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SEMIPARAMETRIC LIKELIHOOD RATIO INFERENCE
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Likelihood ratio tests and related confidence intervals for a real pa-
rameter in the presence of an infinite dimensional nuisance parameter
are considered. In all cases, the estimator of the real parameter has an
asymptotic normal distribution. However, the estimator of the nuisance pa-
rameter may not be asymptotically Gaussian or may converge to the true
parameter value at a slower rate than the square root of the sample size.
Nevertheless the likelihood ratio statistic is shown to possess an asymp-
totic chi-squared distribution. The examples considered are tests concern-
ing survival probabilities based on doubly censored data, a test for presence
of heterogeneity in the gamma frailty model, a test for significance of the
regression coefficient in Cox’s regression model for current status data and
a test for a ratio of hazards rates in an exponential mixture model. In
both of the last examples the rate of convergence of the estimator of the
nuisance parameter is less than the square root of the sample size.

1. Introduction. Inthe past decade considerable progress has been made
with the study of maximum likelihood estimators in infinite dimensional sta-
tistical models, sometimes called nonparametric maximum likelihood estima-
tors (NPMLE) or semiparametric maximum likelihood estimators. See, for
instance, Gill (1989) or van der Vaart (1994a) for reviews of work in this direc-
tion and Gu and Zhang (1993), Huang (1996), Murphy (1995a), Van der Laan
(1993), van der Vaart (1994c, 1996), Gill, van der Laan and Wijers (1995),
Huang and Wellner (1995) and Wijers (1995) for more recent results. Most
of this work is directed at proving the asymptotic normality and efficiency
of the maximum likelihood estimator of smooth parameters of the model. In
contrast, very little progress has been made toward a general likelihood ratio
theory for semiparametric models. Here the term ‘semiparametric model’ is
used in a loose sense as a model which is not finite dimensional (as in classi-
cal statistics), nor fully nonparametric [cf. Bickel, Klaassen, Ritov and Wellner
(1993), pages 1-2]. In this paper we give a general approach for the asymp-
totic analysis of hypothesis tests and associated confidence regions based on
the (semiparametric) likelihood ratio test.

The results of this paper can be viewed as a step in filling the large gap be-
tween classical parametric likelihood ratio theory and empirical likelihood as
considered by Thomas and Grunkemeier (1975), Owen (1988), Qin and Law-
less (1994) and Murphy (1995b) among others. These authors are concerned
with the situation where the model for the data is fully nonparametric, in the
sense that it contains every possible probability distribution on the sample
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space, or is restrained by finitely many constraints [as in Qin and Lawless
(1994) if r > pl. Each time the “likelihood” is taken as the product []; P{X;}
of the masses given to the observational points, referred to as the empirical
likelihood. Qin (1993) and Qin and Wong (1996) extend the above theory to
specific semiparametric models. However, in all of the above cases, the likeli-
hood ratio statistic reduces to a function of a vector statistic (often a Lagrange
multiplier), simplifying the asymptotic analysis greatly. General semiparamet-
ric models, of the type we consider in this paper, appear to require a different
approach. For example, this simplification will not occur in the mixture model
considered by Roeder, Carroll and Lindsay (1996) in which they invert a like-
lihood ratio test to form a confidence interval for a regression coefficient.

In the classical parametric case likelihood ratio confidence regions are gen-
erally preferred over Wald-type confidence regions, except perhaps from a
computational perspective. Advantages mentioned by many authors are small
sample coverage probabilities closer to the nominal values, the possibility of
asymmetric confidence regions and regions that are transformation respect-
ing [Hall and La Scala (1990)]. Although we do not give a proof in this paper,
many of these advantages may be expected to carry over to the semiparamet-
ric situation. This appears to be particularly the case when the small sample
distribution of the estimator is highly skewed. A concrete example in the non-
parametric setting is in the construction of confidence intervals for a survival
probability based on the Kaplan—Meier estimator. The Wald confidence inter-
val for a survival probability performs poorly and much work has been done on
finding a transformation of the estimator which has an approximate normal
distribution for small samples [Andersen et al. (1993)]. In this case inversion
of the likelihood ratio test as in Thomas and Grunkemeier (1975), Li (1995)
and Murphy (1995b) illustrate how the resulting confidence intervals perform
as well as confidence intervals based on widely accepted “best” transforma-
tions of the estimator. In their comparison of empirical likelihood confidence
intervals with bootstrap confidence intervals, Hall and La Scala argue, that
in situations in which both methods can be applied, the empirical likelihood
confidence intervals are to be preferred to bootstrap confidence intervals. They
state that “the power of the bootstrap resides in the fact that it can be applied
to very complex problems and this feature is not available for empirical like-
lihoods.” Usually inference for semiparametric models is a complex problem;
however, as we shall demonstrate, likelihood ratio inference will, in general,
be available.

The traditional advantage of a Wald confidence interval, ease of computa-
tion, does not appear to be valid any more due to the computational difficulty
of estimating asymptotic variances. In general the asymptotic variance of in-
finite dimensional maximum likelihood estimators is not given by a closed
formula, or even an expectation of a known function, but can only be char-
acterized as the variance of the efficient influence function. The latter is the
solution of an infinite dimensional minimization problem and its computation
may require the inversion of an infinite dimensional operator. Even in a dis-
cretized form, for instance at observed data points, the inversion may still
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involve inverting a matrix of high dimension. This is true, for instance, in
the semiparametric frailty model considered by Nielsen, Gill, Andersen and
Sorensen (1992) and Murphy (1995a), where estimators for the standard error
of the estimated frailty variance are found by inverting a matrix which is of
the same dimension as the data.

Furthermore, in cases where the efficient influence function can be written
down relatively explicitly, the estimation of its variance may involve nonpara-
metric smoothing. This means that the researcher must deal with the difficult
choice of a smoothing parameter. This is the case in estimating the regression
coefficient in Cox’s regression model subject to current status type censoring,
considered by Huang (1996), where the efficient influence function depends on
a ratio of conditional means.

For the above reasons setting Wald-type tests and associated confidence
regions in semiparametric models may be computationally harder than in
the classical situation, where one can use a plug-in estimator based on an
expression for the Fisher information or the observed information. Therefore,
due to the expected gain in quality, likelihood ratio based inference appears
doubly attractive in semiparametric settings.

The definition of a likelihood ratio statistic requires the definition of a like-
lihood function. In classical parametric models this is the density of the ob-
servations, while empirical likelihood theory uses the product [] P{X;}. We
do not offer a general definition of an infinite dimensional likelihood function
in this paper. In some examples the observations have a well-defined density
and a likelihood is defined much as in the classical situation. In other ex-
amples one uses the empirical likelihood (which, however, is maximized only
over the model). Mixtures of these situations occur as well in the literature
and in some missing data situations a “partial likelihood” appears appropri-
ate. Some of these possibilities are illustrated in our four examples. With this
formulation a semiparametric likelihood estimator is not necessarily discrete
(although it can often be taken to be discrete) and it is often not supported on
the observed data. Restricting the estimator to a null hypothesis may intro-
duce new support points.

We consider the situation that the observations X, ..., X, are a random
sample from a distribution P, indexed by a parameter ¢ that is known to
belong to a set V. Given a parameter (map) #: ¥ — R and a definition of
a likelihood lik(y, X)) for one observation, the likelihood ratio statistic for
testing the null hypothesis () = 6, is given by

Irt,(6y) = 2<sup Xn: Inlik(y, X;)—  sup i In lik (¢, Xl))

US| peV, 0(P)=0 =1

= 2nP, Inlik(y)) — 2nP, Inlik(J,).

Here P, is the empirical distribution of the data and ¢y and i, are the maxi-
mum likelihood estimators under the full model and the null hypothesis, re-
spectively. In the first example ¢ is a distribution function F' and 0(¢) = F(¢;)
is its value at a fixed point. In the remaining three examples the parameter
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¢ takes the form ¢ = (6, A) or = (0, F) for an unknown cumulative hazard
function A or distribution function F' and 6(¢) = 6.

