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ABSTRACT

TESTING AND ADJUSTING FOR
INFORMATIVE SAMPLING IN SURVEY DATA

Fitting models to survey data can be problematic due to the potentially complex sampling
mechanism through which the observed data are selected. Survey weights have traditionally
been used to adjust for unequal inclusion probabilities under the design-based paradigm of
inference, however, this limits the ability of analysts to make inference of a more general
kind, such as to characteristics of a superpopulation. The problems induced by the presence
of a complex sampling design can be generally contained under the heading of informative
sampling. To say that the sampling is informative is to say that the distribution of the
data in the sample is different from the distribution of the data in the population. Two
major topics relating to analyzing survey data with (potentially) informative sampling are
addressed: testing for informativeness, and model building in the presence of informative
sampling.

Chapter 2 addresses the problem of running formal tests for informative sampling in
survey data. The major contribution contained here is to detail a new test for informative
sampling. The test is shown to be widely applicable and straight-forward to implement
in practice, and also useful compared to existing tests. The test is illustrated through
a variety of empirical studies as well. These applications include a censored regression
problem, linear regression, logistic regression, and fitting a gamma mixture model. Results
from the analogous bootstrap test are also presented; these results agree with the analytic
versions of the test. Alternative tests for informative sampling do in fact exist, however,
the existing methods each have significant drawbacks and limitations which may be resolved
in some situation with this new methodology, and overall the literature is quite sparse in

this area. In a simulation study, the test is shown to have many desirable properties and
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maintains high power compared to alternative tests. Also included is discussion about the
limiting distribution of the test statistic under a sequence of local alternative hypotheses,
and some extensions that are useful in connecting the work contained here with some of the
previous work in the area. These extensions also help motivate the semiparametric methods
considered in chapter 3.

In chapter 3, semiparametric methods are introduced for including design information
in a regression model while staying within a model-based inferential framework. The ideas
explored here attempt to exploit relationships between design variables (such as the sample
inclusion probabilities) and model covariates. In order to account for the complex sampling
design and (potential) bias in estimating model parameters, design variables are included as
covariates and considered to be functions of the model covariates that can then be estimated
in a design-based paradigm using nonparametric methods. The nonparametric method ex-
plored here is kernel smoothing with degree zero. In principle, other (and more complex)
kinds of estimators could be used to estimate the functions of the design variables condi-
tional on the model covariates, but the framework presented here provides asymptotic results
for only the more simple case of kernel smoothing. The method is illustrated via empirical
applications and also through a simulation study in which confidence band coverage rates
from the semiparametric method are compared to those obtained through regular linear

regression. The semiparametric estimator soundly outperforms the regression estimator.
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CHAPTER 1

INTRODUCTION

1.1 Overview

This paper explores two aspects of model building for survey data: testing for informative
sampling in survey data, and semiparametric approaches to model building in the presence
of informative sampling. Chapter 2 is primarily concerned with the issue of testing for design
informativeness, and Chapter 3 proposes methods for fitting predictive models to survey data
under informative selection. The material in Chapter 2 is joint work with my advisers, Jay
Breidt and Jean Opsomer, along with Ricardo Cao and Mario Francisco-Fernandez from the
University of Cortina in Spain; as of this writing, much of the material from this introduction
and Chapter 2 is intended to be submitted in condensed form to Biometrika. The chapters
are structured so that the motivation of the problems comes first, followed by theoretical
results and then simulation studies and applications to empirical data are presented. In
this introductory chapter, I will discuss some ideas relating to missing data, both due to
the sampling mechanism and also due to the response mechanism, and I will also develop
the general concept of informative sampling and its presence in statistical literature. In
particular, I will discuss testing for informative sampling in survey data and the literature

that exists on this topic.

1.2 Modes of Inference for Survey Data

Surveys generate large quantities of data in a wide range of disciplines. A survey is
typically designed to estimate characteristics of the particular finite population from which
the sample is drawn. This context is referred to as descriptive inference for surveys. For

large-scale surveys, a combination of statistical efficiency and cost considerations often results



in a complex sampling design that includes unequal inclusion probabilities, stratification and
clustering. An extensive literature exists on how to incorporate these design complexities into
appropriate descriptive inference methods. So-called design-based methods are the standard
approach to construct estimates and perform inference in this context

It is also common for analysts to use survey data to answer scientific questions that
are applicable more widely than for one particular finite population. In such situations,
the questions concern characteristics of a statistical model describing relationships among
variables, and the finite population is viewed as representing a realization from that model.
This is referred to as analytic inference for surveys. Statisticians have long been aware
of the fact that it is not appropriate to ignore survey considerations when doing analytic
inference for survey data. Both design-based and model-based methods can be applied in
this context, and there is currently still some disagreement as to which of these approaches
is most appropriate. See Little (2004) and Pfeffermann (2011) for recent discussions of this

topic.

1.3 Missing Data and Informative Sampling

There are two primary ways in which missing data can enter an analysis: through the
selection mechanism, i.e. a unit is not sampled and measured, and the response mechanism,
where a sampled unit may have partially or fully missing information. I would like to discuss
a class of problems that arises from the presence of informative sampling in survey data:
Informative sampling occurs when, due to the design complexities, the model that is true
for the data given that they are included in the sample is not the same as the model for the
population as a whole. It is also possible to have an informative non-response mechanism,
and while this is a related and interesting problem, the focus here will be on informativeness
coming from the selection mechanism. This is referred to variably as informative sampling,

informative selection, and design informativeness.



Noninformative selection occurs when the underlying process that generates the popu-
lation values is independent of the sample selection process. To establish a more rigorous
definition, let X and y denote observed data (I will typically refer to these as “Model” vari-
ables), along with design information contained in Z and sample membership indicators, I.
This is standard notation for survey data; Z may contain design information such as strata,
clusters, or modified inclusion probabilities, and I is a vector of zeros and ones indicating
whether or not a unit is sampled. With our data structured this way, Chambers, Steel,

Wang, and Welsh (2012) state that noninformative selection occurs when

I Xy, 2Z) = [(I|Z). (1)

For individual units indexed by k£ we can alternatively write

fQyr | @hy 20, I = 1) = fyn | @, 21), (2)

which is a convenient and intuitive way to think about informative sampling especially in
the context of regression or a similar conditional problem; it says that the distribution of
the data given that they were sampled is the same as the distribution of the data in general.

There is one more concept relating to missingness which should be discussed here — the
ideas of Missing at Random (MAR) and Missing Completely at Random (MCAR). These
terms are typically applied in the context of nonresponse, but they are used analogously for
the sampling mechanism and so will be defined here. The general approach (e.g. Chambers,
Steel, Wang, and Welsh (2012)) is to say that the data are MCAR if the probability of being

sampled is independent of all the other design and model information, that is

fIe | @k, yis z1) = (1), (3)

and missing at random if inclusion in the sample is independent of the response variable,



that is

f(Ie | @k, i, 21) = f(Lk | Thy 21)- (4)

One important distinction is that Z contains design information and X contains model in-
formation that comes from measurements on our sampled units. Later, especially in Chapter
3, I will make the distinction between a sampling process that is noninformative given X

and noninformative given X and Z together.

1.4 Testing for Informative Sampling

Testing for informative sampling is a crucial component in choosing a suitable approach
for performing analytic inference. If the design can be determined to be non-informative
with respect to a particular postulated model, then it is reasonable to ignore the design
in subsequent model fitting and analysis. On the other hand, if informativeness cannot be
rejected, the analysis will need to account explicitly for the design complexities, which can
be done either by staying within a design-based framework or by adjusting the model to
incorporate design effects.

In this paper, I introduce a new method for testing the hypothesis of no design informa-
tiveness. I focus mostly on the application to the regression setting since that is the most
common type of analytic inference for survey data, but the method is applicable to any
likelihood-based analysis. While informativeness could in principle be assessed by directly
comparing the population and sample distributions of model variables, this is almost never
possible in practice because the analyst only has access to sample data, supplemented by sur-
vey weights and summary information about the sampling design such as stratum and cluster
indicators. Hence, I will consider testing for the case in which only sample level information

is available, and therefore we will rely on the weights and summary survey information.



A number of authors have previously considered testing for informativeness, but overall,
the literature on this existing topic is quite sparse. An important class of tests is based on
assessing the significance of the difference between weighted and unweighted estimates of
model parameters. This idea forms the basis of the procedures proposed by DuMouchel and
Duncan (1983) and Fuller (1984) for the coefficients in linear regression. Pfeffermann (1993)
extended this to general likelihood-based problems with explicit estimators, and Pfeffermann
and Sverchkov (2003) to estimators that are defined as the solutions to estimating equations.
The procedure I will present most closely relates to these types of tests but is connected more
directly with the model likelihood. I will return to a comparison of the new procedure with
these others in Chapter 2.

When the postulated model is a linear regression model, the test based on the difference
between weighted and unweighted estimated coefficients is equivalent to an F-test for the
significance of the parameters of an ezpanded linear model, with the extension composed of
the interactions between the covariates of the original model and the weights. See Fuller
(2009, Section 6.3.1) for a derivation of this equivalence. Testing based on comparing the
postulated model with an extended version of the model was also used by Nordberg (1989)
for logistic regression. In chapter 2 I present results that justify this approach by generalizing
the F-test result to any test of submodels for linear parameters. In logistic regression, for
example, the classical likelihood ratio test is used to test a full vs. a reduced model, and this
is shown to be equivalent to testing for no difference between the weighted vs. unweighted
parameter estimates, under certain conditions. These conditions are analogous to those in
the original result by DuMouchel and Duncan (1983).

Another class of tests targets the moments of the postulated model rather than the model
parameters, and tries to evaluate whether they are equal to the moments of the model that
holds for the sample data. This is generally done in the regression context, so that the
relevant moments are conditional on model covariates. Pfeffermann and Sverchkov (1999)

show that the hypothesis of equal conditional moments for both models is equivalent to



lack of correlation between the model errors and the sampling weights, and uses classical
correlation test statistics to test this hypothesis. This testing procedure is easy to apply
but is not exact, in the sense that it is generally not clear how many moments should be
compared. Pfeffermann and Sverchkov (1999) noted that “in practice, it would normally
suffice to test the first 2-3 correlations.” A more serious problem is the difficulty of having to
interpret multiple tests simultaneously, so that the overall confidence level of the procedure
is typically unknown.

A final class of tests is based on an identity in Pfeffermann and Sverchkov (1999),
which shows that the difference between the postulated model and the sample model can
be assessed through a regression of the survey weights on the model variables. This class of
tests targets the informativeness directly, but requires that a model relating the weights and
the model variables be defined, so that it is subject to its own possible model specification
bias.

As an illustration of analytic inference and the effect of informativeness, consider the
following “textbook” example. Korn and Graubard (1999, Example 4.3-1) describe an anal-
ysis of data relating gestational age to birthweight in the 1988 National Maternal and Infant
Health Survey (NMIHS). The NMIHS was conducted by the US National Center for Health
Statistics with a goal of studying factors that are related to poor pregnancy outcomes. The
study used a nationally-representative stratified sample from birth records, with deliberate
oversampling of low-birthweight infants. Fuller (2009, Example 6.3.1) simulates data to
mimic properties of NMIHS. The simulated data are a stratified simple random sample in
18 strata, with five observations per stratum. They reflect key properties of the real data:
a strong functional relationship between birthweight and gestational age (in weeks) and an
informative design.

Let I, = 1 if birth record k is selected, and 0 otherwise, where k € U = {1,..., N}, the
finite population of all birth records. Using the terminology traditional in survey statistics,

suppose an analyst is interested in fitting a “superpopulation” model: a stochastic model



assumed to have generated the measurements in the finite population. Initially, the analyst
considers simple linear regression of y, = gestational age on x; = birthweight, with normal
errors. An immediate concern is that the selection may have been “informative” in the
sense of distorting the regression relationship between the variables, so that the conditional
distribution of gestational age given birthweight in the superpopulation model, f(y|z; @), is
different from the relationship in the sample, f(y |z, = 1;8), where 6 contains the linear
model coefficients and variance term. Indeed, with 7, = Pr [l = 1|z, yx], we have via

Bayes’ rule

flylal=1:0) — Prif =1zl 50

/Pr[fzux,y}f@m;e)dy
- Elrlesl sy n0).
/E[w\x,y]f@\x;e)dy

The leading factor depends on 6, and in general cannot be ignored for inference on 6.
However, if in fact E[r | x,y| is independent of y, the leading factor cancels and we have a
non-informative design.

As noted in the previous section, a standard approach to estimation and inference under
possibly informative selection is to use sampling weights wy provided with the survey data
set. These weights are typically adjusted versions of the inverse inclusion probabilities, 7r,;1,
and have the property that the weighted sample quantity >, ., wilpg(Tr, Y&)/ D pey Wilk is
design consistent (with respect to the random selection mechanism) for the corresponding
finite population quantity >, ., g(@x,yr)/N. There are no selection effects in the latter
quantity, so it will in turn be model consistent (with respect to the superpopulation model)
for E [g(z,y) | ]. The same consistency properties hold for solutions of weighted estimating

equations. For the NMIHS superpopulation model, the solution comes from maximizing the



weighted Gaussian log-likelihood,

1u(8) = 1,(8,0?) = k;wk In { \/2;7 exp <_(y’“ _222’ xk)ﬁy) } I,

which yields the weighted least squares (WLS) estimator of the regression coefficients,

~

B, = argminz wg (yx — (1, xk)ﬂ)Q 1. (5)
BelR® kev

The WLS estimator is consistent for the finite population quantity,

A

By = argmin > " (y; — (1,2x)8)*,
BeR? kev

which is in turn consistent for B. For the NMIHS data, 3, = (28.974,0.297)7 with cor-
responding design-based standard errors (0.426,0.013)7. These standard errors reflect the
sample-to-sample variability of Bw as an estimator of B v If the difference between BN and
B is negligible (a common assumption when the sampling fraction is small), then these stan-
dard errors can also be interpreted as being valid for the difference between Bw and 3, albeit
under a different mode of inference.

