199, 205-209, 213
nonparametric, 199
semiparametric, 27-29, 30, 44
Maximum rank correlation, 30
Maximum score estimator, 105—-108
with choice-based samples, 119-121
consistency, 107
inconsistency of bootstrap, 108
limiting distribution, 107
with ordered-response models, 128-130
with panel data, 123-125
rate of convergence, 107
subsampling and, 108
Median independence, 98

N
Nadaraya—Watson kernel estimator, 240-242
asymptotic normality, 241-242
bandwidth selection, 241-242
estimating derivatives, 242
estimation with multidimensional X, 233
Newton step, 4243, 71, 72, 74
Nonlinear least squares, 20-25, 26, 71,
191-192
Nonparametric density estimation, 233-240
asymptotic normality, 235
bandwidth selection, 235-237
bias reduction, 235
estimating derivatives of a density,
239-240
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Nonparametric density estimation (cont.)
estimation when X is multidimensional,
237-239
uniform consistency, 234
Nonparametric instrumental variables
asymptotic normality, 174-177
computation of estimators, 177-178,
184-185
control function approach, 186—187
estimation problem defined, 136
Fredholm equation and, 135
ill-posed inverse problem and, 160-164,
169, 182, 185
Kernel estimation and, 171-172, 177-178
quantile nonparametric IV, 185-186
rate of convergence of estimator, 165-176,
182-186
regularization by series truncation,
169-171, 178-185
series estimation and, 169-170,
178-185, 187
Tikhonov regularization, 165-169,
171-178, 186
Nonparametric mean regression
local-linear mean estimator, 242-244
local polynomial estimator, 244
Nadaraya—Watson kernel estimator,
240-242
series estimation, 248-249
Nonparametric model, 1
Nonparametric quantile regression, 250-255
in additive models, 81, 91
asymptotic normality of kernel estimator,
250-251
asymptotic normality of local-linear
estimator, 252
kernel-type estimator, 250-251
local-linear estimator, 251-253
local polynomial estimator, 49, 51, 253
rate of convergence of series estimator,
249
series estimator, 253-255
Norm, 157, 246
matrix, 66-67, 248, 254

(0]
Oracle efficiency, 54, 55, 58-60, 62-64, 66,
69-71, 74-75, 81, 83
Oracle efficient, see Oracle efficiency
Ordered-response model, 128-131
maximum score estimation with, 128—130
smoothed maximum score estimation with,
130-131

Index

Ordinary least squares, 1, 6, 11-12, 64-65, 71,
86-87, 92, 194, 198
Orthonormal basis, 179-180, 246247

P
Panel data
deconvolution and, 135-136, 145-156
maximum score estimation with, 123-125
smoothed maximum score estimation with,
125-128
Parametric model, 3, 5, 6, 7-8, 11, 54, 85,
92-93, 108, 124, 156, 188, 197,
208-209, 229
Partial likelihood estimator, 202-204, 213
asymptotic normality of, 202-203
Partial likelihood function, 202-204
Partially linear model
asymptotic distributional properties of
estimator, 88
asymptotic efficiency and, 88—89
for conditional quantiles, 90-91
estimation, 86-90
identification, 85-86, 90
Penalized least squares (PLS), 78
Picard’s theorem, 160
PLS, see Penalized least squares
Probit model, 2, 7, 47, 54, 132-133
Proportional hazards, 189, 198, 201-204, 213,
231-232
model with discrete observations of,
208-209
model with discrete observations of Y,
208-209
model with unobserved heterogeneity,
204-208, 223-229
partial likelihood estimator, 202-204, 213
Proportional odds model, 213

Q

Quantile estimation, see Conditional quantile
function

R

Random coefficients, 95-96, 131-132
Rank estimator, of single-index models of
conditional quantile functions, 50
Reduced form, 162
Refined Minimum Average Conditional
Variance Estimation, see ’MAVE
Regularization
in deconvolution, 138, 148, 160
by series truncation, 169-171, 178-185
Tikhonov, 165-169, 171-178, 186
Resampling



Index

for bandwidth selection in single-index
model, 45
for minimum distance estimator of
Box—Cox regression model, 194-195
See also Bootstrap
rMAVE (Refined Minimum Average
Conditional Variance Estimation), 31

S
Scale normalization
in additive models, 78
in binary response models, 96-97, 98-99,
102, 103, 119, 130, 132
in single-index models, 13, 14, 16, 18, 21,
31, 32, 36, 47
in transformation and hazard models,
215-216, 219
Semiparametric maximum likelihood, 27-29
Semiparametric model, 2
Semiparametric weighted nonlinear least
squares (semiparametric WNLS)
asymptotic normality of, 20-21
consistency of, 20-21
Series approximation
for additive models, 64, 65, 68, 71, 81
in nonparametric instrumental variables
estimation, 158, 162, 164, 172,
177-179, 182-184
Series estimation of conditional mean function,
245-249
asymptotic normality, 249
rate of convergence of estimator, 249
Series nonparametric regression, 6
in additive model, 64-69, 71, 73, 81, 85
of conditional mean function, 245-249
of conditional quantile function, 253-255
Series representation, see Series approximation
Sieve, 6, 183, 186
Single-index model
average derivative estimators, 31-37
average-derivative estimators with discrete
covariates, 31-35
bandwidth selection for, 4446
conditional quantile functions, 48-51
definition of, 7-10
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identification, 12—-17
one-step asymptotically efficient
estimators, 42-44
semiparametric maximum likelihood
estimator, 27-29
semiparametric rank estimators, 29-30
semiparametric WNLS estimator, 21-27
Singular value, 182-184
Smoothed maximum score estimator, 108—118
asymptotic normality, 114
bandwidth selection, 118
bias reduction, 114
bootstrap and, 116-118
with choice-based samples, 121-123
consistency of, 109
with ordered-response models, 130-131
with panel data, 125128
rate of convergence, 113
Specification error, 4-5, 54
Specification search, 4, 85
Specification testing, 3, 133
Spline, 68, 79, 182, 188, 247, 249
Structural model, 8, 10

T

Time series, 3

Tobit model, 7

Transition probability, 145, 156
Trimming, 27, 29

U
Unobserved heterogeneity
proportional hazards model with, 204-208,
223-229
‘Weibull hazard model with, 196-200

W
Weibull hazard model
deconvolution and, 198
methods for estimating, 196-199
with unobserved heterogeneity, 196-200
WNLS, see Semiparametric weighted
nonlinear least squares (semiparametric
WNLS)
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