For simplicity we restrict ourselves to one-dimensional parameters 6. Then
we wish to prove that under the null hypothesis the sequence Irt,(6,) con-
verges in distribution to a y2-distribution on one degree of freedom. Having
proved this for every value of 6, the region {6: Irt, () < 22 /o) 18 the associated
confidence region of asymptotic level 1 — a.

The organization of the paper is as follows. In Section 2 we present four
rather different examples for which we discuss the meaning of the likelihood
and state theorems on the likelihood ratio test. The examples include the
double censoring model considered in Chang (1990), regression for current
status data considered by Huang (1996), the gamma frailty model of Murphy
(1994, 1995a) and a mixture model studied by van der Vaart (1996). Section 3
starts with a discussion of the finite dimensional situation to gain intuition
and next gives a general approach to prove the asymptotic validity of the
semiparametric likelihood ratio test. The basic scheme given by Theorem 3.1
leaves some nontrivial work for special examples. However, our impression
is that it works in the situations where also the asymptotic normality of the
maximum likelihood estimator of the parameter of interest can be proved. The
last sections contain detailed treatments of our four examples.

2. Examples and results. This section contains four examples. For each
example we give the definition of the likelihood and state a theorem on the
likelihood ratio statistics. Proofs are given in Sections 4-7.

ExXAMPLE (Doubly censored data). Doubly censored data arise when event
times are subject to both right and left censoring. The event time T is observed
only if it falls between the left and right censoring times, L and R. Otherwise
all that is observed is L and that 7" < L in the case of a left censoring or
R and that T > R in the case of a right censoring. It is assumed that T
is independent of (L, R) and that L < R. Thus the observations are n i.i.d.
copies of X = (U, D), where U=Land D=1if T <L, U=Tand D=2 if
L<T<RandU =R and D=3ifT > R. If G; and Gy are the marginal
distributions of L < R and F the distribution of T, then, with lowercase
symbols denoting densities, the density of X is given by

pr(X) = [FO)g,(O"P=1[F(U)G, — Gr)(U-)"tP=*
x [(1 = F(U))gp(U)]"P=.

When F is completely unknown, the above density is not suitable for use as a
likelihood. Instead we use the empirical likelihood Pr{X}, which is obtained
by replacing the densities g;, f and gy by the point probabilities G;{U},
F{U} and Gr{U}. For inference about F we can drop the terms involving G,
and G and define the likelihood to be

lik(F, X) = [FU)]"P=Y ARU)!P=3[1 — FU)HP=3),
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We maximize the above “likelihood” over discrete distribution functions with
steps at the U’s. The parameter of interest will be 6(F) = Fg = [ gdF for
some known function g of bounded variation. Of particular interest is g(¢) =
1{¢ > ¢y}, which leads to a confidence set for 1 — F(%;), the probability of
survival longer than ¢,. The concavity in F' of the density in X along with
the continuity of 6 in F implies that the confidence set will be a confidence
interval (see the Appendix).

We shall prove the following theorem. (Note that ~~ denotes convergence in
distribution throughout this paper.)

THEOREM 2.1. Suppose that (G, —Gr)(u—) = P(L < u < R) is positive on
the convex hull [o, 7] C [0, 00) of the support of F,. Furthermore, assume that
F,, G, and Gy are continuous, with G;(7) = 1 and Gg(o—) = 0. Let g be a
left continuous function of bounded variation which, on [o, 7], is not F-almost
everywhere equal to a constant. If Fyg = 6, then the likelihood ratio statistic
for testing that Fg = 0, satisfies Irt,(6y)~ x? under F,,.

The asymptotic consistency and normality of the unrestricted maximum
likelihood estimator in this model was proved under stronger conditions by
Chang and Yang (1987), Chang (1990) and under weaker conditions by Gu
and Zhang (1993).

ExAMPLE (Cox regression for current status data). In current status data,
n subjects are examined each at a random observation time and at this time
it is observed whether the event time has occurred or not. The event time T is
assumed to be independent of the observation time Y given the covariate Z.
Then the observations are n i.i.d. copiesof X = (Y, 6, Z), where 6§ = 1if T <Y
and zero otherwise. Suppose that the hazard function of T' given Z = z is given
by Cox’s regression model: the hazard at time ¢ is e’?A(¢). Then the cumulative
hazard at time ¢ of T’ given Z = z is of the form e’ [ A(s)ds = e’*A(t) and
the density is given by

Po.A(X) = (1 — exp(— exp(0Z)A(Y)))’ (exp(— exp(6Z)A(Y))) ° fV-2(Y, Z).

The parameter of interest is the regression parameter 6; the nuisance param-
eter A is assumed completely unknown. A test of regression would be a test
of Hy: 6 =0.

The likelihood lik(6, A, X) is taken equal to the density, but with the term
fY:%2(Y, Z) omitted. To estimate § and A we maximize the likelihood over 6
in a bounded parameter set ® C R and over A ranging over all nondecreasing
cadlag functions taking values in [0, M], for a known M.

We shall prove the following theorem.

THEOREM 2.2. Let 6, be an interior point of ®. Let Y have a Lebesgue den-
sity which is continuous and positive on its support [o, 7] for which Ag(o—) > 0
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and Ay(7) < M, and zero otherwise. Let A, be differentiable on this interval
with derivative bounded away from zero. Let Z be bounded and E var(Z|Y) >
0. Finally assume that the function h** given by (5.1) has a version which is
differentiable with a bounded derivative on [o, 7]. Then the likelihood ratio
statistic for testing H,: 0 = 6, satisfies Irt, (0y)~ x3 under (6,, Ay).

The asymptotic normality of the maximum likelihood estimator for 6 in
this model is considered by Huang (1996). The maximum likelihood estimator
for the cumulative hazard function converges at an O(n~'/3) rate in an L,-
norm. Under the hypothesis Hjy: # = 0 this model reduces to the “case 1
interval censoring” considered by Groeneboom (1987), who obtains the limit
distribution of F,(¢) for the distribution function corresponding to A, (with
an n~!/3-standardization). See Groeneboom and Wellner (1992).

ExXAMPLE (Gamma frailty). In the frailty model, subjects occur in groups
such as twins or litters. To allow for a positive intragroup correlation in the
subjects’s event times, subjects in the same group are assumed to share the
same frailty Z. In the one-sample problem, we observe n i.i.d. groups where
for a given group the observations are J and (T; AC;, D;) for j =1,...,d,
where T'; is the event time associated with the jth subject in the group, C;
is censoring time, D; = 1if T; < C; and J is the random group size. The
unobserved frailty Z is assumed independent of J and to follow a gamma
distribution with mean 1 and variance 0. Given J, (C;, j = 1,...,dJ) is
assumed independent of both Z and (T';, j=1,...,dJ). Given Z and oJ, the
(T, j=1,...,J) are independent, with hazards ZA(-), j=1,...,d.

Put N(t) = > ;I{T ;AC; <t, D;=1}and Y(¢) = > ;I{T;AC; > t}. So the
observation for a group is X = (N, Y). For our statistical inference we shall
only use the values of this counting process on a given finite interval [0, 7].
Since the censoring is independent and noninformative of the Z, we have that
given Z = z, the intensity of N at time ¢ is zY (¢£)A(¢) and the conditional
density is proportional to

PA(XIZ = 2) = [[Y (OAD)NO exp{—z [ YdA},

t<t

where A(-) = [jA(s)ds. [See Andersen et al. (1993), pages 138-150, and
Nielsen, Gill, Andersen and Sorensen (1992).] To form the marginal density
for a group multiply by the gamma density of Z and integrate over z to get

[T ((1L+ ON(¢t=))Y (£)A(2))AN®
(1+ 6 [y Y(¢)dA(2)V/0+N ()

pe,A(X) =

When A is unknown, the associated likelihood has no maximizer. A convenient
extension is

Mieer (14 6N (=) Y (£)AA(2))* N

(146 7 Y (£)dA(e) "N

(2.1) lik(0, A, X) =
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This is not the only possible extension [see Andersen et al. (1993) and Murphy
(1995a)]. We are particularly interested in an hypothesis test of zero intra-
group correlation, that is, Hy,: 6 = 0.