While this design-based approach ensures that a valid estimator is available for model
parameters of interest, it has a few major drawbacks. First, it requires the use of specialized
software; for example, even though the estimator (5) has the form of a WLS estimator, the
inferential framework is based on the design, not on a heteroskedastic linear model. Using
non-survey software will result in the same point estimates but incorrect standard errors
~2

and tests. Second, if the design is in fact non-informative, the estimator 6, = (3,,,62) is

inefficient compared to the (unweighted) maximum likelihood estimator,

0, = argmax[,(0) = argmax In ex Iy, 6
e 0 e keZU {VQWQ p< 20° -




which yields the ordinary least squares (OLS) estimator of the regression coefficients,

B, = argmin Y _ (yx — (1, 2)8)" . (7)
BelR’ kev
For the NMIHS data, 3, = (25.765,0.370)7, with standard errors (0.389,0.012)7.

But perhaps the most fundamental issue is that, while the design-based approach pro-
vides estimators of the model parameters and (asymptotic) inference tools associated with
the estimators, it does not actually provide a model for the sample data. Hence, many
methods that rely on the model and are in common use among data analysts do not apply.
These include model selection methods, residual diagnostic tests and plots, and prediction
methods, to name a few. While the design-based approach is a possible solution to the
problem of informativeness, there is a clear desire for alternative solutions that account for
the informative selection yet stay within a model-based mode of estimation and inference.
In particular, analysts often want to assess whether they are allowed to “ignore” the design
when fitting a model. In the NMIHS example, they would like to use Bs to estimate 3 and
use the traditional OLS variance estimator for inference.

In this linear regression setting, DuMouchel and Duncan (1983) recommended an F-test
procedure to determine the informativeness of the design with respect to the estimation of
B3, in the sense of determining whether E [Bw — Bs} = 0. This is the standard F-test of the

full model

Hy . Efye | zr, wi] = Bo + Brk + Yowr + ywpdy (8)

versus the reduced model

Hy:  Elyk |z, wi] = Bo + fras. (9)



For the NMIHS data, the test statistic is F' = 55.591 on 2 numerator and 88 denominator
degrees of freedom, with a p-value much less than 0.001, strongly rejecting the null hypothesis
of non-informative selection.

This test is simple and efficient when the effects of informative selection can be described
with an expanded mean structure. But the effects of informative selection may appear
elsewhere in the model structure, since any informativeness with respect to other model pa-
rameters (o in particular) is not captured by this test. We therefore present a new test for
informative selection based on comparing the log-likelihood at the weighted maximum like-
lihood estimates, éw, to the log-likelihood at the unweighted maximum likelihood estimates,
0,. We also derive the asymptotic properties of the test and develop a bootstrap version,
and I will then return to the NMIHS data for an empirical example, and also illustrate with
a Tobit regression on data from the National Health and Nutrition Examination Survey
(NHANES). Simulation experiments compare Dumouchel and Duncan type tests to the new
proposal, illustrating its size and power properties in both its asymptotic and bootstrap

versions.
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CHAPTER 2

TESTING FOR INFORMATIVE SAMPLING
IN SURVEY DATA

2.1 Theoretical Results Under the Null Hypothesis

Here theoretical arguments for the new test for informative sampling will be presented,
and in what follows, a number of potential uses will be presented, along with simulation
results and empirical studies. To establish the theoretical results for the new test, consider
a sequence of finite populations indexed by population size, N. Throughout, we condition
on Xy = [&]rev, Iy = [Ii|rev, corresponding to the standard regression setting in which
only the conditional distributions of (selected) responses y; given xj are of interest. The
marginal distribution of (X y,Iy) may become important in the case of informative selec-
tion, but here we are deriving properties of the test statistics under the null hypothesis of
non-informative selection. We consider a non-negative weighting sequence {wy }rep that is

completely determined by (X y, Iy), such as design weights wy, = 7, L or truncated regression

—1
Z zpzl I 2
Tl 7Tk’

keU

weights,

W = IMax 7T_k+ sz—z ™

keU keU
for some subvector z; of x; and some § > 0. In what follows, a is used as generic notation
for either the unweighted case, with a = 1 denoting {ax} = 1, or the weighted case, with
a = w denoting {a;} = {wy}. We introduce notation to allow consideration of both original
data and parametric bootstrap samples. For every N, we consider independent random
variables with probability density functions f (yi | @x; 0+) satisfying the following regularity

conditions:
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Al. f(yg | @x;0) is log-concave in 6.

A2. Under f (yx | xx; 0+), the Fisher information for the kth observation is given by

I(:ck;BT) = Var alnf(yk | mk,e)’
00 6-6.

a2 .
= E 0 lnf(ykjtxhe)‘ ZBk,OT .
0000 0-0.
A3. In f (yx | @x; @) admits the expansion
—Inf (yk | xy; 0+ + N_l/zu) +1In f (yx | @i 64)
ul —0In f (y. | Tx; 0)
N1/2 00 0-0.
u” —9In f (yy | 21 6) u
* {ﬁ 0006" ‘azaf wt i (3 N1/2>
T
u _
= WD(yka zy; 01) + R (yp, o, N~ ?u; 0;) (10)
where
E[R (g, &, N0 0,)| X, 1,:6,] = U (w0
y Lk » Ut Ny LNy Ut IN1/2 Ut N1/2
u
+Vk,0 (W;91> )

Var (R (yk,wk,N’l/Qu;HT) \ XN,IN;OT) = (N’l/Qu; HT)

sup Zakl’kvk,o (N’l/Qu;B) = o(1)
0:||0-0;||<n kev

sup Zailkvk (N’1/2u;0) = o(1)
0:]|0-0:||<n kev

for some n > 0, for both ay = 1 and a; = wy, and for all u € IRP.

12



A4. As N — oo,

<0T ZakaI :ck,OT) - K <0T)
kEU
and
J.(6;) = ZakaI x; 0;) — J.(0)
kEU

where J,(0+) is positive definite and K;(0+) = J1(6;).

A5. Under f (y | zx; 03),

1 D (yi, zx; 6+) c 0 K,(0;) J.(0)
—N1/2 Z I, =N s

keU ka(yk,wk;OT) 0 Jw<0T) KW(OT)
as N — oo.
P — (A P = (3 P
A6. 1t 6 5 0, under 6;, then K, (9) £ K, (6;) and J, (9) 5 J.(0).

Theorem 1. Suppose {yx trev are independent random variables with yx ~ f(- | xy;0¢). Let

Ea be the maximizer of the log-likelihood criterion

0) = arliIn f (yi | 4;6). (11)

keU

Then, under A1-A/4,

N1/2 (5(1 - 00) J; N1/2 Z aply D (yg, xy; 00) + op(1). (12)
keU
If A5 also holds, then
6, 0o . 0 Jl—l J1_1
N1/2 - Y 7 | (13)
O =00 o) |t LKLY

where J, = J,(600) and K, = K ,(6y).

13



Theorem 2. Let [,(-) and 6, be as defined in Theorem 1. Under A1-AJ,
r=2{1 (8,) 1 (8,)} =N (8.-9,) 7 (8, - 8.) +0p(1)

and
1, =2{1,(8,) 1, (8)} =~ (8, _al)TJw (6. —81) +o0r(1),

where the probability is with respect to the parametric distribution indexed by 6y. Under the

additional assumption AJ,

N1/2 (b\w _ al) £> N (O’ _Jl_l + J;leJ;l) = N(Oa]:‘) ) (14)
so that
P
1,53 M2 (15)
j=1

where \q; are the eigenvalues of 72y, 12, and {Zj}le are independent and identically

distributed N'(0,1).

A closely-related test statistic to T, is the quadratic form
~ ~\T —~—1 ] — —~—1y 1 ~ ~
N0, -8) {7 +J. KT} N2 (8,-8:),

which is given in equation (4.3) of Pfeffermann (1993), along with its limiting chi-squared
distribution under the null hypothesis that E [éw — 51; 00} = 0. The statement in that paper
that “The V-C [variance-covariance] matrices ... can be obtained by estimating the corre-
sponding randomization V-C matrices” is ambiguous. With variance-covariance matrices
estimated by the plug-in methods of A6, the limiting behavior of Pfeffermann’s test statistic

is an immediate corollary of (14) in Theorem 2.
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Corollary 3. Under A1-A6,
o) {7 (@) 7 ()R 0) 7 0] ) S o

a chi-squared distribution with p degrees of freedom.

Both Pfeffermann’s test statistic and the asymptotic distribution of 7T, require consistent

estimation of J, and K, which is possible via plug-in methods under A6.

2.2 Testing Using Bootstrap Methods

Alternatively, the distribution of 7T, may be approximated via parametric bootstrap,
which does not require estimation of the covariance matrices. Our parametric bootstrap
consists of sampling {y;}rer as independent random variables with y; ~ f(- | mk;aw)
or yr ~ f(- | wk;al); both are possible because the bootstrap distribution of interest is
computed under the null hypothesis. With ; = b\a, we then have immediately the following

bootstrap analogues of Theorems 1 and 2:

Theorem 4. Suppose {y;}rev are independent random variables with yi ~ f(- | mk;aa).

Let 52 be the maximizer of the log-likelihood criterion

1,(6) = Zaklk In f (y; | 1 0) . (17)
keU
Then, under A1-A4,
v~ ~ 1 .
N1/ (Oa - 0(1) = —J;1 <9a> N2 Z ap Ly D (yx, Tk; 0a) + 0opa(1), (18)
keU

where the probability is with respect to the parametric distribution at the fixed value 5a. If

15



A5 also holds, then

)
)

L e

Theorem 5. Let [%(-) and 5: be as defined in Theorem 4. Under A1-A4,

)

D
N—
I —
N—
—~
—_
o
~—

)

77 (8.) =2 {1 (8)) 1 (82)} = 5 (6 -8,) 7. (8.) (8, - 8) + or(1)
and
7, (0.) =2{1 (8,) 12 (81)} = v (8, - a;)TJw (8.) (8, 8) +or.(0),

where the probability is with respect to the parametric distribution indexed by §a. Under the

additional assumption AJ,

N1/ (5; - 5:) 5N (0,—J1‘1 <5a) +J;) (@;) K, ( a

)
N—
<
<1
Y
)
N—
N—
I
VS
=
ﬂ
VS
)
N—
N—

so that
T (§a> 53 M (Ea) 72 (20)
where Ay <§a> are the eigenvalues of r’/? <§a> J1 (@;) r/? (5(1) ,

ﬁm@ﬁiw@y; en

where Ayj <5a> are the eigenvalues of T'T/? <§a> Jw (Ea) r/? (§a> , and {Zj}§:1 are inde-
pendent and identically distributed N(0,1).

Theorem 6. Assume the conditions of Theorem 5. For z > 0 and {Z;}_, independently
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and identically distributed N'(0,1), define

Gy (2;0) = Pr(T,(0) < z;0] and Ly (2;0) = Pr

p
> Mi(0)Z) < 26
j=1

forb=1 or b =w. Further, assume there exists 6 > 0 such that

sup  |Gon (2;0) — Ly (2;0)] = 0 (22)
0:]|60-0,||<s
as N — 0o. Then the bootstrap test statistics are consistent in the sense that for all z > 0
and for all € > 0,

Pr HGbN <z;§a) — Ly (2 00)‘ > €; 00] —0 (23)
as N — oo, fora=w ora=1 and forb=w orb=1.

Theorem 6 implies that for either choice of a and either choice of b, the empirical distribu-
tion function of independent copies of T} <§a> can be used to approximate the distribution

function of Ty.

2.3 Theoretical Results Under the Alternative Hypothesis

Under the alternative hypothesis of informative selection, we proceed by assuming that
the distribution of the sample data is in the same parametric family as the distribution
holding for the superpopulation. For parametric families and sampling designs for which
this is true, see Pfeffermann, Krieger, and Rinott (1998). This sort of conjugacy arises
when sampling from exponential families via Poisson sampling, and since this is quite broad

we will consider this situation here. The distribution under the superpopulation is

Ty | zx; 60),

17



and under the alternative hypothesis of informative selection this is not, in general, equal to

the distribution of the data given that they are included in the sample, which is

fly | e, Iy = 1; 6y).

Here we are using 8, to denote the parameter values holding at the population level, and 8 to
denote the parameter values holding at the sample level. We will suppose that assumptions
analogous to A1-A5 hold under the sample distribution as well, that is, at the parameter
value O,; this will ensure that we have well behaved information matrices under the sample
likelihood and allow us to use classical maximum likelihood results. Suppose we are sampling

from an exponential family of the form

f(yi | i;80) = ai(6o) exp [Z Ooibr(yi) + Cz(%)] ;

k=1

where 6 defines the K —dimensional natural parameterization of the family, and bg(-) and

¢;(+) are known functions. Further suppose that the inclusion probabilities have expectations

E [7Tz' ’ yiawi] = T; €Xp

Z Akbk(yi)] )

k=1

where r; and {A.} are constants which may depend on @; but not y;. Then we have that
Os = Oor + Ag (Pleffermann, Krieger, and Rinott (1998)). The constants Ay function as an
offset for the parameters in the sample distribution versus the parameters in the population
distribution, and in Theorem 7 we will define a sequence of local alternatives by allowing

that offset to go to zero.

Theorem 7. Let [,(-) and 5a be as defined in Theorem 1. Define a sequence of local alter-
natives

d
Hiny:0,=00+ —.
1N 0 \/N
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Under this sequence of alternatives and the assumptions holding under the alternative

hypothesis,
Ti=2{0 (8:) — 1 (8,) } = N (81 - @w)T T (0:-8,) +op(1)

and
7, =2{1,(8,) 1, (8)} =~ (8, —51)TJw (6.~ 81) +o0p(1),

where the probability is with respect to the parametric distribution indexed by 6@y. Further-

more,
N2 (8, —81) = (8~ 0,)] 5N (0,7 + T K,J,) =N (OT),  (24)
so that
- p
To 5> AaiX’(156)), (25)
j=1

where A\,; are the eigenvalues of r72y,rY2, and x?(1;6;) is a mon-central chi-squared ran-
dom variable with 1 degree of freedom and non-centrality parameter 0; defined as

[PT'/2d)?

5]': 2 5

that is, the j'* element of the resulting vector in brackets, where P is a matriz of eigenvectors
of T2 g, Y2 With the non-centrality parameter defined in this way, the non-central chi-

=0

where Q(q : k) is the cumulative distribution function of x* distribution with k degrees of

freedom.
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This theorem can be used to perform local power calculations under certain conditions.
The assumptions made for the theoretical results shown in this section were made because
they allow for some relatively general asymptotic results. In particular, allowing the data
to come from an exponential family covers many potential cases. The major complications
in trying to compare sample distributions to population distributions under the alternative
hypothesis of informative selection come from the fact that under an arbitrary sampling
design, the sample likelihood is not guaranteed to be in the same family as the population,
and so direct comparisons of parameter values are tricky, in fact it is not immediately clear
how to even proceed. Pfeffermann, Krieger, and Rinott (1998) provides some specific
sampling designs and parametric family pairs under which the sort of conjugacy needed
holds (that is to say, the sample and population distributions are in the same parametric
family), and so this has been the starting point. In practice it may be easier to perform

power calculations via simulation.

2.4 Theoretical Extensions

Using the framework presented above, we wish to establish results analogous to those
of DuMouchel and Duncan (1983), in which effects of informative selection are tested by
comparing a linear mean model to the linear model extended to include weighted covariates,.
We extend those results to a more general framework that can be applied to a wide range
of models. We begin by partitioning the parameters into mean parameters, 3, which are
the coefficients of model covariates x;, and nuisance parameters, £&. Then we will extend
the mean structure to incorporate weighted covariates wya, which have coefficients v, and
finally link the limiting distribution of N/2(3,, — 3,) with that of N'/2(%, —0). Under this

partitioning of parameters, the following assumptions are needed:
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AT7. The following relations between the original and extended models hold:

Oln f(yx|zr, wrxr; 8,7, €) :wkalnf(yk’fﬂk;ﬁf)

Oy '70 B ’

021nf(yk|mk7wkmk§ﬁa€>7)‘ —w 9% In f(yx|xk; B, &)
Ov0€ oo - O0BOE

821nf(9k|mk7wkmk§ﬁa7»£)' —w % In f(yxlxw; B, €)
01807 - k aBaBT )

0” hlf(yk|wk,wk$k;3,%§)' 50 In f(ylxx; B, €)
T = wk T .
Oy0y =0 0Bos

It will be shown later that A7 holds in many models of potential interest.

Theorem 8. Let 8 be partitioned into linear parameters, 3, and other parameters, &. The

parameters (3 are linear in the sense that they enter the model as coefficients for known

covariates xy in the probability density function f(yg|xk;B,€). Let f(yk|Tr, wpxy; 3,7,&)

be the probability density function under the model extended to include weighted covariates,

wrxy, with coefficients ~v. Under the additional assumption A7,
NY2MYPE (B, — By) 5 N (0, M),
and
N'? (4, 0) 5 N(0, M),
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where

M = {a, — awVﬁlaw — wadl_lblTVﬁlaw + waﬂlbg}_l,

T = Vigdlawe — 20,dy'bs + b,dy dedy W0V — Vit

1w

_ —1;T _ T,-1 T 1 9> T;3,8)
where Vi, = a, — b.d ', Vor = dp — boa; by, ap = limy Nooo =57 D per [krkW;
L 1 > mixy;3.8)
br - hmn,N—>oo -N ZkEU ]krka/a+g€£7 and
. 21, .
d, = lim, Noo —% Y kev Ikrk%g?@; forr=1andr =w.

In the case in which the maximum likelihood estimates for the mean parameters, 3, and

the nuisance parameters, & are asymptotically uncorrelated, the following corollary arises.

Corollary 9. Let 0, be partitioned as in Theorem 8 and let f(yg|xr; B, &) and f(yg|xr, wrxy; B,7, E)
be defined as in Theorem 8. If the mazimum likelihood estimates for the mean parameters,

B, and the nuisance parameters, & are asymptotically uncorrelated, then

Nl/Q{an - awal_law}_law(léw - Bl) £> N(Oa {aw2 - awal_law}_l)7 (28)

and

NY2(%, = 0) 5 N(0, {ay: — awar’an} ™), (29)
where a2, a,, and a; are defined as in Theorem 8.

Before continuing on to simulation studies and applications of the theory discussed, I
would like to take some time to look in detail at some parametric families that satisfy the

assumptions needed to apply Theorem 8 and Corollary 9.
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2.4.1 Gamma Mixture Model

To illustrate a situation in which Theorem 8 is applicable, consider the mixture model

Ye = {2z X 0F + {(1 — 2x) X vy},

where z; ~ Bernoulli(d) and vy ~ Gamma(ewkﬁ , 7), with mean exp(x,3)T and variance
exp(xrB)7%. yi is zero with probability § and is positive following a gamma distribution

with probability 1 — . In the original model, the probability density is

1—zg

. = k - yk
J(yulan; 0.7, B) = 6% § (1 6)TekaF(ewk5)

This is similar to a model used to model fishery data in section 2.6.1. We are interested
in the scores and information with respect to B since this is where we will be extending
the model. In the following, the derivative of the natural logarithm of the gamma function
is called the digamma function and is denoted #(-); its derivative is called the trigamma

function and is denoted (). The derivatives are

Oln f(yg|xw; 0, T, B)
op
(B n(ye) — ™ Pa In(r) — |v(e*0)e 0z, | ) (1 - ),

and

0% In f(yx|xr; 0,7, B)
0808~

= {wzem’ﬁ In(yg)xs, — azfemk'@ In(7)xy

— [wl(ewkﬁ)wfemkﬁazk + ¢(€mkﬁ)wkewgﬁmk} } (1 — zp).
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The double partial derivatives with respect to 8 and § are zero, as are the double partial

derivatives with respect to 7 and 6. The double partial derivative with respect to 3 and 7 is

0% In f(yx|xk; 0,7, B) _mkewk'@ .

5807 ==

Extending the model to include weighted covariates,

1—
exp(wk,3+wk33k'y)fle_yk/7_ 2k
Texp(wkﬁ-ﬂvkww)F(ewkﬂ-f—wkwm)

f(yk’wk’wkwka 67 Taﬁ?V) = 0% {(1 - 6) i

The relationships in A7 hold since

Oln f(yx| Tk, wpxk; 9, 7'7,377)’
oy =0

= <emk'8+w’“w’”wkwk In(yx) — em’“ﬁwkw”wkwk In(7)

__d%emk6+ﬂ%mkqemk6+ﬂ%mk7wkwk>(1__ka

oln f(yx|xw; 6,7, 3)
Wy 8,6 ’

=0

02 1In f(yk|wk:; WELk; 57 T, /8)7 i ‘
0By =0

= {wpx) TR In(yp )y — wiay eTFITORET In(T) @y,

_ [101 (emk,@"rwkmk'y)w£€2(wk/8+wkmk7)wkmk

+ ¢(emk/g-l-wkka)mzekuB+wkwk7wkmk} } (1 _ Zk)‘

82 lnf(yk|mk7 57 T, /6)
W T )
0Bops

=0
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02 In f(yk|wk;; WTk; 0, T, /6)7 i ‘
Oyovt y=0

= {wiel TR In(yy )y, — wiay eTHOT R In (1) 2y,

_ |:w1 (emk,@+wkwk7)wgez(wk/g‘i‘wkmk'y)wimk

+_¢(ewkﬁ+wumm)wzewkﬁ+ﬂmmkmwzmk}}(1__Zk”

=0
282 In f(yk|mk7 57 T, /B)
wk T )
oBIBs
and
0*In f(yx|@r, wypxk; 0,7, B,7) — _wkmkemk6+kak7 (1 —z)
oNOT ~=0 B T ' ~=0
y O In f(yx|xk; 0,7, B)
k 0BT 7

so we see that the theory of this section is applicable in this case.

2.4.2 Linear Regression Applications

Corollary (9) is widely applicable and deserves some special attention here. It can be

applied in the regular linear model case, where

1 1
a3 42) — _ _
f(yrlen; B,07) = 53 P [ 557 (Yx wkﬁ):|
and
1 1 B
fyler, weze; B, 7y, 0%) = exp | =5 [ — [z wizs |
To2 20
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The mean and variance estimates are uncorrelated, and the second derivatives needed for

the information matrix in the extended model are

0% In f(yx|@w, wrzs; B, v, &) mims

aﬁaﬂT 0_2 )
0% In f (yu| e, wewi; B,7,€) _ @jwiTs
0By o2
and
82 lnf(yk’wk7wkwka/6777£) _ _wngwk
el o2

thus the relationships given in A7 hold. The result is effectively established in this case since
this gives us the limiting variance of N'/2(% — 0) and also that of N'/2(3, — 3,), and the
transformation that links the two. This is exactly the result from DuMouchel and Duncan
(1983) but presented in the framework of this paper; in this framework we can find analogous
results for many analyses besides regular linear regression. An immediate extension is for any
normal linear mixed model, the only difference being that the nuisance parameter & will be of
higher dimension than one (in linear regression with only fixed covariates its dimension is one,
containing only the model variance, 0?). For normal linear mixed models the information
matrix will still have a block diagonal form (one block containing fixed covariates, the other
containing random effects and the random error variance), regardless of the density of the
random effects, suggesting the asymptotic independence between the maximum likelihood

estimators of 3 and & that is needed.
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2.4.3 Applications to Exponential Families

The assumptions are in fact satisfied for all exponential families. This is a simple result

since the form of an s-dimensional exponential family, indexed by the parameter 0, is

po(y) = exp [Z n:(0)T;(y) — B(0) | h(y),

which, since @ contains linear parameters 3 and nuisance parameters &, can be written as

poly) = exp [Z ni(z B, €)Ti(y) — Bz B, 5)] h(y).

The partial derivative of B(@) with respect to 3 is

0

and extending the linear structure to contain weighted covariates the derivative (evaluated

at v =0) is

9 B(2lB,¢).

d )
oy B (z}, B + wymiy, €) |’Y=0 = wpz), B (z}8,€) = 55

This is true whether or not B(-) is a function of the linear parameters; if it is not, then
the derivative is 0. The argument is identical for the 7;(-), and analogous for the necessary
second derivatives.

It is also possible to carry out the test for informativeness in exponential families using
the natural parameterization. This is intuitively obvious because of the invariance property
of maximum likelihood estimates. Because of invariance the 7 that maximize the likelihood

A

function will be 7(@), thus the maximum values obtained are the same under the 6 or n
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parameterization, and the same is true for the test statistics 77 and T,. Since the test
statistics are identical, their asymptotic distributions are also the same and can be obtained
either by computing the information with respect to 8 and following Theorem 2 exactly, or
by computing information with respect to n and following Theorem 2 in terms of n.

We can verify experimentally that the results agree under either parameterization. Recall
the simple linear regression example relating infant birth weight to gestational age. The

probability density for yy is

T T 2
z, 3 1 2_(5'3k5) 1 2 1
T 2 ]‘ T 2. —1 ]' 1 ]'
= exp |Tp MYk + V) — _Z(wk M)y — 3 In(—n2) + 3 In(2) Nors

The information with respect to m is given by the second and double partial derivatives of

A(m), the part of the exponent not containing y;. These derivatives are

—82 A(n) = —lw xlnt
anlan’{ Tl - 2 k k'n2 )
0 L o7 o 5,1
8—77514("7) = —5(% 1) + IR
and
0? 1 T 9
67718772 ("7) - §mkwk mmn, -

These derivatives are used to construct the matrices J1, J,, and K, by summing over

the sample, summing with weights, or summing with weights squared respectively. In short,

~

N
the test is carried out exactly as before. From these three matrices, I' = J,, K,,J,, —J; is

computed, and the eigenvalues of f‘T/Qj 1f‘1/2

give the weights for the linear combination of
X7 random variables. The process has not changed, the only difference is that the information
has been computed in terms of n; the end result is the same. For the birth weight data, using

the natural parameterization will result in the same test statistic, 2({1(n,)—11(n,,)) = 132.88,

28



and the eigenvalues are again A7 = (1.967,0.352,0.021). Using the natural parameters, we

have obtained identical results to the test under the @ parameterization.

2.4.4 Logistic Regression Applications

Another case of interest is in logistic regression analyses. Logistic regression fits perfectly
into the framework of Corollary 9 because there are linear parameters, and no associated
nuisance parameters. Nordberg (1989) uses this idea to test for informativeness by expanding
the covariate structure in a logistic regression model to include weighted covariates and then
applying the deviance test for nested models. This would be an exact analogue of the
Dumouchel and Duncan F-test for informative sampling in linear regression, and Corollary
9 provides the justification for this application. In section 2.5.2 I will present some power
calculations and compare the classical likelihood ratio test (deviance test) to the new test
and also make comparisons to the Wald-type test proposed by Pfeffermann (1993).

For logistic regression the original and extended models are

emkﬁ Yk ewkﬁ (1-yr)
[yl B) = (m) (1 - m)

and

ewkﬁerkwk’Y Yk ewk18+wkwk7 (=)
1 + ewkﬁ-i-wkwk'.)/ N 1 + ewkﬁ+wkmk7 .

fyk|lzr, wxy; B, ) = (

The information in the extended model is

1 >orev Thxrpr(L —pr)  Ypep Thwrrpr(1 — pr)
I(X>WX7/87’7)"7=0:_ v < ’

N
> ver Trwrerpe(1 — pr) Do pep f wixepr(1 — pr)

where

Dy = exp(z3)
b 1+ exp(xp3)

29



This is analogous to the previous examples; the relationships in A7 hold, and the relevant
limiting distributions are known.

Furthermore, the test in Theorem 2 can be easily adapted to test for informativeness
in a subspace of 8y whenever 6, can be partitioned into uncorrelated pieces. To test for
informativeness in the mean structure, the test statistics 77 and T, would only look at the
differences in log-likelihood due to estimation of 3, and because of the uncorrelated maximum
likelihood estimates this can be done by evaluating at any point in the & space. For example,
one could use the statistic T} = 2{ll(é1, Bl) — ll(él, Bw)} The necessary eigenvalues could

be computed from the relevant portion of I''/1.J,T'/2.

2.4.5 Relating the Likelihood Ratio Test to the F-test

There is one final idea that I would like to discuss before moving on to the simulations
studies and applications. For linear regression, the estimate of o2 is independent of the
estimates for 3. As mentioned before, this suggests that Corollary 9 can be applied. In this

setting, Corollary 9 gives the asymptotic distributions for (3, — 3,) and (4, — 0) as

Nl/Q{awz — awal_law}_law(ﬁw — Bl) A N(0,{a,: — awaflaw}_l),

and

NI/Q('S/1 —0) A N(0,{a,: — awaflaw}_l),

where {a,2 — awa; ay} ta, = {XTWWX - X"wWx (XTx)™ XTWX}1 X"WX.