The likelihood is also well-defined for negative 6 close to zero, even though
0 can then not be introduced through a gamma variable as previously. We
define the likelihood ratio statistic and the maximum likelihood estimators
relative to the parameter set consisting of 6 ranging over the interval [—&, M]

for a small £ > 0, and A ranging over all finite nondecreasing functions on
[0, 7].

THEOREM 2.3. Assume that 6, € [0, M) and that A, is continuous, strictly
increasing and finite on [0, 7]. Furthermore, assume that J has finite support,
PO[UJJ»ZI{Cj > 7}] > 0, and that the distribution of (C;, j=1,...,J) has at
most a finite number of discontinuities. Then the likelihood ratio statistic for
testing H,: 0 = 0, satisfies Irt, (0o)~ x5 under (6,, Ay).

The maximum likelihood estimator (6, A) for this model was shown to be
asymptotically consistent and normal by Murphy (1994, 1995a) under slightly
more general conditions.

ExAMPLE (Mixture model). This is another version of the frailty model.
The group size is 2. As before, we allow for intragroup correlation in the
event times by assuming that the pair share the same unobserved frailty
Z. Given Z, the two event times 7'; and Ty are assumed to be independent
and exponentially distributed with hazard rates Z and 6Z, respectively. In
contrast to the gamma frailty model, the distribution F of Z is a completely
unknown distribution on (0, o). The observations are n i.i.d. copies of X =
(T, Ty) from the density

po, p(X) = /zexp(—le) 0z exp(—0zTy)dF(z).

We use this as the likelihood lik(6, F', X) and are interested in a confidence
set for the ratio 0 of the hazards and testing that this ratio equals 1.

THEOREM 2.4. Suppose that [(z2%+ z755)dF((z) < oo. Then the likelihood
ratio statistic for testing H,: 0 = 0, satisfies Irt, (0y)~ x5 under (6,, Fy).

The maximum likelihood estimator for 6 was shown to be asymptotically
normal by van der Vaart (1996). The maximum likelihood estimator for the
distribution function F' is known to be consistent from Kiefer and Wolfowitz
(1956). Van der Vaart (1991) proved that the information for estimating F(t)
is zero, so that the rate of convergence of the best estimators is less than the
square root of n. A reasonable conjecture is that the optimal rate is n=* for
some « > 0.
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3. Intuition. Inthe case that the parameter ¢ is Euclidean a classical ap-
proach to derive the asymptotic y2-distribution of the likelihood ratio statistic
is to expand the difference

2nP,[In p;—1In pd;o]

in a two-term Taylor expansion around . The linear term vanishes and al-
gebraic manipulations involving the joint normal limit distribution of ¢ — i,
and o — ¢, yield the result. A more insightful derivation can be based on the
approximation

.1,
l‘l‘o 00
T 1 4
90 l‘/’o 60

(3.1 §— iy = ( + 8)(9 — 0y),

where 67,16, is the asymptotic variance of /n( — 6); i, is the information
matrix, 6, is the derivative of (i) with respect to ; and & converges to zero
in probability. If iy is multivariate normal and 6 is linear, then & = 0. More
concretely, if ¢ = (0, n) and 6(¢) = 6, then

A . 1. T,
(3.2) (0, )" = (00, M0)" = (L, =i Emgs, T €) (8= 6p),

0o

where the information matrix i, is partitioned into

: i9090 i00no
Ly, = (i i )
Mobo  “Momo

Under regularity conditions both (3.1) and (3.2) can be justified by Taylor
series arguments or by analogy to the case of a multivariate normal observa-
tion [cf. Cox and Hinkley (1974), pages 308, 323]. If, as in Cox and Hinkley
(1974), we neglect the error term &, then we can replace i, in the likelihood
ratio statistic by a constant times 6 — 6, and next perform a two-term Taylor
expansion in the one-dimensional parameter 6 — 6,. This yields the approxi-
mation

2nk, [ln Poy — In Py, ﬁ+(i:,énoi,,090)T((§—00)] ~ _n(é - 00)2 ]P)ng('; é’ ),

where £(-; ¢, 1) is the second derivative of the map ¢ — In p, A (i7L o) (=)
2 nono

The ﬁrst derivative of this function at § can be expressed in the score functions,
(E()’ @n), for (05 77) as

E(a éa l/;) = Zé - (i:yolnoinOGO)Téﬁ‘
By the usual identities the expectation of the second derivative should be mi-

nus the expectation of the square of the first derivative and, under regularity
conditions,

S0 A 7 . 1 - T 2_. . 1 -
—Pnﬁ(-, 0, lﬂ) —P Peo”flo (590 - (l oﬂolnogo) E”flo) = Loy60 — L0ymoLmgmoLmobo-
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This is exactly the (1, 1)-element of the inverse of i, , which is the inverse

of the asymptotic variance of \/n(6 — 6,). The chi-squared limit distribution
follows.

We might expect that, at least to the first order, the difference between the
full and null maximum likelihood estimator in our semiparametric setting
satisfies a generalization of (3.2). Then the difference is finite dimensional
(the dimension of 6), and a standard Taylor expansion in 6 can be used to
prove the asymptotic chi-squared distribution. For example, Murphy [(1995b),
equation (6) and the appendix] proves a result of this type for a likelihood ratio
test based on the binomial likelihood for right-censored data. There, 0 is the
probability of survival past time ¢, and ¢ is the cumulative hazard function
A, so that 6 = 0(A) =[], (1 — dA(s)). For ¢ < ¢,

J500/(Y (5) + A8y) dA(s)
var(y/n(6 — 6y)) + ¢

where Y (s) is the number of individuals who have not failed or been cen-
sored up to time s, divided by the sample size and both A and & converge in
probability to zero.

When ¢/ can be estimated at a square root n rate, then an analog to idjl exists
and (3.2) can be extended appropriately. This approach can be used in both
the gamma frailty and the double censoring examples. On the other hand,
in many semiparametric models, including our current status and mixture
examples, the nuisance parameter is not estimable at square root n rate. Then
an extension of (3.2) requires more care. Note for instance that (3.2) implies
that the difference 1 — 7, is of order O(n~'/2), often much smaller than the
differences 11— 7, and 1, — 7, (depending on the distance). In any case the two-
step proof focusing first on the difference 7 — 7y and next on expanding the
log likelihood requires careful choice of a norm in which the error ¢ is shown
to converge to zero, since semiparametric likelihoods often contain ill-behaved
terms.

In view of these potential difficulties our approach to proving the chi-
squared limit distribution of semiparametric likelihood ratio statistics will
be motivated by the approximation (3.2), but not based on it. Fundamental is
the observation that the submodel ¢ — Ptng—(i5, i o) (t=00) is least favorable
at (6y, m9) when estimating 6 in the presence of the nuisance parameter 7,
in the sense that of all submodels ¢ — p,, this submodel has the smallest
information about ¢. This information is precisely the asymptotic variance of
V(6 — 6;). Thus (1, —i*()lnoino(,o) is the least favorable direction of approach
to (6y, m9) when estimating 6 in the presence of the unknown 7. Approxima-
tion (3.2) shows that 7 approaches 7, approximately along the least favorable
direction.

The derivative of the logarithm of the least favorable submodel with respect
to ¢ at zero is called the efficient score function and takes the form

A(t) = Ag(t) = (6~ 6),

el T
geo - 690 (1'770"101"7090) ZTIO'



1480 S. A. MURPHY AND A. W. VAN DER VAART

The sequence 6 is asymptotically linear in this function in that
V(0 = 00) = VP, [T, 1/ (igy0, = TameEngmy inois) + 0P (D).