The justification for using the F-test to test for design informativeness is based on the
fact that 4, = {XTWWX - X"WXx (x"x)" XTWX}_1 XWX (8, —3,). Thus
the one-to-one transformation that justifies the use of the F-test for design informativeness is
precisely the one-to-one transformation that links the limiting distributions of (3, —3,) and
(41 — 0) in Corollary 9. The advantages provided by the new theory are obvious. Not only

can the F-test only detect informativeness in the mean structure, it also does not provide a
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framework that can justify the use of tests for submodels in testing for design informativeness
in other situations. For example, the deviance test for submodels in the logistic regression
setting is analogous to the F-test in the linear model setting, and Corollary 9 provides the

justification for the use of the deviance test in testing for design informativeness.

2.5 Simulation Studies

This section contains simulation studies and will be followed by empirical applications
to survey data from recent years in the section that follows. First, the likelihood ratio
test for informativeness will be compared to the DuMouchel and Duncan test when the
informativeness enters the model through the variance structure, and a logistic regression
study shows that the likelihood ratio test has comparable power to the Wald test and is
more robust and well behaved. The likelihood ratio test will then be applied in the regular
linear regression case; this will also provide a connection between the likelihood ratio test

and the F-test for submodels proposed by DuMouchel and Duncan.

2.5.1 Student’s ¢ Simulation

This section contains a simulation study in which informative selection is present in
the variance structure of a linear model. Since the DuMouchel and Duncan test looks
for informativeness in the mean structure of a linear model it does not perform well in this
situation, in fact it is not able to detect design informativeness almost at all. Fork =1,..., N

the true model is
2k v—2

Yp =+ 0 = U+ Oz,
\/Uk/V v

{21} iid N(0,1), independent of {v;,} iid x2. The error terms here are distributed as scaled

t,, with mean zero and variance o2 for v > 2. Given vy, yx ~N(0, 02).
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Selection is via Poisson sampling with inclusion probabilities:

noyg

M = —=——.
ZkeU Ok

The selection is informative and selected elements have large conditional variances given
ok, compared to non-selected elements. This is an interesting scenario because designs with
T X 0% minimize the unconditional variance (with respect to design and model randomness)
of the Horvitz-Thompson estimator. As v — oo, 0} converges in probability to o, and the
design becomes noninformative. But the wy’s then all converge to n/N, and the critical
value of the test converges to zero, so that the test is not defined.

In this setting, the Dumouchel and Duncan test is the test of significance of the slope
coefficient in simple linear regression of 3, on the intercept and wy = 7rk_1. This test is not
defined for wy = constant, since the design matrix is singular.

The following table shows empirical rejection frequencies based on 1000 replicate samples

with p =2 and 0 = 1:

Table 1: Empirical Rejection Frequencies

v Test n=50 n=100 n =200
5 T 0.822 0.989 1.000
DD 0.121 0.119 0.125
20 13 0.303 0.527 0.835
DD 0.073 0.062 0.059
80 T 0.093 0.158 0.263
DD  0.043 0.053 0.056
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Not surprisingly, the likelihood ratio test based on 77 has better power in all cases than
the Dumouchel and Duncan test, DD. DD has almost no power to detect the informativeness
in the variance, since it looks in the mean. At v = 5 degrees of freedom, the DD test has a
small amount of power. This seems to be due to the fact that the variance of the unweighted
estimator is much larger (approximately 27% larger) than that of the weighted estimator at
all sample sizes considered. The weighted and unweighted estimates will therefore differ by
chance, and the DD test will (correctly) reject by (incorrectly) interpreting this difference as
bias in the mean estimate. Note that this “lucky” power does not increase with increasing
sample size.

Once the degrees of freedom increase, the weights stabilize substantially and the weighted
and unweighted estimators have similar variances; e.g., unweighted has only about 6% higher
variance than weighted at v = 20, and 2% higher variance at v = 80. For these cases, the
DD test has essentially no power, rejecting about as often as would be expected under non-
informativeness. Again, the rejection frequency does not increase with increasing sample
size. The likelihood ratio test, on the other hand, continues to have power to detect the

informative selection, and this power increases with sample size.

2.5.2 Logistic Regression Simulation

The following simulation study is based on a data set from Nordberg (1989) involving
a population of 12195 milk producing farms in Sweden. The goal of the analysis is to fit
a logistic regression model to predict P(Y = 1) where the response variable Y is a binary
varible indicating whether or not the farms that had milk cows in 1983 still had milk cows
in 1984. Farms that did not have milk cows in 1984 were given a value y = 0 and a value of

y = 1 otherwise. The predictor variables used were

e Region (R1, R2, R3; coded as 0 — 1 indicator variables)
e Farm Size (Large S=0, and small S=1)
e Farm Type (Primarily milk producing T=1, and Other T=0)

e Age of farmer in three categories (A; = 1 if Age < 49 and 0 otherwise; Ay = 1 if 50 <
Age <59, and 0 otherwise; and A3 = 1 if Age geq60, and 0 otherwise.)
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The model used to generate the data is

6—2.5+61.65—0.3A2+0.8A3—50.8A3 XS+61.0T—860.3R2xS—60.5R3 xS
PY=1)= (30)

- 1+ 672.5+61.6570.3A2+0.8A3760.8A3><S+61.0T750.3R2X5750.5R3><S’

where ¢ is a constant that controls the level of design informativeness.

The population consisting of 12195 elements was created from the model given in equa-
tion (30), where the values for the predictors were taken from the original study. These
probabilities were then used to generate a population of y values. From this finite popu-
lation a stratified sample was taken where the strata are defined by the farm size (S) and
type (T'), and thus there are four strata based on the four size/type combinations. The
number of elements drawn from each stratum was 840, 521, 920, and 720, which corresponds
to inclusion probabilities of 0.10, 1.00, 0.60, and 0.42 respectively.

Since the variables on which the data are stratified (farm size and farm type) hold pre-
dictive information for the response, it is clear that the sampling is informative in the sense
that f(yk|xk, Ir = 1) # f(yk|zr), and as such their exclusion from the model should lead
to some level of model bias. The level of design informativeness can be controlled by ¢ in
that choosing 6 = 0 will correspond to the case in which the sampling is non-informative,
and values further from 0 in magnitude reflect a higher degree of informativeness. Choosing

0 = 1 corresponds to the model found in the Nordberg paper.
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For the following power calculations, the Wald test (Pfeffermann (1993)) given in Corol-
lary 3 will be compared to the likelihood ratio test. Each power calculation is based on
1000 simulations and uses an « of 0.05. “Weighted” and “Unweighted” refers to whether the
weighted or unweighted maximum likelihood estimates were be used when computing the

expected information in the sample.

Power
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Figure 1: Power curves for Wald test vs. likelihood ratio test using two sample sizes, n = 3001
(left), and n = 601 (right)

The power curves using the larger sample size show the Wald test proposed by Pfef-
fermann (1993) performing the best when the information is evaluated at the unweighted
maximum likelihood estimator, the worst when the information is evaluated at the weighted
maximum likelihood estimates, and the likelihood ratio test falls in between the power curves
for the Wald test when using both the weighted and unweighted estimates. However, the
power curves using the smaller sample size show some very poor behavior from the Wald
test. First, when using the unweighted estimates, the Wald test has the wrong size. The size
of the test should be 0.05, and is actually higher than 0.10, so naturally it “wins” for other

values of § as well.

35



Second, and perhaps even more interestingly, when the weighted estimates are used the
Wald test does not even produce a monotone increasing power curve. This is very strange

13

(and undesirable) behavior especially considering that the hypotheses are “equal” vs. “not
equal”. The likelihood ratio test, in contrast, has very good behavior. The size is correct,
or approximately so, for both sample sizes considered, and the test seems to be unaffected
by the choice of maximum likelihood estimate used to compute expected information.
From Corollary 9 we can also test for design informativeness by extending the model
to include weighted covariates with parameters v and testing that v = 0. The classical
likelihood ratio test (referred to as the deviance test here for clarity) for submodels in logistic
regression compares twice the ratio of log-likelihoods from the reduced and full models to
a Xz% distribution (p being the difference in the number of parameters for the two models;
for our purposes this is the number of parameters in the original model). Below are power

curves from the deviance test compared to the the new likelihood ratio test.
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Figure 2: Power curves for deviance test (dotted line) vs. likelihood ratio test (solid line)
using two sample sizes, n = 3001 (left), and n = 601 (right)

The deviance and likelihood ratio tests have almost identical power curves when using
the larger sample size (n = 3001) and the new likelihood ratio test performs better when the

sample size is reduced (n = 601).
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2.5.3 Linear Model

Recall the National Maternal and Infant Health Survey example in which infant gesta-
tional age is regressed on infant birthweight. For linear regression, the likelihood ratio test
is performed as follows: Use the expected information to construct J 1 J w, and K w; Use
these matrices to obtain the necessary covariance matrix, I', then compute the eigenvalues of
I‘T/QJ 1I‘ * which are used as the weights for the linear combination of x? random variables.

The expected information is

blockdiag {Z Iy, Z Iy 55 }

keU

where x;, is a column vector containing a 1 and the k" birthweight. J 1 is computed directly
from the sum over the sample of the expected information, J, and K, are computed by
summing over the sample with weights and squared weights respectively. The eigenvalues
are AT = (1.967,0.352,0.021), and the 0.05 critical value from the asymptotic distribution
(computed from 1,000,000 simulated linear combinations of y? random variables) is 7.98.
The test statistic is

2(1,(81) — 11(0,,)) = 132.88,

which is highly significant. This agrees with the F-test which produced a p-value much less
than 0.001.

Again, it should be pointed out that the F-test will be generally more powerful at detect-
ing informativeness in the mean structure, however it will completely fail to detect informa-
tiveness in the variance structure, while the new test can detect informativeness within any

parameter.

2.6 Empirical Applications

Here I will present some empirical applications, first to fishery data involving a Gamma
mixture model, and then to national health data which involves a censored regression esti-
mation problem. These applications show the wide applicability of the test in practice. Both
of these models are quite complex, leading to involved calculations in order to obtain the
analytic distributions of the test statistics. Therefore, I will present an application of the
bootstrap version of the test because the usefulness of simulation methods for conducting the

test is made obvious when the likelihood function for the proposed model is very complex.
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2.6.1 Gamma Mixture Model for American Plaice Data

In this section the likelihood ratio test for design informativeness will be applied to fitting
a Gamma mixture model for biomass of hauls of American Plaice fish in the southern Gulf

of St. Lawrence. For y = Biomass, consider the mixture model

Y = {Zk X O}{(l — Zk) X $k},

where z ~ Bernoulli(§), and z), ~ Gamma(a, 7). Biomass is represented by a random vari-
able that takes a value of 0 with probability ¢ and is positive following a Gamma distribution

with probability (1 — ). The probability density function for y is

o e
) =0+ f - ph

The log-likelihood function at the population level is

a—lefyk/T 1=z
l(5,a,7)zzlnf<yk) = Zln [5%{(1_5)%} ]

keU keU
= lnézzk +{In(l —9) —alnT —InT(a)} {Z(l - zk)}
keU keU
+(a—1) Z(l — z) Inyy, — %Zyk(l — 2k)-
keU keU

Eventually, when obtaining maximum likelihood estimates, or applying tests for informa-
tiveness, all sums will be over the sample and may contain weights as well (for obtaining
weighted parameter estimates for example).

To obtain unweighted maximum likelihood estimates, 9@ = (5a,da,%a), for a = 1 or
a = w, maximize the sample-level log-likelihood function with respect to 9§, o, and 7. The

sample-level log-likelihood is

la(5,a,7):ln52akzk + {ln(l—é)—alnT—lnF(a)}{Zak(l—zk)}

kes kes

+ (a—1) Zak(l — z) Iny, — %Zakyk(l — Zk)-

kes kes
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This can be done using software and maximizing the three-dimensional likelihood function

above, or by setting the partial derivative of [,(0, a, 7) with respect to ¢ equal to zero to obtain

G — (Z )Z

kes kes

setting the derivative of la(ga, a, 7) with respect to 7 equal to zero to obtain

Tala) = é (Z ap(l — Zk)) Zakyk(l — ),

kes kes

and then maximizing the one-dimensional log-likelihood as a function of « only:

lo(8ay , Ta(a)) = constant — In{7 ()T («)} Z ap(1 — z)

kes

+(a—1) Zak(l — zr) Inyy, — Zak(l — Zk).

kes kes

The estimate for ¢ is the (weighted or unweighted) proportion of zero hauls in the sample,
and the estimate for 7 is the (weighted or unweighted) mean of the non-zero hauls divided

by «, which makes sense because the theoretical mean of the non-zero hauls is a7.
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Figure 3: Weighted vs unweighted data with weighted mixture model fit

Figure (3) shows that the weighted data do in fact differ slightly from the unweighted
data. This difference is found to be significant. The weighted and unweighted parameter

estimates are

A

(O, Gy, 7) = (0.070,0.514, 34.342),

and

(81,6, 71) = (0.0794,0.497, 32.465).
These estimates yield a test statistic of
Ty = 2(11(61, G, 71) — 1 (Buyy G,y Fp)) = 111,
The second derivatives are needed for computing the expected information matrix, which is

needed to find the asymptotic distribution of the test statistic, 7. The derivative of InT'(-)

is called the digamma function and is denoted ¥ (-);
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its derivative is called the trigamma function and is denoted #;(+) (see section 2.4.1 for more

on applications to a gamma mixture model). The non-zero elements of the information

matrix are
Zlal (0,0, T) :ZkeUIkak
e 5(1—10)
91,(9, a,
E [— 3 Ik%] = u(@)(1—8) Y Ly,
keU keU
0?1,(6, v, 7) 1-9
[ ka 572 ] = Z[k&k,
keU kel
and
a(0, 0, T a(l —9)
Zlk 80407‘2 ] R Zlkak'
keU kel
0218, a, T) 1 1
—aE T m2t T g L)
kel kel
Pl a, T
00T — o) Y1 - ),
kel
and

O*l(0, a, T
%: Zl_zk__zykl_zk

The double partial derivatives with respect to o and § are zero, as are the double partial

derivatives with respect to 7 and d. The double partial derivative with respect to o and 7 is

Fo007) 15y

0aoT T
keU

The information is given by the expectation of the negative of the second and double partial
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derivatives above. Taking expectations we have

1 1 > ke 1
E lﬁkerzk—l- mzu _Zk)] = m’

keU

E

i)Y (1= Zk)] = di(@)(1=48) Y1,

keU keU
1 1—-9
E|- — =
[T da zk)] = 1,
keU keU
and

+E

E [% Z(l — Zk)

keU

%2(1 —~ zk)yk] = @ >

keU keU

The information is used to construct J . and K o J 1 is obtained by summing the information

over the sample, o by weighting the sum over the sample by wy, and K, by weighting the
PP |

sum over the sample by w?. The test proceeds by computing I' = J,, K,,J,, —J; and then

. 1/2

getting the eigenvalues from f‘T/Qj 1I' " . These eigenvalues provide the weights for the linear

combination of x? random variables that constitutes the asymptotic distribution of T;. The
eigenvalues are AT = (0.0554,0.0554,0.0554), and the 0.05 critival value is 0.433. Recalling
that the value of the test statistic was 77 = 1.11, we strongly reject the null hypothesis of

non-informative selection.