The efficient score function can also be seen to be equal to égo — CTZ% for the
vector ¢ that minimizes Py , (£, —cT¢, )2

The notion of a “least favorable submodel” has been extended to semipara-
metric models. Given a semiparametric model of the type { p, ,,: 6 € @, n € #},
the score function for 6 is defined, as usual, as the partial derivative with re-
spect to 0 of the log density. The efficient score function for 0 is defined as

Ze == ée - Héo,

where I1¢ minimizes the squared distance P, (¢—k)?* over all functions % in the
closed linear span of the score functions for 1. The inverse of the variance of
£, is the Cramér—Rao bound for estimating 6 in the presence of 1. A submodel
t — p;n, With ny =7 is defined to be least favorable at (0, n) if

~ J
gezi

Inp, ., .
It|,_g e

Since a projection II¢ on the closed linear span of the nuisance scores is not
necessarily a nuisance score itself, least favorable submodels may not always
exist. (Problems seem to arise in particular at the maximum likelihood es-
timator (6, 1), which may happen to be “on the boundary of the parameter
set.”) However, in all our examples a least favorable submodel exists or can
be approximated sufficiently closely.

In the case that the parameter ¢ does not factorize naturally into a param-
eter of interest # and a nuisance parameter, an efficient score function can be
defined and calculated more elegantly in the following manner. (We use this
in the example of doubly censored data with 4 = F the distribution function
and 0§ = Fg.) Assume that score functions for the full model can be written in
the form

21 Inpy ()= t,h0),
t=0
where h is a “direction” in which ¢, approaches ¥, running through some
Hilbert space H, and ¢,: H — Ly(P,) the “score operator.” [In the example
of doubly censored data H is the set of all functions in Ly(F') with mean Fh
zero.] Furthermore, assume that the parameter 6: ¥ — R is differentiable in
the sense that, for some 6, € H,

d | .

7] _

.00 = (o B
Then the Cramér—Rao bound for estimating 6(¢/) equals
(60> h)?//

(3.3) sSuUp — .
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This supremum can be given a more concrete form by introducing the adjoint
operator ¢y: Ly(P,) — H, which is characterized by the requirement

P,(t,h)g = (¢,h, g)Pw =(h,t,8), forevery he H, ge Ly(P,).
With this notation the efficient influence function for 6 is defined as the ele-
ment g, of the closure of ¢, H such that

E:z,go == 60.
If gy can be written in the form ¢, A, for some A, € H (it cannot always), and

the “information operator” ¢, ¢, is invertible, this readily yields the represen-
tation

(34) go - Ewho, hO - (£z€¢,)7100

In this formulation the variance of the efficient influence function g, is the
Cramér—Rao bound for estimating 6; the inverse of this variance could be
defined as the information about 6. Thus g, corresponds to ¢,/ var{, in the
case that ¢ = (0, n) is partitioned. The direction A, is the least favorable
direction in H; the derivative of the logarithm of a least favorable submodel
t — py,,intatt =0 is equal to £, with

B (€5,L,)7 0,
(0o, (%%)_190) W

Note the similarity to (3.1). The Cramér—Rao bound for the submodel in the
least favorable direction gives the supremum in (3.3).

3.1. A general theorem. In this section we discuss our approach toward
obtaining the asymptotic distribution of the likelihood ratio statistic, which is
partly motivated by the preceding discussion. Of course, for any ¢ and any

tho € Vo = {y: () = 6},
> 2nP, (Inlik(F) — Inlik(fy)),

Irt, (6y) = 2nP, (Inlik(y) — Inlik(¢r)) < 2nP, (Inlik(§) — Inlik(y))
= n - 0 '

If both the upper and lower bounds converge to a chi-squared distribution on
one degree of freedom, then this also holds for the likelihood ratio statistic.
We use (3.2) as motivation to define suitable perturbations ¢ and ¢, of ¢y and
0. We define i, by perturbing i in a least favorable direction [so that in view
of (3.2) it can be expected to resemble i, ]; we define § by perturbing i, in a
least favorable direction [so that in view of (3.2) it can be expected to resemble
/1. Thus, the perturbations are constructed as elements of submodels that are
approximately least favorable.

The following theorem gives a general framework for our approach. Denote
P, by P,. We assume that as n tends to infinity, the maximum likelihood

estimator 6 = 6(¢) satisfies

(3.5) V(0 —0y) = VnP,i/I +op(l), I=P,i%
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for a mean zero function ¢ with finite and positive variance I under P,. In
all our examples the maximum likelihood estimator is asymptotically efficient
and ¢/1 is the efficient influence function for estimating 6.

Furthermore, we assume that there exist “approximately least favorable
submodels.” For every ¢ and ¢ suppose that there exists a curve ¢ — ¥,(¢) in
¥ indexed by the parameter of interest ¢, and passing through ¢ at ¢ = 6(y).
Technically this means that

(3.6) 0, (¥)) =t and U ()]i=py) = ¥

(The Aproof below uses these curves only for ¢ close to 6, and for = i or
¥ = y.) The curve ¢t — ¥,(¢) should be approximately least favorable in that
the submodel

3.7 t — U(x;t, ) = Inlik(W, (), x)

should be twice continuously differentiable for every x, with derivatives ¢ and
¢ satisfying

(38)  —P,i(;0,§) —p Pol* for any random § —p 6y, § —p i,

(3.9 VAP, (€(:; 09, §19) — £) —p 0.

The idea is to construct the submodel such that the first derivative £(-, 6, /)
is equal to the efficient score function ¢, whence the expectation of its second
derivative should be minus the efficient information for 6.

The preceding conditions presume a topology on the set ¥, and we assume
that the maximum likelihood estimators are consistent with respect to this
topology.

THEOREM 3.1. Suppose that the maps t — £(x; ¢, ¢)Aare tuiice continuously
differentiable and satisfy (3.5)—(3.9), and suppose that y and i, are consistent.
Then Irt,(6y)~ x3.

PROOF. Since, by (3.6), § = Us; (1)),
Irt, (6) = 2nP,[ Inlik(¢) — Inlik(i)]
< 2nP, [ Inlik (s () — In1ik(usy, (6))]
= 2nP,[ (6, §)(6y — 6) — 1/2E(5 6, §)(6 — 6)*],
for some 6 between 6, and 6. Here the linear term vanishes, because ¢ —
P, Inlik(¥s,(¢)) is maximized at ¢ = 6. An application of (3.8) and (3.5) shows

that the right-hand side converges in distribution to a chi-squared distribu-
tion.
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Since, by (3.6), §io = W, (o),
Irt, (8y) = 2nP, [ Inlik(i}) — Inlik(ij,)]
> 2nP, [ Inlik(¥g(do)) — Inlik(dsg, (d0))]
= 2nP,[€(; 60, $10)](8 — 6p) + nP,[E( 6, yio)(6p — 6)],

for some 6 between 6, and 6. Apply (3.9) to get that the first term on the right
is equal to 2./1(0 — 6,)/nP,¢ + 0p(1) and apply (3.8) to get that the second
term is —Py?2n(6 — 6,)% + 0p(1). An application of (3.5) shows that the right-
hand side converges in distribution to a chi-squared distribution.

The combination of the preceding two paragraphs yields the theorem. O

We note that it is sufficient that the conditions of the theorem are true “with
probability tending to 1.” Similarly, it suffices that the “paths” {{s,(¢): t € U}
and {,(i,): ¢ € U} belong to the parameter set with probability tending to 1
for a fixed neighborhood U of 6, (not depending on n). We keep this in mind
when discussing our examples.

EXAMPLE (Doubly censored data). The theorems are applied with the sub-
model ¥, () = F,(6, F'), where

F(0,F)=F+(0—1) [ (¢~ Fg")dF/(~Ip),
(3.10)
Ip= fg(g* — Fg*)dF.

(Note that # = Fg by definition.) The function g* is the least favorable direc-
tion in the F-space at the true distribution F for estimating Fg and is defined
by (4.1). It will be shown to be bounded and of bounded variation. The expres-
sion I is the inverse of the information I and is positive. The expression
F,(6, F') does not truly define a probability distribution for every ¢t — 6 and F,
although it always has total (signed) mass 1. However, in view of the bound-
edness of g*,if t — 0, Fgg* — F,gg*, Fg*— Fyg* and Fg — F,g are sufficiently
close to zero, then F,(0, ) has a positive density 1+ (0 —¢)(g* — Fg*)/I r with
respect to F' and hence defines a probability distribution.

ExAMPLE (Cox regression for current status data). The theorems are ap-
plied with ¥,(¥) = (¢, A,(0, A)), where

(3.11) A0, A) = A+ (0 — (AR o Agl o A.

Here the function Aygh** is the least favorable direction for estimating 6 in the
A-space at the true parameter (6,, Aj) and is defined by (5.1), and ¢: [0, M| —
[0, 00) is a fixed function such that ¢(y) = y on the interval [Ay(o), Ag(7)],
such that the function y — ¢(y)/y is Lipschitz and such that ¢(y) < c(y A
(M — y)) for a sufficiently large constant ¢ specified below [and depending on
(69, Ag) onlyl. [By our assumption that [Ay(o), Ay(7)] C (0, M) such a func-
tion exists.] The function A,(6, A) is essentially A plus a perturbation in the
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least favorable direction, but its definition is somewhat complicated in order
to ensure that A,(6, A) really defines a cumulative hazard function within
our parameter space, at least for ¢ that are sufficiently close to 6. First, the
construction using A** 0 Ay Lo A, rather than A** [taken from Huang (1996)],
ensures that the perturbation that is added to A is absolutely continuous with
respect to A; otherwise A,(6, A) would not be a nondecreasing function. Sec-
ond, the function ¢ “truncates” the values of the perturbed hazard function to
[0, M].

A precise proof that A,(0, A) is a parameter is as follows. Since the function
¢ is bounded and Lipschitz and by assumption, 2** o Aj! is bounded and
Lipschitz, so is their product and hence, for u < v and |6 — ¢| < &,

Ay(0, A)(v) = Ay(8, A)(w) = (A(v) — A(w)) (1 — &l ™ © Ag" | Lipsehita) -
For sufficiently small ¢ the right-hand side is nonnegative. Next, for |0 —¢| < &,
A0, A) = A+ edp (M)A

This is certainly bounded above by M (on [0, 7]) if ¢(y) < (M — y)/(e]|h**| )
for all 0 < y < M. Finally, A,(0, A) can be seen to be nonnegative on [o, 7] by
the condition that ¢(y) < cy.

EXAMPLE (Gamma frailty). The theorems are applied with ¥,(¢) =
(t, A(6, A)), where

(3.12) A6, A):A—i—(G—t)/. E* dA.

The function k* is the least favorable direction in the A-space at the true
parameter (6, Ay) and is defined by (6.1). This function will be shown to be
bounded, so that the density 14+(6—¢)%&* of A,(6, n) with respect to A is positive
for sufficiently small |6 — ¢|. In that case A,(6, n) defines a nondecreasing
function and is a true parameter of the model.

ExaMPLE (Mixture model). The theorems are applied with ¥, (¢) =
(t, F,(0, F)), where

o—t\ !
(3.13) F.,(0, F)B)= F(B(l + 20) )
This will be shown to be an exact least favorable submodel at F and is well
defined whenever |0 — ¢| < 26.

Having defined suitable submodels, we next need to check the technical
conditions of Theorem 3.1. Regarding condition (3.8), we note that

Uik, ()9

2.
)
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In one of our four examples we use paths such that the maps ¢ — lik(ds,)
are linear in which case the first term on the right-hand side is zero. In the
other examples the first term has the form (42 pt/dt?)/pt, which is a mean
zero function under p, and can be shown to give a negligible contribution:

Sk (W, (1)) /3t |
Lk, (¥) |,

This could be proved by classical arguments or with the help of the mod-
ern Glivenko—Cantelli theorem: if the functions are contained in a Glivenko—
Cantelli class, the empirical measure can be replaced by the true measure.

Conditions (3.8) and (3.9) can often be checked with help of the following
lemma, which uses concepts from the theory of empirical processes. See, for
instance, van der Vaart and Wellner (1996) for a review and methods to check
the conditions.

(3.14) P, —p 0 for every  —p 6.

LEMMA 3.2. Suppose that there exist neighborhoods U of 6, and V of ¢,
such that the class of functions {{(-;t,¥): t € U, ¢ € V} is Py-Donsker with
square-integrable envelope function. Furthermore, suppose that €(x;t, ) —
i(x) for Py-almost every x, as t — 0, and  — . Then for all random
sequences 0, and i, that converge in probability to 6, and i, we have

]P)nlﬂ('; én’ lZln) —P POZ25

PROOF. Assume without loss of generality that 6, and i, take their values
in U and V, respectively.

By Theorem 4.6 of Giné and Zinn (1986) or Lemma 2.10.14 of van der
Vaart and Wellner (1996) the class of squares f2 of functions f ranging over a
Donsker class with square integrable envelope is Glivenko—Cantelli. It follows
that

sup |(P, — Py)é*(:;t, )| =p 0.
teU, yeV

Thus in the first statement the empirical measure may be replaced by the true
underlying measure. By assumption (x) = £(x; 6y, §;) almost surely under
P,. Next the result follows by the dominated convergence theorem.

For the second statement define a stochastic process

G, ={VnP, — Py)({(;t,p)—C): teU, yp eV}

The Donsker assumption (and the square integrability of the envelope func-
tion) entails that the sequence G, is asymptotically uniformly continuous in
probability, that is, for every £ > 0,

lim lim sup P*( sup |G (t, ) — G, (t', ¢)] > e) =0,
V0 n—oo p((t.), (¢'97)<8
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where p is the semimetric given by its square
(19, (¢, 9) = Po(l(t, ) = L0, 9)".
By dominated convergence and consistency of (6,,, §,,) we have
p((0, ¥), (69, ¥o)) —p 0.

Conclude that the sequence G, (6, /,,) — G,(8,, ;) converges in probability
to zero. This is the second assertion of the lemma. O

Once (3.14) is verified and if the preceding lemma is applicable, the condi-
tions of Theorem 3.1 effectively reduce to the condition

(3.15) VP 05, ) —p O.

Whereas the conditions of the lemma can be viewed as regularity conditions,
this is a structural condition. An “unbiasedness” condition of this type may
be expected in view of results of Klaassen (1987), who shows that if 6 can
be estimated efficiently, then there must exist (consistent) estimators ¢ of the
efficient score function such that /nPy¢ —p 0. The preceding display requires
that the plug-in estimator £(-; 6, ;) has the latter property.

A similar condition (with § instead of ) also shows up in proofs of the
asymptotic normality of the maximum likelihood estimator 6. [See, e.g., Huang
(1996) or van der Vaart (1996).]

At first, condition (3.15) appears to require a rate of convergence of J,.
This is not true, as in many cases £(-;¢, ) is of a special form. For instance,
in semiparametric models in which the density is convex linear in the nui-
sance parameter, the efficient score function for 6 is unbiased in the sense
that Penf(,(G, 19) = 0 for any 0, n and 7. In our mixture model example we
construct the submodel ¢ — ¥,(¢) in such a way that the derivative is ex-
actly the efficient score function, and the unbiasedness condition is trivially
satisfied.

In the worst situation (3.15) should not require more than an op(n~1/4)-rate
for the nuisance parameter. For instance, if ¢ = (0, n) and Z(-; 6,, i) is the
efficient score function, then the expression in (3.15) is equal to

Vn(P, — P¢0)E('; 0o, o) ~ —\/ﬁP%Z(g 0o, ‘l}o)fﬁo(ﬁ — o) + VnO(|[1 — nol?).

Here the first term should vanish, because the efficient score function for 0 is
orthogonal to all scores for the nuisance parameter.