2.6.2 Tobit Regression

The National Health and Nutrition Examination Survey is a yearly survey conducted
by the National Center for Health Statistics. For this example the likelihood ratio test for
informative sampling is applied to a Tobit model, which is a censored regression model.
The response variable is y = In(Cotinine). Cotinine is the primary metabolite of nicotine in
cigarette smoke and it is of interest how various economic and housing factors affect cotanine

levels in children (see Wilson et. al. (2011)). Consider the following two potential models:

In(Cotinine) = Bo+ Biliage<12y + BoaPoverty (31)

+B3I{AttachedHousing} + B4[{Apartment} + ¢,
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and

In(Cotinine) = Lo+ Bil{age<izy + PoaPoverty (32)

+53I{AttachedHousing} + ﬁ4[{Apm'tment} + 55[{Hispanic} + €,

where € ~ N(0,0?). If the test for informativeness is applied when fitting model (31), highly
significant design informativeness will be found. However, it is known that the survey was
designed to oversample Hispanics in the population, and in fact if Hispanic origin is taken
into account, as in model (32), significant design informativeness is no longer found.

The lower detection limit for cotinine is 0.015, so instead of observing every response y

we observe

y* = max(y, 1),

where 7 = In(0.015).
The likelihood function for the proposed model is

1 1 _ T/62 T — CCTB
L(yslay; B,0) = [ | e =W TP T 0 (—’“ )
kéc 2mo? kec g

where {k € c} indicates censored observations, {k ¢ c} indicates uncensored observations,

and ®(-) is the standard normal cumulative distribution function. The log-likelihood is

ko B.0) = 3 |5 10u(2m) ~lon(o) — 5 on — at)?| + Y tog (T 22,

202 o
kéc kec

l(yx|zr; B, 0) 1 1
. a; = ’;{C [;(yk —x; 8)° - ;}

B 1 T—xi T—:BZ)
kze;@(_wgfﬂ)gb( 22) (=),
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and

kéc kec

ol(yr|zy; B, o) xl 1 T—xlB\ (=l
oy Za—g@kmfmzq)(ww)gb( i ><7>

The second partial derivatives are

Pl(yp|xzr: B, o 1
wimcfo) 1
0B’ B vze O

1 T —xl B\ zlx;

Z|:(I)2<Tii£ >¢2( Uk ) ]:72
1 , (T—xl w_}g

+@(ﬂ>‘z’ﬁ< ’ )(o—)]

g

GQZ(yk\a:k;,B,J) 1 3 T 3\2
552 = k%; {;_;(yk_wkﬁ)

B 1 ) T—:I;{ﬂ) (7‘—:1:{ )2
Z[ ey () (5

1 ,(T—xfB\ (-3
e (4(22) (5
-0 (=20) ()]

and
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Pllyplwii B.0) 2
9098 = 2o m—wiB)

where

and

o (282) o (22 (S er)

Now we need to take expectations conditioning on Ijxe,) and xl. For all sums over k € c,
since the y;, only enter through the censoring indicator,/,, <,, this will amount to adding the
term E [Ijy,<n] = P(Y), < 7) = @(ﬂ) Some additional work is necessary however for
the three sums over {k ¢ c}. For the following assume we are conditioning on {4 and .
Starting with the expectation for the uncensored observations in the second derivative with

respect to 3 we have

xlx xlx T—x! 3
> Z “E [Iiyesry] = > ];2k (1_(@(%))’

kes kes

and the expectation for the uncensored observations in the second derivative with respect to
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S {%E [Iysry] — %E vy (e — wfﬁ)ﬂ
- TR () et ()

In the equations above, E [[{yk>7}} is clearly P(yy > 7) = P (Z > ﬁ) =1-d (%),

and E Iy, > (yx — ] B8)?] is computed using integration by parts as follows:

E [Iysn(y — 2 8)?] :/ % —5= LT P)?

> 1 1 T 2
= — @ e 2o 2 (y— wT/B —|—0'2/ e_ﬁ(y—w /6) d
Vo y B T r 2mo? Y

= o(r—xTB)¢ (#) + o (1 ) (#)) .

Finally, the expectation of the double partial with respect to ¢ and @ (for uncensored

g

observations) is

2 22 (7]
S0 2E (- afB)lion] = X~ o (T2

g
kes kes

since

o0 . T .
B [lyon(y —2'B)] :/T (—\/%zﬁ) e

. =00 <—T _:Tﬁ> .

_ O —s=-27B)?|™

Var
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Putting everything together, we have

Pl(yplze; B,0)] T ) T—x,
E[ 0808" } B Z{_ ” (1_(1)( Y ))

(5] - LA )

and

Pl(yrlzr; Bo)] 2y (T a3
s ] - e ()

g

(s (=22 (=2)
=) ()
(2 ()

Once the expected information is computed all that is left is to construct the estimated

covariance matrix, I' = J ;1K wd ;1 —J 1_1, and find the eigenvalues of f‘T/2j 1f‘1/2. This will
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give us the weights for the linear combination of x? random variables that are needed for
the test.

If the test is applied to the smaller model (no effect for Hispanics), then the eigenvalues
are AT = (1.154,1.070,0.973,0.945,0.729,0.535); the 0.05 critical value for the asymptotic
distribution computed from 10,000 simulated linear combinations of x? random variables is

11.58. Letting @ = (o, 3), the likelihood ratio test statistic is
Ty = 2(1,(61) — 11(0,,)) = 19.38,

and so we strongly reject the null hypothesis of non-informativeness. If an indicator for
people of Hispanic origins is included in the model and the test is repeated, the relevant
eigenvalues are AT = (1.154,1.061,0.920,0.912,0.862,0.587,0.461); the 0.05 critical value is
12.14 and the likelihood ratio test statistic is

Ty = 2(1,(6,) — 11(8,,)) = 5.19.

Thus the design is no longer found to be informative. This indicates that all of the infor-
mation held in the design (with respect to estimation of model parameters), in addition to
model covariates, was contained in knowing whether a person is of Hispanic origins or not.
The inclusion of this additional design information in the model has removed the model and

design bias simultaneously.

2.6.3 Bootstrap Results

The bootstrap analogue to the LRT test is easy to apply; the distribution of the test
statistic 77 can be bootstrapped by simulating from the proposed model under the null
hypothesis of non-informativeness, and then computing the value of the test statistic at each
simulation step. This is a very nice feature since it allows for the possible avoidance of tedious
information calculations, like for a Tobit regression model. Comparisons of bootstrapped and
analytic distributions are shown below for both the model with an indicator for Hispanics
(32), and the model without (31).
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Figure 4: QQ plots for the analytic distribution vs. the bootstrapped test statistic for the
model without an indicator for Hispanics (31) (left) and the model with the indicator (32)
(right)

For the model without an indicator for Hispanic origins the bootstrap 0.05 critical value
is 12.68 compared to a critical value of 11.44 from the analytic distribution; In the model
which includes the indicator the bootstrap 0.05 critical value is 13.94 compared to 11.04
obtained from the analytic distribution. The asymptotic distributions closely mirror those
distribution that are obtained via bootstrapping, however the asymptotic and bootstrap
distributions agree more closely using the smaller model. In both cases our inference from

either method is in agreement.

49



CHAPTER 3

SEMIPARAMETRIC APPROACHES TO MODEL BUILDING
IN THE PRESENCE OF INFORMATIVE SAMPLING

3.1 Introduction

Consider the problem of estimating the conditional distribution of a variable y given x.

Informative sampling occurs when

fr | wr, e = 1) # fyr | 7).

If it is not possible to extend the covariate structure to account for the informativeness in the
design then it may be possible to include extra design information in the model specification
and then “integrate out” the additional design information later. In order to do this we need

to have access to design variables, z, such that

FQr | 2y 21, I = 1) = fyr | 2, 22)- (33)

That is, the design is noninformative after conditioning on the information in z;. Chambers
defines noninformativeness as in equation (33): conditional independence of the population
generating process and the sample selection process given z. Here we only wish to make the
distinction that variables of scientific interest are considered to be valid model variables, x,
and design variables that are not scientifically interesting (such as an inclusion probability)
are contained in z. The auxillary information in z is necessary for performing unbiased
inference, but is not otherwise interesting. In short, we consider the scenario in which the
design is informative given only x, but noninformative given z and z.

Assuming (33) holds, we can estimate f(y | x,2) in an unbiased way using the sample
data. This is important because in the presence of design informativeness the model that
holds at the sample level is different from the model that holds at the population level, and
since our inferential goal is the latter, the sample data will provide biased results in general.
Furthermore, if our inferential goal is f(y | x) then we would like to investigate ways of

extracting f(y | =), which we can not estimate directly from the sample data, from

20



f(y | =, z), which we can estimate directly from the sample data. The following sections

discuss integrating out design effects to obtain f(y | z) via

f(y | ) = / | 2 2) (= | 2)de.

In the context of regression (or any conditional expectation problem), notice that

EEl| 22| al= [ [uftyla2)dudz = [y [ fly]22)dzdy =Ely | o]

so design variables can be integrated out of the mean structure via iterating expectations.
In the next section, a semiparametric approach to this problem will be proposed. In
subsequent sections further asymptotic properties will be derived, and detailed applications

will be made.

3.2 A Semiparametric Model

Suppose y = &7 B+ f* (x, z)y+¢, where E[e | «, z] = 0. Here  contains model variables
and z contains design variables (such as weights, strata, clusters). Writing E [f(x, 2) | ] =
['(z), we have E[y | ] = u(x) = 73 + T7(x)7y. Our goal is to integrate the design effects
out of f(y|lx,z) and find the mean function as a function of model variables only. The

proposed estimator is
ji(z) =" B +T1 ()7, (34)

/\T A . = . .
where (3 ,4") come from the regression of y on (T, fT(x, 2)), and Tx () is a design-based
estimator of the finite population quantity corresponding to I'(x). Since the regression

coefficients are estimated via ordinary least squares they can be written as

-1
Lk

- (wk zk)fk > el | - (35)

keU Z keU Zk

2)
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Let the design-based estimator for I'(z) be of the form

F (2) = <§]K(x;x) 7IT_:>_1 <%K($;x)zk%> (36)

where K(-) is a kernel function, assumptions for which will be given in a following sec-

tion. The model is semiparametric in the sense that the model parameters, 8 and ~, will
be estimated using standard parameteric regression methods, and I'(x) will be estimated
non-parametrically under a classical design-based framework; this accomplishes the task of
integrating out the design effects. The model would be fit in three steps: first 8 and « would
be estimated via ordinary least squares, then I'(x) would be estimated by an appropriate
design-based estimator, and then the two pieces would be combined.

Conditions for the joint asymptotic normality of the design and model-based pieces will

be addressed in the following sections, and asymptotic results will follow.

3.3 Notation and Assumptions

Standard survey sampling notation will be used throughout. For design-based compo-
nents of the estimation problems that follow we will consider a finite population of N elements
contained in the set U = {1,2,..., N}. The subset of elements contained in the sample will

be denoted s C U. Sample membership indicators are defined as

1, k € s,
]k': ;
0, k ¢ s,

where E [I;] = 7. Here 7 is the probability that the k™ element will be included in the
sample, and wy, = 7, L are the sampling weights. Totals will be denoted by a lower case ¢t and

will represent sums over U; subscripts will indicate what is being summed up. For example,

tyzzyk:

keU

o2



is the sum of all y in the finite population, an estimator for which is given by

~ I,
ty == Yp—.
Tk
keU

This is the Horvitz-Thompson estimator (Horvitz and Thompson (1952)) of the finite pop-
ulation total, and will be used to estimate totals for the remainder of the paper, unless
otherwise specified.

For analytic inference we will consider a sequence of finite populations Uy, and focus
inference on the underlying process (superpopulation) that generates the population of ob-
servations from which we are sampling. Asymptotic results will rely on the population size
N going to infinity, and thus the sample size n and the bandwidth h can be written as ny
and hy indicating that as N — oo, n — oo and h — 0 at rates that will be specified in the
assumptions section. The N subscript will be suppressed in much of what follows.

The following assumptions will be made to prove the theoretical results and follow closely

those assumptions made by Breidt and Opsomer (2000).
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B1. For each N, the x; are considered fixed with respect to the superpopulation model. The
x; are independent and identically distributed F(z) = f_xoo f(t)dt, where f(-) is a density
with compact support [a,, b,] with f(z) > 0, Vx € [a,, b].

In addition, the z; are uniformly bounded with compact support [a., b,].

B2. As N = oo, nyN™ ' — 7€ (0,1), hy — 0, and Nh3, — oo.

B3. For all N, min;ep, m > A > 0, min; jey, m; > A > 0, and

lim sup ny max |m;; — mm;| < 00,
N—oo i#j

and
lim max |E [(Ii1]i2 - 7Ti17ri2)<]i3]i4 - 7Ti37ri4)] | - O(N_l)v

N—oo (il,ig,i3,i4)€D4

where D, is the set of all distinct t-tuples from Uy .