4. Doubly censored data. The path defined by dF, = (1 + th)dF for a
bounded function with FA = 0 yields a score function of the form

. JohdF -
ph(u,d) = g = Hd =1} + h@){d = 2} +

f(u’oo) hdF

S =3k
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For g and h bounded, we have that Pplp(h)tp(g) = (¢p(h),lp(8))p, =
(h,t*trpg)r = F(ht*tp(g)). So we may use Fubini’s theorem to derive the
adjoint operator ¢*: Ly(Pr) — Lo(F),

Cgs)= [  g(u1)dGr(w)+g(s,2)(Gr — Gr)s—) + [ g(u,3)dGp(w).
[s, 00) [0, s)

Thus the information operator takes the form

Jio. . hdF
Z*EFh(S) - As 00) : ’F](Z)

0,5y 1—F(y)

Since the function g used to define the null hypothesis Fg = 6, is assumed
to be bounded and of bounded variation, part (i) of Lemma A.2 shows that the
function

(4.1) g =(ttp,) 'g

is well defined, bounded and of bounded variation. We use this function to
define the (approximately) least favorable submodel (3.10).
In Lemma A.3, we prove consistency of ¥, and that

(F — Fo)(h) = Fo(h(g" — Fog"))(0 — 09)/Fo(g(g" — Fog")) + op(n"'?)
uniformly for uniformly bounded % of uniformly bounded variation. Since
the asymptotic variance of /n(6 — 6,) is Fy(g(g* — Fyg*)), this confirms
the intuition Aexpressed in Section 3. In theA verification of Lemma A.3(1i) we
show that |F — Fy| = Op(n~Y2) and ||F, — Fy|lc = Op(n~'/2) and that
(60— 600) =P,y (g — Fog*) +op(n "?) s0 £/I =ty (g* — Fog*).

Recalling (3.7) and (3.10), we have

tp(g" — Fg*)(u,d)/Ir
1+ (¢ Fg)iplg  — Fg)u, d)/ 15’
Given a bounded, monotone function 4 the function £z% is composed of three
bounded and monotone functions, with the same uniform bound. Since g*
is bounded and of bounded variation, it follows that the class of functions
Lpg* with F ranging over all distributions on [0, 7] consists of uniformly
bounded functions of uniformly bounded variation, hence is a Donsker class.
For |[F — Fy| sufficiently small we have that Iy is close to Iy, Fg is
close to Fyg and Fg* is close to Fyg*. Given Donsker classes #,..., %,
and a Lipschitz function ¢: R* — R, a uniformly bounded class of functions
x = ¢(f1(x), ..., fr(x)); fi € F,i=1,...,k, is Donsker by Theorem 2.10.6
of van der Vaart and Wellner (1996). It follows that the class of functions
{(u,d;t, F) with ¢ sufficiently close to 6, = Fyg and |F — F||, sufficiently
small is Donsker. As (¢, F) — (6, F) these functions converge a.s.-Pp  to
{ = {(-; 6y, Fy). Thus the conditions of Lemma 3.2 are satisfied. Note that
(8.14) is trivially satisfied, since the derivative of ¢(u, d;t, F) with respect to

dGr(2) + h(s)(GL — Gg)(s—)

dGr(Y)-

i(u,d;t, F) = Ip = Fg(g" — Fg").
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tis —(¢(u, d; t, F))%. For the application of our Theorem 3.1 it suffices to show
that

ﬁpofﬁo(g* - Fog*) =/n(Py — PFO)EFOg* =/n(F, - FO)K*ZFOg* —p 0.

Since (Fy— F,)g = 0 the absolute value of this expression is equal to, in view
of the definition of g* and that the support of ¥, is contained in [o, 7],

Va|(Fo = Fo) (€0, 8" — 0, &%) < 2Vnl|Fo — Follo | €05, 8" — 7tr, 8" |5y

where || - ||gy is the sum of the supremum and total variation norms. The first
term on the right-hand side is bounded in probability; the second converges
to zero in probability by Lemma A.2(i).

5. Regression for current status data. In this model the score function
for 6 takes the form

e(0, A)(x) = zA(y)Q(x; 6, A),
for the function Q(x; 60, A) given by

1 — exp(—exp(62)A(y))
Inserting into the log likelihood a submodel ¢ — A, such that A(y) =

—3/dt|,—o Ai(y) exists for every y, and differentiating at ¢ = 0 we obtain a
score function for A of the form

€, (0, Mh(x) = 2(y)Q(x; 0, A).

For every nondecreasing, nonnegative function 4 the submodel A, = A + th is
well defined for ¢ > 0 and yields a (one-sided) derivative & at # = 0. Thus the
preceding display gives a (one-sided) score for A at least for all A of this type.
The linear span of these functions contains ¢, A for all bounded functions 4 of
bounded variation. The efficient score function for 6 is defined as ¢, — £, h* for
h* minimizing the distance Py,(¢, — £, k). In view of the similar structure of
the scores for 6 and A this is a weighted least squares problem with weight
function Q(y, 8, z; 6, A). The solution at the true parameters is given by

Eevo (ZQZ(X; 007 A0)|Y)
Eqgn, (Q%(X; 60, A)[Y) |

As the formula shows (and as follows from the nature of the minimization
problem) the function ~2** is unique only up to null sets for the distribution of
Y. However, it is an assumption that (under the true parameters) there exists
a version of the conditional expectation that is differentiable with bounded
derivative. Following Huang (1996) this version is used to define the least
favorable submodels (3.11). By the assumption that P,var(Z|Y) > 0, the
efficient score function ¢ = £,(6,, Ag) — £,(6y, Ag)h*, the difference between
the 6-score and its projection, is nonzero, whence the efficient information I
for 6 is positive [at (6, Ag)].

Q(x;0,A) = e"z[ﬁ

(5.1) RA(Y) = Ag(Y)R™(Y) = Ap(Y)
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The consistency of (6, A) and f\o can be proved by a standard consistency
proof, where we may start from the inequality P, In(lik(¢) + lik(yg)) >
P, In 2lik(y,), rather than from the more obvious inequality P, Inlik(y) >
P, Inlik(¢(). (The latter inequality implies the first by the concavity of In.)
See, for instance, the consistency proof in Huang and Wellner (1995), or
also the Appendix. The identifiability of the parameters is ensured by the
assumption that P,var(Z|Y) > 0. More precisely, it can be shown under our
conditions that on a set of probability 1, A and AO converge to A, uniformly
on the interval [0 + &, 7 — ¢], for every & > 0. Of course, the estimators
and the true distribution are not identifiable outside the interval [o, 7]. The
consistency of the estimators at o and 7 seems dubious, even though this is
used by Huang (1996) in some of his proofs. In the Appendix, we show that
the asymptotic normality and efficiency (3.5) of 6 remains valid even without
the uniform consistency on [o, 7]. We also show that both f;(f\ — A% (y) dy

[as asserted by Huang (1996)] and f;(f\o — Ag)?(y) dy converge to zero at the

rate Op(n=2/3). We shall use this to verify condition (3.15).
In view of (3.11), we have

e
A0, A)(y)

For (¢, A, 0) tending to (6y, Ag, 0y) this function converges almost everywhere
to its value at (6, Ay, 6;), which, by construction, is the efficient score func-
tion ¢ for 6 at (6, Ay). Furthermore, the class of functions £(x;¢, A, 6) with
(¢, 6) varying over a small neighborhood of (6, ;) and with A ranging over
all nondecreasing cadlag functions with range in [0, M] can be seen to be a
Donsker class by repeated application of preservation properties for Donsker
classes [cf. van der Vaart and Wellner (1996), Chapter 2.11]. Note here that,
since the function u — we™*/(1 —e™*) is bounded and Lipschitz on [0, c0), we
can write

it A 0) =2 B0 A5 o M) |8, )@, A6, 1),

A(y)Q(xst, A) = y(e”, A(y))

for a function ¢ that is bounded and Lipschitz in its two arguments. Thus,
since the classes of functions z — e and y — A(y) are Donsker, so is the class
of functions x — A(y)Q(x;t, A). Next, since the function ¢(y)/y is bounded
and Lipschitz, and A* o A ! is assumed bounded and Lipschitz,

o) P(A)/A

A0, A) B 14+(0— t)d)(A)/Ah**OAalOA =x(0—t,A)

for a function y that is bounded and Lipschitz on an appropriate domain. Next,
the product of the two classes of functions in the preceding displays, which
are both uniformly bounded and Donsker, is Donsker, and so on.