B4. The kernel function K(-) is symmetric, continuous and bounded, and has compact

support.
B5. The function I'(z) is a continuous and differentiable function.
B6. For A # 0,
4
x
ST = o,
keU Zk
and the limit
Lk Lk
. -1 T 2 1 —1 T 2
A}l_r}r(l)oN Z)\ UI’“_J\P_I&ON Z)\ ocmy,
keU Zk keU Zk

exists, where o2 is the error variance for the model. Additionally, for A # 0,

T s [ R () ()

is asymptotically normally distributed with mean 0 and variance Y4, where ¥4 is the asymp-

totic, design-based variance of the expression on the left.
B7. imyeo N1 Y00 s x, z. | Ix = A, a positive definite matrix.
Zk

o4



Assumptions B5 and B6 are used to establish a central limit theorem for the semipara-
metric estimator. It is common to make a central limit theorem assumption for the design,
and conditions can be checked on a design by design basis (see for example Fuller (2009)).
The inclusion of A # 0 is for the proof which relies on the Cramér-Wold device which says
that a vector of random variables is jointly normally distributed if any linear combination

of the variables is univariate normal.

3.4 Limiting Distribution of ji(x)

This section introduces a central limit theorem for zi(x). The asymptotic variances for
the estimators given in equations (35) and (36), which will be needed for obtaining the joint
limiting distribution of the parameter estimates, are obtained as follows. The model-based
and design-based components of the estimator are in fact uncorrelated (as shown in Lemma
1 in the Appendix), hence the variance components for the estimated model coefficients and
design-based estimator can be found separately. Denote these variance components as 3,
and 4. The matrix 3, is obtained using standard least squares regression results, so we

immediately have that

where A is defined as in assumption B6. Next define

Ed_nVar( () | X, Z) = lim nzz Tij — TT;) d—d— (38)

N—o0 T, Ts
i,jEU v

where

_ 1 Z._ZjeUK(%)Zj T — T
- >jev K (57) [ L Y K (5P ] K( h ) ' (39)

This is a standard design-based variance calculation, which is obtained by taking the variance
of the linearized form of f(:z:) from Lemma 5 in the Appendix.

We may now state and prove the following theorem on the joint asymptotic normality of
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the model and design pieces for the estimator given in (34).

Theorem 10. Under B5-B6,

where 3., and 34 are defined as in equations (37) and (38).

3.5 Variance Estimation

The asymptotic variances given by (37) and (38) can be estimated as follows:

v ij —[(X Z)T<X Z)]_52, (40)

2

where the model variance, o°, can be estimated by the model mean square error as usual:

2)

n—p—4g
The design component can be estimated via a linearization argument as follows:

=Yy e “ﬂd G, (1)
« o 7'('1 ﬂ'j ]’

€U jeU

where (Z corresponds to the d; defined in equation (39) with sums over the population re-
placed by sums over the sample, weighted by inverse inclusion probabilities. These estimates

are in fact design-consistent for their targets under mild assumptions.
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Theorem 11. Under B1-B/,

Bam et S T (22 - T (1) 2,

and

3.5.1 Consistency of i(x)

In this section consistency of the estimator will be established along with variance esti-

mates so that we may apply error bounds to the semiparametric fits.
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The following result shows that (34) is a mean square consistent estimator for u(x).

Theorem 12. Assume B1-B4, then
@) = 2" B+ 7 (x)7
s mean square consistent in the sense that

lim E[{(z) - pu(z)}’] =0

N—oo

3.5.2 Variance Estimation for i(x)

To derive the asymptotic variance of the semiparametric estimator given by equation

(34), begin by writing

fi(@) — plx) = #ﬁ+fﬂma—ﬁﬁ—rﬂw

+(3 =)' (Tx(x) — T(x))
= zla+TT(x)b+~"c+bec

As noted in the Appendix, a and b are O,(n~'/2), and ¢ is O,((nh)~/?), so b" ¢ has a smaller
order of O,(nh~'/%). Tt will then suffice to estimate the variance of ”a + I''(z)b + ~v'c

conditional on @. Thus for purposes of application, we will calculate the variance as

Var (z'a +T7(x)b+~"c|x) = Var(z'a+T"(z)b|x)+ Var (v c|x)
+2Cov (z"a +TI'"(x),v"c| x). (42)

In (42), a and b represent model pieces, and ¢ represents a design piece. As in Lemma 1
from the Appendix, the model and design pieces will be exactly uncorrelated and so the

remaining variance components can be estimated individually and added. For the model
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piece, the conditional variance formula will be applied to obtain

Var (2"a +T7(2)b | z)
= Var (E [a:Ta + FT(w)b ‘ a:,z,I] ‘ w)
+E [Var (:vTa + T (x)b | 5137sz) | m]

1_2

= El(z T@))'(Xx z)(x z) 0 )
['(x)

where X is a matrix of model covariates and Z is a matrix of f(x, z) values.

For the design piece, we again begin by conditioning to obtain

Var (y'c|x) = Var(E[y"c|x, 2] |z) +E[Var (v c|x,2) | z]
= E[Var (v'c|z, 2) | z],

since E [c | @, 2] = 0. Now, Var (y"c | x,z) is approximated as in (41) (via a linearization
argument), and the model and design pieces are exactly uncorrelated (by Lemma 1 in the

Appendix).

3.6 Empirical Applications

This section details applications of the proposed estimator in the context of regular
linear regression with one predictor. One such data set can be found in Chapter 6 of Fuller
(2009). This example (Example 6.3.3) describes data simulated to approximate data from
the Canadian Workplace and Employee Survey.

3.6.1 Canadian Workplace and Employee Survey Data

The original survey is described by Patak, Hidiroglou, and Lavallee (1998), where the
data come from a stratified simple random sample of workplaces in which three strata are
defined based on a function of existing tax records that is highly correlated with payroll.
The strata have highly variable sampling rates which leads to informative sampling. The

model of interest relates payroll to employment through the function

In(payroll) = By + 51 In(total employment) + &, (43)
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where the error terms are i7d(0, 0?). The data consist of employment and payroll numbers
along with sampling weights. Throughout, denote In(payroll) by y, In(total employment) by
x, and the sample weights by w. Then fitting model (43) via ordinary least squares (OLS)
yields

7 = 10.019 + 0.907z,

with 62 = 0.320. The probability weighted regression yields

7= 9.745 + 0.931z.

The second estimator is weighted to adjust for potential bias that has entered through the
sample selection process. If there is no bias present then the weighted estimates will be
inefficient compared to the unweighted. To test the hypothesis that these procedures are in
fact estimating the same quantities, we extend the model to include sampling weights and
a weight by log of employment interaction term then use the classic F' test for sub-models
(e.g. DuMouchel and Duncan (1983)) to test whether or not the smaller model is adequate.
This is a practical test for informativeness in this case because it is powerful for detecting
informativeness in the mean structure for regular linear regression models and very easy to

apply in practice. The OLS estimator for the extended model is

y = 10.888 + 0.722x — 0.0004w + 0.000016wz,

with 52 = 0.2663. The F test gives a p-value < 0.001, and so we reject the null hypothesis of
non-informativeness. To be thorough, the results from the test proposed in Chapter 1 should
be mentioned as well. In this case the two versions of the test statistic produce different
results; using the unweighted log likelihood function and the test statistic 7} we obtain a
p-value of 0.16, and fail to detect informativeness in the design, however, T, gives a p-value
of 0.002, which is highly significant. It is unclear why there is a discrepancy in this case,
and this kind of problem was not observed in any other simulations or power calculations.
To continue the analysis, we could extend the model further with a quadratic term for
the weights and conduct the F-test again to test for additional informativeness; this test is
not significant, and so we will work with the full interaction model above. Our goal now is

to integrate the weights out of the regression model and obtain a model that is a function
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of x only. In this context, the proposed semiparametric model is

y = Bo+ Bir +nfi(w, 2) + 12fa(z, 2) + ¢, (44)

where z = w, fi(z,2) = w and fy(x,2) = wx, and E[e | ,w] = 0. Taking expectation we
have

wx) =Ely | z] = Bo+ frx + nl(x) + yeal'(2),

where I'(z) = E[w | z].

Figure 5 shows scatterplots of the relationships of interest.
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Figure 5: Scatterplots for log of payroll vs. log of employment (left), and sample weight vs.
log of employment (right).

The scatterplot on the left represents the relationship we want to model; the scatterplot
on the right shows the relationship we will use to integrate out the design weights. Our
approach will be to estimate model (44) using OLS and then estimate I'(z) using a design-
based estimator. The first step is easy and requires little discussion. The second part
will require a little more discussion and multiple ideas will be considered. The estimated
regression coefficients are (5o, B1,31,92) = (10.888, 0.722, —0.00043, 0.000016). The last two
estimated coefficients are very small, but they are attached to weights which can be quite

large in this example. Partial output from R is included below.
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Coefficients:

Estimate Std. Error

(Intercept) 10.8881203
Inemploy 0.7218792
Weight -0.0004263

Inemploy:Weight 0.0000160

0.1943763
0.0461403
0.0001142
0.0000534

t

value Pr(>|tl)
56.016 < 2e-16 *x*x
15.645 < 2e-16 **x
-3.731 0.000277 **x*
0.300 0.764948

Next we will estimate I'(z) using a design-based method. Fuller noted that when the

weights are plotted against x they fall roughly into three intervals. Define the groups by
the intervals (0,2.67), [2.67,3.95), and [3.95,00). With intervals defined in this way we

will investigate two possible estimators for I'(z). First, recall that I'(z) = E [w | 2], and so

consider estimating the means within each interval with a sample-weighted estimator. For

this problem, a reasonable estimate for I'(z) is then

N > W
1—\ T — r<2.67 I 7
(@) Zx<2.67 Wk trs2om
> w? > w?
TRl AS RS k]{2.67§;r<3.95} + MI{Q&%} (45)
22.67§x<3.95 Wk 23523.95 Wk

A second approach would be to use the kernel regression method proposed in this chapter.

To apply this method I chose a Nadaraya-Watson smoother with a bandwidth of 1/2 to

smooth the sample weights on log of total employment. The two fits can be seen in the

graphs below.
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Figure 6: I'(z) estimated by weighted means within groups (left) and weighted kernel re-
gression (right).

Combining these design-based fits for I'(z) with the estimated model coefficients produces

the estimates for pu(x) seen in Figure 7.
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Figure 7: Regression fits using weighted sample weight means for f(x) (black), and weighted
kernel regression of sample weights on In(total employment) for I'(z) (red).
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Estimating E [w | ] by a within-groups mean estimate seems like a very logical thing to
do in this situation, and indeed it accomplishes our goal of integrating out the sample weights.
The semiparametric fit, however, obtains the same thing with a smooth function. The jumps
and angles in the fit that estimates the weights by within-strata design-based mean estimates
are artifacts of the zero-one indicator variables that are present. The semiparametric fit

follows the same trend with a smooth curve. Next we would like to apply error bounds to

~

pi(z).

Since the sample is drawn via stratified sampling within three strata we can approximate
the variance for the design piece by applying a form appropriate for stratified sampling (e.g.
Sarndal, Swennson, and Wretman, 1992, Section 3.7). Applying the error bounds as derived

in equation (40) to the semiparametric fit we obtain the band shown in Figure 8.
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Figure 8: Confidence bands applied to the semiparametric estimate of u(x)
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3.7 Simulation Study

This section details simulation results comparing the proposed semiparametric model to
the ordinary least-squares model and the weighted ordinary least-squares model, in a scenario
roughly mimicking the data from the Canadian Workplace data set. The data are simulated
by generating a population of 86514 y variables from a linear model that is a function of
r and z, where x and z are jointly normal random variables. The population was then
stratified based on quantiles of z and sampled proportional to z within each of three strata.
Three different sampling rates were used within each strata, and so the sampling is indeed
informative. Since z is related to x, x will also hold explanatory power for the weights.

The simulation was performed according to the following steps:

Simulate z ~ N'(100, 10?)

Get z from the model z;, = 8z + 1, where n ~ N(0,20?)

Get y from the model y;, = 100 + 0.5x;, + 23, + 2zx7 + €, where € ~ N(0, 7?)

Stratify the population into three strata defined by the 40" and 60" percentiles of z

Take samples of size ny = 30, ny = 25, ng = 90 with probabilities proportional to z

within each stratum

Notes: The Canadian Workplace data comes from a stratified sample in which the strata
are defined using previous tax records, which were not available at the data analysis step,
only inclusion probabilities and a covariate are available; this is the function that the z
variable is playing here — it is used to stratify the data and then it is lost to the analyst
so that we must rely on the relationship between the covariate and the weights to integrate
out the design information.

For illustrative purposes, a single realization of the simulation will be presented, and
then summary tables will follow. The tabled results include coverage rates for (nominally)
95% confidence intervals and mean-square prediction error for prediction across the finite

population of values. To begin, Figure 9 is a scatterplot of y vs. z.
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Figure 9: Scatterplot of y vs. x.

If one were to fit an ordinary least-squares regression line to this scatterplot, the following
fit would result. Compared with the weighted OLS fit (dotted line), there is visually very

little difference between the two fits.
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Figure 10: Scatterplot with weighted (red) and unweighted (black) fits.

Furthermore, standard residual diagnostics do not appear to raise any concerns about
standard model assumptions such as constant variance (notice the random scatter of points
seen in the residuals vs fits plot in Figure 11) and normally distributed errors (Notice that in
the normal probability plot in Figure 11 the theoretical and sample quantiles match almost

perfectly).
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Figure 11: Standardized residuals vs. fitted values (left) and normal probability plot of
standardized residuals (right)

However, the F-test for informative sampling strongly rejects the null hypothesis of non-

informativeness, as can be seen in the following partial output from R.

Model 1: y ™ x
Model 2: y ™ x * w
Res.Df RSS Df Sum of Sq F Pr(>F)
1 143 3171356015
2 141 2307974435 2 863381580 26.373 1.862e-10 *x*x*
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Following the analysis steps outlined in the applications section, we expand the model
to include sample weights and a sample weights by x interaction term, then smooth the
sample weights on = with a (weighted) Nadaraya-Watson smooth and combine the two fits.

In Figure 12 the nonparametric smooth is shown, along with the final semiparametric fit.
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Figure 12: Weighted Nadaraya-Watson smooth of sample weights on z (left), and the result-
ing semiparametric fit (right).
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In the simulation results that follow, prediction will be evaluated at the 0.01%, 1%, 10%,
25%, 50%, 75%, 90%, 99%, and 99.99% quantiles of the distribution of the x;. Below are
95% confidence bounds applied to the OLS fit and the semiparametric fit seen in Figures 10

and 12, with the nine prediction points marked by triangles.
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Figure 13: Confidence bounds applied to the semiparametric fit (left) and the linear model
fit (right), with prediction goals in red triangles.

The linear model confidence bounds fail to capture all of the nine goals except for the
third and seventh points in red; the semiparametric confidence bounds successfully capture
the first seven points. It will be seen later that the coverage rates for the highest two points
are very low, and this is not surprising as the points are on the extreme end of the = scale
and are far beyond the scope of the sample data for this realization.

The process described above is repeated 1000 times and the simulation results are com-
piled into the following tables. The prediction points, z,, are chosen to correspond to the
0.0001, 0.01, 0.10, 0.25, 0.50, 0.75, 0.90, 0.99, 0.9999 quantiles of the = distribution. The
mean square prediction errors are expressed as a ratio of the predictor to the semiparametric

method; thus values larger than one represent worse prediction.
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Table 2: Coverage Rates for 95% Confidence Bounds

xp | Semiparametric Model ~OLS
62 0.975 0.000
76 0.876 0.000
87 0.974 0.318
93 0.756 0.851
100 0.693 0.014
106 0.677 0.011
112 0.630 0.813
123 0.114 0.000
137 0.000 0.000

Table 3: Mean Square Prediction Errors

x, | Semiparametric Model ~OLS ~ WOLS
62 1.00 41.507 32.738
76 1.00 7.091  4.860
87 1.00 4.679  2.241
93 1.00 0.403  0.688
100 1.00 2.735  2.255
106 1.00 4.656  1.978
112 1.00 0.649  1.030
123 1.00 1.456 2.847
137 1.00 1.216 1.690

We can see from Table 3 that the semiparametric model shows significant gains in ac-
curacy at almost all points along the z domain. Furthermore, the confidence intervals have
much better coverage under the semiparametric model as seen in Table 2. Some noteworthy
items are that both models have very bad coverage at the 0.99 and 0.9999 percentiles, they
never capture the highest point, but this is much beyond the scope of a typical sample
data set, and also, even though the semiparametric model has 11% coverage for the 0.99
percentile, the OLS fit has no coverage, and this is still a difficult point to predict as it is
very high in the = range. Rather remarkably, the semiparametric model is able to capture

the points on the
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very low end of the x range with very good accurace, and coverage rates not very far from
95%, while the OLS fit again has no coverage at these x values. This may be because for
large values of x we see small values of the sample weight, and because of this the fit is
unable to adjust upward enough to capture those points. Regardless, for points inside the
range of the data we see reasonable coverage rates, although there is room for improvement,

and overall we see a huge gain in predictive accuracy.
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CHAPTER 4

CONCLUSION

Data from surveys can present unique challenges to analysts because of the sampling
design. Much of the traditional results seen in statistics rely on the data coming from a
random sample, which is almost never true in survey data by design. Due to this compli-
cation, reliable testing procedures for informative sampling are very important in practice.
The test proposed in this dissertation is widely applicable in practice, to effectively any prob-
lem involving a likelihood function, and shows robust behavior and high power compared to
competing tests. Under an informative design, there are two promising ways of adjusting the
analysis appropriately. Additional predictors may be included in the model that contain the
relevant design information, such as in the NHANES example, or we may be able to expand
the model with survey weights and integrate the weights out by modeling them as a smooth
function of model covariates. The second option is far from ideal. If we are able to include
variables that are of scientific interest and remove the design informativeness then our job
is made much easier. When this is not possible, our final option for estimation within the
model-based paradigm, is to integrate the weights out of the model. If we succeed in this
we can significantly reduce the design-induced bias in the model and improve our predictive

abilities.
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APPENDICES

Appendix A: Lemmas and Proofs

Lemma 1. If E[e | ¢, z] =0 then

@)

2)

Proof of Lemma 1. The condition that E[¢ | @, 2] = 0 ensures that the estimated re-
gression model coefficents are unbiased given & and z, so using the conditional covariance

formula and noting that fﬂ(w) is constant given Z and I we have

~ o~

B | ~ B -
Cov T.(x)| = Cov|E | X,Z,I| BT (2)| X,Z,I
7 7
B -
+E | Cov JTr(e) | X, 2,1
%
B-8 -
= E{E | X, Z,I| [T(x) —T(x)] p +0
¥
\ L
/ r —1
LTk
keU Zk
\ L
L ~
< | > enls | | X, Z,1)[Tx(x) = T(x)] p =0.
keU ZL
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Billingsley (1995) treats the following inequality as a trivial fact, but to be thorough here

it will be stated as a lemma and proved.

Lemma 2. For a random variable, X, with finite second moment,

E[min(|tz]?, [tz]*)] g/ |tx|3dP+/ tz2dP. (46)
{lz|<d} {lz|>d}

Proof of Lemma 2. In equation (46), equality holds when § = ¢!, since below this point

|[tx|? is the minimum, and above this point |tx|? is the minimum. That is,

E [min(|tz|?, [tz]*)] = /

{lzl<t=1}

tz>dP +/ |tz|*dP.
{la|=t=1}

Thus the sum on the right hand side is minimized by splitting the integrals at the point

d = t7! and the sum can only grow larger for any other choice of ¢.
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Lemma 3. Under B1-B5, forr > 1,

1 T —
WZK( h

icU

Proof of Lemma 3. For r > 1

() e -

%) ) = Do) [ Klwyrau+0 (1241 ).

K (m 0 y)’” L(y)f(y)dy + O <%)

= [ KT s sn oo (1)

=(/K FAD(E) @)+ [P(@)f ) + D) )
LRI P @)+ T @) + @) i +
1
()
= M@t [ Krduso ()

Lemma 4. Under B1-Bj

o (s (552)(2-1)]
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Lemma 5. Under B1-B/,

T _ 1 Z,_ZjeUK<%) % r—a;\ I
L(z) = D(z)+ e ZEZU [ S K () ] K< - ) -

o)

Proof of Lemma 5. Using a Taylor series approximation we have

By o oK) an
i Yo K(55) & b
1 ~ t1 ~ 1
= F<x)+g(tl_tl)_t_;(t2_t2)+0<N_h>
2
1 r—ux;\ I; 1
= - i —D(2)] K )=+ 0 (= ).
tQ;[Z (@) ( h )m—i_ (Nh)
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Lemma 6. Under B1-B/,

E [ﬁﬂ —T?4+2T'E

—

fﬂ-—F]—FO(ﬁ).

Proof of Lemma 6. Define

xr = R
Nh (t2 - t2)
and )
T+ ety
pole) = (222
T2 + §pt2
Then

1 = 1
—E[t,—t,)?*] =0 —
wiele =0 ()
for a = 1,2, by Lemma 4. Furthermore, fy(0) is bounded and continuous and has bounded
and continuous first derivatives by Lemma 3, and fy(x) has continuous and bounded first

derivatives by Lemma 4. Thus the conditions of Theorem 5.4.3 of Fuller (1996) hold for

a =1 and s = 2 and the result is immediate.
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Lemma 7. Assume B1 - B4, then

E {(FN@) - fN(g,-)ﬂ ~0 (ﬁ) |

Proof of Lemma 7. From Lemma 6 we can write

E |:<F({I}) - fﬂ(:c)ﬂ - E [ffr — o, + FZ]
— E [ffr] _9TE [f,r} + T2

~ 1 ~
= T2+ 2IE {FW+O <—) —r} —9TE [rﬁ] + 12

Nh
1
- O(N_h)'
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5.1 Appendix B1: Proof of Theorem 1

Proof of Theorem 1. Maximizing [,(0) with respect to @ is equivalent to minimizing the

convex function

— Zak[k In f (yk | @x; O + N_l/zu) + Zaklk In f (yx | zx; Oo) , (47)
keU kel

which is minimized at u = N/2 </9\a — 0()). The results then follow from Theorem 2.2 of
Hjort and Pollard (1993) and the given assumptions. Expanding the function about u = 0,

we have

— Zakfk In f (yk | @x; O + N_l/Q'u,) + Zakfk In f (yr | @x; 0o)

keU keU
81nf yk|wk;00+N’1/2u Uu
= - Zak]k: In f (yk | 1; 00) — Z ( ou )Ik;ak; \/——
keU keU uU=0 N
ul O*In f (y | wk;Ho—l—N_l/Qu)[ u
2V N — oudu _ VN
—I—Zakfk In f (yx | xx; 00) + 0,(1).
keU
Now taking derivatives with respect to w and setting to zero we have
1 ol x; 0 + N~12uy
0 = ——Zakfk nf(yk| k@ ° )
\/N keU u uU=0
1 O?In f (yi | Tk; 00 + N~2q)
N ai oudu™ u+ (1)
keU U=0

and thus by assumptions A4 and A5
u— NO,J,'K,J,")
in distribution, and

1
e Z ak[kD(yk, L, 00) —+ Op(l).

— VN0, —6,) = J,*
LT
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5.2 Appendix B2: Proof of Theorem 2

Proof of Theorem 2. Write ¢ = w when a = 1 and ¢ = 1 when a = w. Then by the expansion

of Theorem 1,

keU

T, = 2 {la <§a) —la (60) — @c - §a> > apliD(yy, ; 6o)
— (aa - 90) ZakaD<yk7 xy; 6o)

keU
ey pea el (o)
~ T *In f (yx | x;0) 5
_ (ec _ 9a> keZ[:]ak]k aegeT K ‘000 <9a _ 00)
~ 2 . ~
SICE >z i oa, )

_ N2 (50 B b\a)T (Ja N % Z al, 9% 1n ];(Oyak;ka, 0) '9_9 B Ja> 2 <§C B ga)

S 1 0 In f (yx | xx;0) )
_2N1/2 (00 _ 9@) (Ja + N Z als aeaeT ‘000 - Ja> N1/2 <0a - 00)
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Under the additional assumption A5, the remaining results (15) are immediate from (13)

and the distribution of quadratic forms in asymptotically normal random variables.
|

5.3 Appendix B3: Proof of Theorem 4 and Theorem 5

Proofs of Theorem 4 and Theorem 5. The proofs are identical to those of Theorem 1 and
Theorem 2, noting that as N — oo, 0, remains fixed and the vectors X y = [ |ker, Iy =

[Ix]ker grow exactly as in the non-bootstrap setting.

5.4 Appendix B4: Proof of Theorem 6

Proof of Theorem 6. Let z > 0 and € > 0 be given. Then

Pr [ Gin (z;aa) — Ly (2;00)| > ¢ 00}

= Pr Gyn (z;§a> — Ly (z; 90)‘ > €, ||§a — 0| < 9; 90}

+Pr Ghyn <Z;§a> — Ly (z; 00)‘ > €, ||§a — 6| > 6; 90}
< Pr Gpn (z;§a> — Ly (z;§a> > €/2, Hb\a — 0| <9; 00]

+Pr (| Ly (2:02) = Lo (2:00)| > /2,110, — 6]l < 560 + Pr [|8. — 6o]| > 56
< Pr| sup |Gy (2:0) — Ly (2;0)] > €/2; 6,

0.06-0,]
+Pr [ Ly (Z;§a> — Ly (z; 90)’ > 6/2;00] + Pr [||§a — 6| > 9; 00] .

By hypothesis, the first probability is zero for all N sufficiently large. The third term goes
to zero as N — oo because ga ER 6y. The second term goes to zero by consistency of @a and
continuity of L,(z; @) in 6, since the probabilities depend only on the eigenvalues, which are

continuous functions of 9.
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5.5 Appendix B5: Proof of Theorem 7

Proof of Theorem 7. Under the sequence of alternatives defined by

d
Hln:OSZOO‘I“_

VN

LL 7

the results in Theorem 1 will be identical for the subscripts; for the “1” subscript, the
Hjort and Pollard argument is expanded to allow the sequence of alternatives to converge to

the null:

=D D f (g | @i 00+ N™7V2u+ N7V2d) + ) Tiln f (ye | s 00+ N7V2d)

keU keU
= —Z[klnf (y | @x; o +N*1/2d)
keU
Z@lnf (i | ;00 + N~V 2u+ N- 1/2d)] u
_ . el
keU 8’11, u=0 \/N
u’ 321nf(yk |513k;90+N71/2u+N71/2d)I u
2vV'N o Judu® b o VN
+3 Ldnf (yi | @k; 00 + N72d) + 0, (N7
keU
Z@lnf (i | @00 + N~V 2u+ N- 1/2d)j u
e — k B —
keU au u=0 \/N
u’ 321nf(yk | 513k;90+N71/2u+N71/2d) u oy (N
_ — [0)
2v'N o Judu® F o N
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Now set the derivative with respect to w to zero, and expand both terms about d = 0 to get

_ 1 Oln f (yx | @4: 60 + N7/ ?u)
- N {Z ou i

keU u=0

ol 0y + N 1V2u+ N-1/24
+Z—7k£ n f (yk | 2100 + u + )
od ou

keU (u d =0
1 821nf(yk | wk;eg—l—N’l/Qu)
et ]k u
N ouou®
keU U=0
) 9?1n i 0+ N~ 2u+ N-12d d
_@ {Zlk f(?/k ’ k guaUT ) — +op(1)
keU d=0

1
—_—— ZIkD(yka Iy, 00) + Jld + J1U + Op(l),
VN

SO

1
u=J;'| — 1. D(yg, xp; 09) — J1d | + 0,(1),
1(\/Nkez[]k(ykk0) 1) P()
Thus, since u = \/N(al -0, = \/N(al — 0y) — d, the linearization from equation (12)

becomes

~ 1
N1/2(01 — 90) = J;l\/_w ZIkD(ylmmlm 00) + Op(l).

keU

The test statistics can be expanded in the same way as under the null hypothesis of

non-informative selection, so
T, = N0, — 0,)" J,N'*(0, — 6,) + 0,(1),

where ¢ = w when @ = 1 and ¢ = 1 when a = w as before. Under the alternative we have
that N1/ 2(5(; — 1/9\@) is a non-zero mean, normally distributed random variable. Specifically
it is mean d, and so using results for quadratic forms and positive definite matrices along
with limiting distributions of quadratic forms of non-central asymptotically normal random
variables (e.g. Hocking (2003)) we can establish the limiting distribution here. For notational

convenience, let T, = q7 J,q in what follows. We know that q is asymptotically normal with
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mean d and covariance I'. Next write
" J.q = q T2 1,12,
where ¢* ~ AN (I'~Y/2d, I). Then
g ITT2 ] T2 q" = ¢~ PTTT/2J, T2 Pg™,

where P is an orthogonal matrix of eigenvectors of I'7/2J,I'V/? and ¢** ~ .A./\/'(PI‘_l/zd7 I).