Thus, the assumptions of Lemma 3.2 are valid, whence the assumptions of
Theorem 3.1 have been verified, except for (3.14) and (3.15). For the first of
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these two conditions we compute that

JHk(t, A(0, N) /ot
lik(¢, A6, A)) Q(t, A0, A))

x [ZZAt(e, A) — 2b(A)h* o AGl o A

— e2(2A,(6, A) — (A)h* 0 AL OA)Z].

By the same arguments as before these functions are in a Donsker class,
hence certainly in a Glivenko—Cantelli class. Thus the empirical measure P,
in (3.14) can be replaced by the true measure P,. As (¢, 6, A) converges to
(6y, 09, Ap) the functions in the preceding display converge almost everywhere
t0 (0% Py A (0, A/ It2)/ Pt A0, A,) €VAluated at ¢ = 6. This has mean zero. We
can conclude the proof of (3.14) by the dominated convergence theorem.

Abbreviating ¢(-; 6, A, 6,) to £(A), we can rewrite the expectation in (3.15)
in the form

(5.2) Poé(j\o) = (Py — PHO,AO)Z(AO) +(Py— Pao,Ao)(E([\o) - Z(Ao))-

We shall show that both terms on the right-hand side are of the order
Op(n~2/3) and hence certainly op(n~1/2). Since £(A,) is the efficient score
function for # and hence is orthogonal to every A-score, the first term can be
rewritten as

Pol(Ao)[(Po — Py, 4,)/ Po — €a(B0, Ag)(Ag — Ag)]-
The second term in square brackets is exactly the linear approximation in
Ay — Ag of the first. Taking the Taylor expansion one term further shows that
the term in square brackets is bounded by a multiple of (A, — Ay)? and hence
the display is bounded by a multiple of Py(A, — Ay)2. The second term in
(5.2) can be bounded similarly, since both A — p, , and A — £(0,, A, 0,) are
uniformly Lipschitz functions.

6. Gamma frailty. The natural log of (2.1) is given by
Inlik(0, A, X) = /T In(1+ 6N(u—))dN(u)
0
—(1+6N(7))o" 1n<1 + efT YdA)
0

+ /OT In (Y (u)AA()) AN (w),

where if 6 = 0, 67'In(1 + 6 [; Y dA) is set to its limit, [; Y dA. The score
function for 6 is

T N(u-)
A= [ )
(0N = | TN o) W
L 1+6N(r) ( " )
— 01| YdA—————+60%In[1+6 [ YdA),
J, 1ref;var " 0



SEMIPARAMETRIC LIKELIHOOD RATIOS 1491

where, in the case that 6 = 0 the last two terms above are replaced by their
limit,

_N(T)/(JTYdA+;<[()TYdA)2.

The path defined by dA, = (1 + thy) dA for a bounded function, 4., yields a
score function for A of the form,

1+ 0N(1) [
A/O Y hy dA,.

1 A A A= ’ -
A8, )[/ hyd 1} /thdN 110/Yd

Also define three second derivatives. The second derivative £,,(0, A) is ob-
tained by simply differentiating £,(6, A) with respect to 6. For bounded /5 and
89, the remaining second derivatives are defined as

Lon (0, M) [ hodAy|=—( 02—
on(®- )[/ ? 1} <1+0ngdA)

x<N(7)—1J“QfV(T)/TYdA>
1+60 [, YdAJo
» - _ 140N(n) -
(0. 0)| [ Bydn, [ iy - oy g ] ey [ sy s,
_ 146N(7)
146y YdA

/0 hog,Y dA,.

Finally, letting BV[O0, 7] denote the functions A: [0, 7] — R which are bounded
and of bounded variation, equipped with the norm || - ||gv = || - |l + || - |lvars
define operators o, ,: BV[0, 7] — BV[0, 7] and o = (03, 03): R x BV[0, 7] —
R x BV]O0, 7] by

1+ 0,N(7) : }
hoY dA
(1+90f0*YdA0)2/ 2 0

1+ 6N(7) ]
146 [y YdAy

oanlhal(w) = Po[—Y(u)eo
n hz(u)Po[Y(u)

a1(hy, hy) = —h1 Pylyg(0y, Ag) — Polos(6y, Ao)[/ hy dAo}
Y(u) ( 14+ 0yN(7) T )]
hi,h =hPy| ———N()— ———F——7— | YdA
021, ) (@) = I 0[1+00f0 yang V() 1+ 6, J; YdAO/o 0
+ oanlhsl-
These operators arise in the proof of asymptotic normality of the maximum

likelihood estimators given in Murphy (1995a). They also appear in informa-
tion calculations in this model. Indeed the operator o,, is the information
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operator ¢} ¢, connected to the nuisance parameter A; that is,

(82, oanlhal)a = <£A(60> Ao)[/. 82 dA0:|, NG A0)|:/' h2d/\oi|>

Py

This follows from the identity

/0 820an(h)dAy = _POZAA(007AO)|:/ hy dAo,/ & dA0:|

= Pyt (6p, Ao)[/‘ hey dA0i|£A(003 Ao)[/. 82 dAo}-

Similarly, the operator o is the information operator ¢;,¢,, () for the full pa-
rameter ¢ = (6, A) of the model, for which the score function can be written as
L, ()(hy, hy) and is defined as hlzo.(ﬂ, A)+£,(0, A)[ [ hy dA]. The parameter
of interest 6(y) = 6 has derivative 6, = (1, 0), since

d

a 9(0 + thl’ At) = hl = ((hla h2)7 (13 O))RXA'
t=0

Thus by the general theory [see (3.4)] we can find the influence function for
estimating 6, letting & = (&, d9) be the inverse of o, as

Zw(‘ﬁo)(%%(%))_l(l’ 0) = 1(1, 0)€4(09, Ag) + £ (6o, Ao)[/. (1, 0) d/\o]

The following lemma shows that this function is well defined. Denote the
subset of BV[0, ], with norm bounded above by p, by BV [0, 7].

LEMMA 6.1. Under the conditions of Theorem 2.3 the following hold:

(i) oys: BV[0, 7] = BV][O0, 7] is continuously invertible with inverse ,;

(i) o:R xBV[0, 7] > R x BV[0, 7] is continuously invertible with inverse d;

(ifi) VA — Aol is Op(1);

(1v) Vr(Ag(-) — Ag(:))~Z(-) on I*(BV,[0, 7]), where Z is a tight Gauss-
ian process with mean zero and covariance process covar(Z(hy), Z(8s)) =
fOT 8201 (hg) dA;

(v) V/(6—00) = 71(1, 0)P,[£4(8o, Ag)— €A (6o, Ao)lJ k*dAo]]+0p(1), where

(6.1) E*(u) = —a1(1, 0)1ay(1, 0)(w).

PrROOF. Under assumptions (i)—(iii) of Theorem 2.3 the conditions of Mur-
phy (1994, 1995a) are satisfied, implying that (ii), (iii) and (v) hold. Items (i)
and (iv) can be proved by following virtually identical steps to those in Murphy
(1994, 1995a). O

The continuous invertibility in (i) and (ii) imply that 7;(1, 0) > 0. From (v)
we have that 7 of (3.5) is equal to €4(6y, Ag) — €x(80, Ag)[ [ #*dA,] and T is
equal to o4(1,0)7L.
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The least favorable submodels are given by (3.12). The continuous invert-
ibility of o implies that the function £* is uniformly bounded on [0, 7]. Thus
these submodels define true cumulative hazard functions for 6 and ¢ suffi-
ciently close to 6.

Recalling (3.7) and (3.12), we see that

(32, 0, A) = €y(t, A8, A)) — £, (£, A(6, A)) U k* dA}
U5, 0, A) = Log(t, A(0, N)) — 245 (¢, Ay(0, A)) [/ k* dA}

+ L (s A0, A))[/' E* dA, / k dA].