Finally, letting A be a diagonal matrix of eigenvalues of T''/2J,I''2 we have
qTJaq — q**TAq**,

and by definition 16.2 of Hocking (2003), and recalling that P is orthogonal, we have that

p
L
Ta — Z)\anZ(l;éj)7

J=1

where \,; are the eigenvalues of T7/2J,T'V? and §; = [PT"'*d);, the j* element of
P 'd.
|

5.6 Appendix B6: Proof of Theorem 8

Proof of Theorem §. The information in the unextended model is

. iy |T;B.L) 1 0% Inl(yx | Z1;3.8)
N ZkEU — N EkEU By v

' B 8,68ﬁT 8/686 _
HXB8) = iy Pmie@eBE) 1~ 2 niwTBE) B
N 2ukeU o€op3 N kel 0€oE"

Under the assumption that the derivatives in the extended model with respect to < cor-

respond to weighted versions of the derivatives with respect to 3, (A7), we can write the
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information in the extended model as

Z(X7WX7/67£77)|'Y=0

82 Inl(y |1 3.6) 0% In1(yi | T 3.6) 02 Inl(y,|Ts;3.6) |
I I T

1 92 InI(y|1:3.8) 02 In l(y|,,:3.€) 92 1n I(y|1:3.£)
— _ Zk Yk kN> Z Yk I;"’ ) Z wk Yk l;—: )
N eU 35513 keU o€k keU okop3
92 In (x| X1;3.8) 92 nl(ye|Zi;0.) 20 Inl(ys| T 0,8)
I > ker Wk agaﬁkT > ker Wk a?gagT > kev Wk aga,@kT |
. o > mi(x;3.8)Q 1 2 nl(xy;3.€)

Lettlng a, = N ZkGU T’kw, br =N ZkGU Tkw, and
d, = —% Y kev rkw, we can write the extended model information as

o€ok”

aq b1 Ay
I(X7WX7/37£77>|'7:0: b,{ dl bg

Ay by Q2

To get the limiting variance of v/ N(4 — 0) we will need the (3,3) element of
I Y(X,WX;B,€,7)|y=0- Denote the (3,3) element of the inverse by M,. To obtain this
inverse we will treat the matrix as a 2 x 2 block matrix and use the standard block matrix

inverse result. Recalling that the top left 2 x 2 block is J, we have

-1

Qo
M4* Q2 |:Clw bw:|J1_1 )
bT
where
S {ay — byd; '}t —{ay — byd; '} oy dy !
=
—dl_lb?{al — bldl_lb{}il {d1 — blal_lb?}il
So,
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M, = {au — ap(a; — bid7'b7 ) tay, — bud bl (a1 — bid'o7) " ay,
— agp(ay — byd; b7 ) T tord TE + by (dy — bl aythy) L)
= a2 — awVﬁlaw — 2bwd1_1b1TVﬁlaw + wailbg}_l

Now the limiting variance of VN (83, — 3,) is needed. To obtain this we will need the

(1,1) element of J,'K,J,' — J;' computed from the original model. This results in

(T KoJ,' = I o = {aw — budy b} awe{aw — budy bl
~{ = budy ' bEY by d i 0T { Gy — bypd, 0L} !

—{ay — budy WY 0L, d 0 {ay, — bydy oL}
+{aw — bud bV by d dye d 0T {ay — bydy 'bEY !
—{a1 = budy oy}

= {aw — bpdy, b5} awe — 20,dy 0L, + bydy, dyedy, b
x{ay — bpd b2}t — {ay — bid; T} =Ty

It remains to find a 1-to-1 relationship between the limiting distributions of v/ N (4, — 0)
and VN(B,, — 8,), which are

VN(#, —0) 5 N(0, M)

and

VN, — B1) 5 N(0,T1,).

In general, there is no obvious or simple transformation linking these two distributions.
However, since M4 and I'y; are symmetric and positive definite, in general, the transforma-

: 1/21—1/2 :
tion M4/ I‘H/ can be used since

]\}gnoo Var (Mlll/2rl_11/2\/ﬁ<léw - Bl)) - MZ/QI‘l_lT/2I‘11F1_11/2M}1/2 = M4
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5.7 Appendix B7: Proof of Corollary 9

Proof of Corollary 9. If the maximum likelihood estimates for 3 and & are asymptotically
uncorrelated then the expected double partial derivatives with respect to B and & are zero,

thus b, = 0. The limiting variances from Theorem 8 become
M, = {a,2 — apaita,} ", (48)
and
Ty =a, aea,’ —a’. (49)

The one-to-one transformation linking these distributions is straightforward in this case. The

transformation is {a,2 — awa; 'a,} " 'a, since

]\}1_1)1;0 Var <{aw2 - awaflaw}ilaw(éw - Bl))
= Jaw — awaytayy taw{ay ayeayt — ay Yap{aw: — awayta,}
= Aay: — apaytay} Haw: — awaytayHaw: — apayta,} !

= Hay: —apayta,} "t

5.8 Appendix B8: Proof of Theorem 10

Proof of Theorem 10. It follows from the Cramér-Wold Device that if Al(fw(a:) —I(x)) +
T

A7 ,@ -8, Y-~ converges in distribution to a univariate normal distribution for

every A1, Ag such that at least one is non-zero, then the desired joint asymptotic normality
holds.

To establish joint normality, we will show that the characteristic function for

1 1 tl r — T ]z T Z;
— 1Y N |- S K 1)+ )0 ue
\/N ieU 1t2 |:Z t2:| ( h ) (Wi ) " ? )

€U Zi
converges to the characteristic function of a normally distributed random variable. The first
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term in the sum above comes from the linearization of Ty () from Lemma 5

Denoting the characteristic function for the above expression with the subscript T, and

T
letting )\1752_1 [zz — tz_ltl} K (:’“~ ’“) = g1; and )\ < T, 2z ) = ¢9;, we have

o = el S () b ]
= E_exp{ ;glk(]’“ >}E[exp{\/_kezl]g2k5kfk}

= E[A{pR(tIn) — ¢(t)}] + EApg(t).

Lk, 2k, Ik]]

= E[AE[B|X,Z,I)] =E [Apy(t; In)] = E [A{eR(t In) — 5(t) + 05(1)}]

Here, pp denotes a normal characteristic function. It remains to prove that o¥(¢; In) —

¢p(t), and then application of the dominated convergence theorem will yield the desired

result.

The following argument closely follows those in section 27 of Billingsley (1995) on asymp-

totic normality of sums of independent but not identically distributed random variables. Per

the Billingsley arguments, the following three inequalities will be needed:

(i) For complex {z,} and {w,} of modulus at most 1

n n
[T [T
i=1 =1

< Z |2i — wi
i=1

(i) e — (1+ iz — 32%)| < min{|z[?, §l2[*}

(ili) For real = such that |z| < 1/2,

ef—-—1—-ax<uzx

The following Lindeberg condition is also needed:

ZkeUN 193,021}, £ ZE{ RO L gy SR T e T
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as n, N — oo, for all t > 0.
Now, @X (t; In) = [Tyer 0= (EN V2920 0y) = [Ticp E [exp{it N~ 2gorer Iy |@n, 2k, Ir}], and
the goal is to show that this product of characteristic functions converges to a normal char-

acteristic function. For each k,

2

_ . _ t _
(AN g Iy) = 1+ itE [N gopep Iy |y, 21, In] — §E [N g3 |, zi, I) + o(t?),

and by inequality (ii),

t2
exp{itN "2 goper i} — (1 +itN 2 gaper Iy, — §N_19§k521k) ‘

S min(]thl/ngkgkaP, ’tNil/ngkEk[kP).

Thus, by dominated convergence and Lemma 2, we have for 6 > 0

t2
(ps(tNil/Qggk]k) — (1 — §N1g§k(72]k)

< E [min(|tN_1/Qggk5ka|2, |tN_1/292k6k]k|3)|mk7 ZL, Ik]

< E |:|N_1/2tg2k€k‘[k‘31{|5k1k‘<5}‘mk’ 21, I

+E [NV tgpen i Ljeproi>61 | Thes 20 L]
S|tPN~1g3,0° I + °E [N " tg5 e i L {|ep a2 [Tk, 2k, I -

IN

It follows by our assumed Lindeberg condition that

>

keU

< > {OtPNT go I + £°B [N tg3et Pl e, 1557) | — 0.
keU

_ U
gDa(tN 1/292k[k) — (1 — EN 19%1@‘71%[1@’)

This fact, combined with inequality (i) gives us the following relationship:

- o
H 0. (EN"Y2gy. 1) — H (1 — EN 1g§kailk) ‘

keU keU

t2
< S foen ) - (1 Gt )| ot (50
keU
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For N sufficiently large, inequalities (i) and (iii) along with B5 also imply that

U t?
[ exp {_EN 1ggk02[k} -11 (1 -5 N” ngaka)

keU keU ‘

t? t?
< Z exp {—EN_lggka%k} — (1 — 5]\7 g%aklk)‘

keU
t4 4 4
< Z En- ngo“fksT“%:o(l)- (51)
keU

Combining (50) and (51) we have

t2
H p(IN"Pgo ) = H (1 - §N_19§k01%]k) +o(1)

keU keU
t2
= H exp {—EngngQIk} +o(1)
keU
= H (AN g 1) — exp {——1\}131 N~ ZQ%U Wk}
keU > keU

as N — oo. This establishes the convergence of & (t; I'y) to pg(t), and so by dominated

convergence and assumption B5, we have that

E [A{ox(t: In) — op(t)}] + E[App(t)] = wa(t)es(t),

where ¢ 4(t) is the characteristic function of a normal random variable. This follows because
A{B (6 Tn) — ()} < A8 (5 In) — en(D}] < {9l (6 Tn) — p(t)}] < 2 implies that
E [A{p5(t; In) — ¢p(t)}] — 0, and assumption B5 implies that E [A] () — a(t)ep(t).
Thus since 4 (t)pp(t) is the product of two normal characteristic functions, the result is

proved.
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5.9 Appendix B9: Proof of Theorem 11

Proof of Theorem 11. Since the leading term

1 1
_>

N\ 2 o 29
o (S K (52)2) e (S K (52))

as N — oo, we focus on the remaining sum, which is

1 ~ r — T; ~ xr—X; 7Ti'—7Ti7T'[iI'
WZ[%—F(@]K( . ){yj—r(@]f(( hﬂ) IR,

i.j€U

and show that this converges to its target. For compactness of notation, let K (%) =K;

in what follows. Write

n ~ ~ Ao L1
BIY |- @) K |z - T@)| K=
N Z 5= Da)| K |5 —T@)| K22
= >[5 = T(2)] K[z — T'(2)] Kj—
p T
i,j€U
__n & N Ay 1
= ot |2 |5 - T@)] K5 - T(@) It
i,J€U
Aoi (LI — 7
—T(2)] K; [z — D)) K;—L (22T
b Y b T Kl — T 2 ()
i,j€U
Ay LI
=D la - D@ K[z — D)) K —4
- TG Ty
1,j€U
n ~ ~
= B | 2 {5 - T@)] K 2 - T@)] £ — [ - T@) K[z~ T@) K5 }
i,J€U
By L
7'('1'71']' 7Tij
Ay (LI — 7
=Y [z~ T(2)] K; [z — T(2)] K;—~ ( ’ WJ)'
- T4 T4
1,7€U
n n n

94



Now

NQhQE |AN| = ——E

IA

2nmax;z; | A N m
AZN* AN

S (21— D)2 K2 Siew B (D) = T(@))?] K;}

- Nh Nh

—_—N— TN

AZAT AN Nh

- oo () o00(5) o)

by Lemma 7. Next write

+% (Qn max;z; | Al N om ) Y v E |:(F(x) _ f(x))ﬂ K2

2
_E B2] — P Ay Ly
N4 [ } N4h4 [ )] l[Z] ([L’)] ]ﬂ'iﬂ-j T } ]
2 K? 2 o2 Aik
- Z [Z’ —D(@)]” K7 [z — D(2)]” K
ke " T Tk
2 Akl
Z Z K [Zk - F(w)] Kk [Zl — F(:E)] Kl—
T
i€U kL
xE {I' — i ey — sz]
T Tl
Aij Akl
N4 ! Z Z T 7Tk7Tl 7 — D(@)] Ki [z — D(2)] K [z, — T'(2)]
i#j k#l
x Ky, [z — T'(2)] KiE {Ii]j — My Akdy — T
Tij Tkl

= blN + b2N + b3N‘
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Addressing the individual pieces we have

)
bin < N4h4)\3 Z K;
ieU
n? max;z; |A;]
+ N4h4])\4 ’ Z K} (2 7= F(I>>2KJ2
i#£]

n? n? max;z; |A;] 4ot
< (N4h4/\3 + N4h4i\4 - ) Z(Zz —T'(2))°K;

€U
1 1
= 0 (_Nh?’) +0 <—N2h3) —0

as N — oo by Lemma 3. Next write

n?(maxiz; |Ay|)? )4K ;
bsn =< H3 M \*2 i S kgD |E[(id; = mij) (L Ly — )] | g{;

1
as N — oo by assumption A3 and Lemma (3). By the Cauchy-Schwarz inequality, boy — 0

as N — 00, so nN2|By| — 0 as N goes to infinity.
|

5.10 Appendix B10: Proof of Theorem 12

Proof of Theorem 12. Write

E [{ji(2) - u(@)}*]n? = Var(ji(z)) = Var (2B + I75)
= [Var ( TB) + Var (I‘T > + 2C0v( TB,fZ’?)]
= {O(n™) +O((Nh)™) + O((nNh) ")} — 0,

as N — oo. Further justification for the final line above is as follows: from standard least-
squares regression results, (B — 3) and (§ — v), are both O,(n~%/2), and thus, Var <B> =

96



O(n~1). Furthermore, (fﬂ(x) —T(z)) is Op((nh)~1/?) by Lemma 7, so

T

Var (F75) = E|T737] ~E L] Bf
= (Var (Ty) + B |T] ) (var (3) [
= Var (F )Var( )—I—E[FW] Var (¥) + Var (fw
o0 2) o) o)
Finally,

~ ~ EN 1
Cov (a:TB, Ff’?) < Var?(£"g)Var/*>(T1q) = 0 (—) @) (—)

1 Vn
N O( nNh>'
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