To verify (3.8), note that
~Pol (B0, 80) = 2e0n (8 o) | 1 o+ 040, 0| [ i, [ s |
= 1Lk + [ oa(L k) (u)(—k"(w)) dAg

= (1, 0>-1(ol<o-1<1, 0)) + [ a0 (1, 0))(u)(—K" (1) dAo)

=a1(1,0)71(1 4+ 0).

Recall that Y is nonincreasing and bounded and N is nondecreasing and
bounded. This implies that the derivatives £4(6,A), €,(0, A)[[ hy dA],
Lgo(0,A), Lor(0, M) [ hydA;] and €5,(0, A)[[ hydAy, [ g3 dAy] are contin-
uous in (0, A, A;, Ay), uniformly in (N,Y), with respect to the Euclidean
topology on 6 € [—&, M] and the uniform norm on the cumulative hazard
functions, which range over all cumulative hazard functions in BV [0, 7] for
some p < oo. Thus, (3.8) is verified.
The remaining condition (3.9) takes the form

converges to zero in probability. To see this, substitute in for ¢ and add and
Subtract _EOA(009 AO)[AO — Ao] =+ ZAA(GO’ Ao)[f k* dA(), AO — Ao] to get

(6.2) V/nP,[£4(69, Ag) — Lo(00, Ag) — Lon(6o, Ag)[Ag — Ag]]
4V =0, )| [ 1 dho |+ e0(00 A0)| [ ]

(6.3) |
+EAA(90,AO)[/ k* dAg, Ay —AOH

64) = VA ~tor(0 ARy Ao] + Exn(Bo, Ao)| [ oo, Ro = o] |
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We show that each of the three terms converges in probability to zero. Via
tedious algebraic arguments, we get that, for 6, # 0, (6.2) is equal to

0 Jo Yd(Ay — Ao)] 00 g Yd(Ag - Ay) ”
1+ 6, [y Y dA, 1+ 6, [y YdA,

1+ 6,N(r)  (fy Y d(Ag— Ao))j
(L4600 fg YdAo® 146, []YdA, |

If 9, = 0, then (6.2) is /n2P, [ [7 Y d(Ag—A,)]?. Using more tedious arguments,
we have that (6.3) is equal to

v,

JVnP, [052{111[1 +

+ﬁPn[

, 1+ 6,N(r)
C(1+ 0y ] Y dAo)(1+ 6, [T Y dAy)

v [/TYd(f\o—AO)/TYk*d(AO—AO)
0 0

T TY R d(Ay — Ag))?
— 6 [ yi dn, o (o = ) H
0 1+ 6, [7Y dA,

Recall that the total variation norms of both Y and %* are bounded by con-
stants and that N(7) is also bounded by a constant. So both (6.2) and (6.3)
are 0p(1)ynlAg — A2,

All that is left is to prove that (6.4) converges to zero in probability. This
term is equal to \/n [y h,(u) d(Ay — Ag)(w), where h, is the function

0 [7 YE*dA
) =, [ N () - o TS
1+ 6y 7Y dA, 1+ 6, [7 Y dA,
Y ()

- 1+ 6,N(r) )}
_ P (N = [ YdAy— R
1+60fOTYdA0< (7) /o 146,/ Y dA,

Note that the expectation of A, is —oy(1, —k*), which is —a&(1,0)7! x
a5(071(1,0)) = 0. Apply Rao’s (1963) strong law of large numbers to get that
|2, |l converges almost surely to zero. Also note that the total variation norm
of h,, is uniformly bounded in n by a constant. Put Z,(h) = /n [; b d(Ag—Ay),
for h € BV [0, 7]. Then (iv) implies that Z, is asymptotically uniformly p,-
equicontinuous in probability [see, e.g., van der Vaart and Wellner (1996)],
where py(h, g)? = [ (h(w) — g(u))o5 (h — g)(w) dAg(w). Note that pa(h,, )
converges to zero in probability. This combined with the asymptotically uni-
form equicontinuity of Z, implies that Z,(h,) converges in probability to
Zero.

7. A mixture model. The score function for 0, the derivative of the log
density with respect to 6, is given by
[(671 — zv)22e 2+ d F(2)
f22efz(u+00) dF(Z)

24(0, F)(u,v) =
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In this model the statistic 7'y + 6T, is sufficient for F. The conditional score
function £4(6, F) is defined as

29(0, F)(u, v) = £4(0, F)(u,v) — Eg(€4(0, F)(T1, T9)|T1 + 6Ty = u + 0v)

_ [(1/2)(u — 6v)23e~=“ 1) d F(2)
- f 022 e—2(u+6v) dF(z)

By an easy calculation we see that, with F,(6, F') the submodel given by (3.13),

£y(0, F)(u, v) = % In p; g0, 7)(w, V).
t=0

The conditional expectation E,(¢y(0, F)(T¢, T9)|T1+ 6Ty = u+ 0v) minimizes
the distance to £4(0, F)(u, v) over all functions of u + Av. Since all score func-
tions for F are functions of u + 6v, and this function is a score function for
some submodel, it must be the closest F-score. This, in addition to the preced-
ing equations, implies that the path ¢ — F,(0, F) indexes a least favorable
submodel for 6.

The maximum likelihood estimators 6, F' and F, can be shown to be con-
sistent (for the Euclidean topology and the weak topology) by the method of
Wald [cf. Kiefer and Wolfowitz (1956)]. The asymptotic efficiency (3.5) of 8 is
shown by van der Vaart (1996) [with ¢ = £,(6,, F)].

Recalling (3.7) and (3.13), we see that

[E(u,v;t, 0, F|z) 2% exp[—2(30 — £)(20) (v + tv)]| dF(z)
[ 2% exp[—2(30 — t)(20)~Y(u + tv)] dF(2) ’

{(u,v;t, 0, F) =

where
U(u,v;t, 0, Flz) = (0 —t)(3t71(30 — t) ™ + 20071) + 2(20) ' (u — 6v).

Lemma 7.1 shows that these functions belong to a Donsker class for (¢, 0, F)
varying over a sufficiently small neighborhood of (6, 6y, Fy). Furthermore,
for (¢,0,F) — (6, 6y, Fy) these functions converge for every (u,v) to
Z4(89, Fo)(u, v). The function £(u, v; 6y, 8y, Fy) equals the efficient score func-
tion Z,(6y, Fo)(u, v). From the representation of the efficient score function
as a conditional score, we see that Py FOEH(GO, F) = 0 for every 6,, F, and
F; this verifies (3.15). In view of Lemma 3.2 all conditions of Theorem 3.1
are satisfied, except possibly (3.14), which takes the following form: as
(t7 0, F) - (001 00’ FO)’

3% Jt?
(7.1) in 50

Pt F (6, F)

The second partial derivative in this expression can be written in the form

/R(u, v;t, 0]2) 2% exp[—2(36 — £)(20) 1(u + tv)]| dF(2),
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for
— 30)?

R(u,v;t, 0|z) = 3t2_0260 + z(g(i;zg)(u + tv)(¢t — 30) + (= Ve
(t—-0)

803

(5t —36)v

+3

(t—30)(u —v(36 — 2t))>

, (¢~ 30
t——M
TE g

By the lemma below the functions in (7.1) are contained in a P;—Glivenko—
Cantelli class. This implies that it suffices to prove (7.1) with the empirical
measure replaced by the true measure P,. If (¢, 0, F) — (6, 6y, F), then the
functions in (7.1) converge for every (u, v) to the function

J1-3(200)71 + zv + 2%(u — 6,v)%(46¢) 1] 22 exp[—2z(u + yv)] dFo(z)
[ 22 exp[—z(u + 6yv)] dFy(2)

This function has mean zero under P,. An application of the dominated con-
vergence theorem concludes the proof.

(u — v(36 — 21))".

LEMMA 7.1. Suppose that [(z2+2z755)dF < co. Then there exists a neigh-
borhood 7 of F for the weak topology such that the class of functions

[(ay + aszu + agzv + a,2%u? + a5 z?uv + agz?v?) 22 e*Z(bl"*bzv)dF(z)
f 22 p—2(bu+byv) dF(Z)

(u,v)~>

where (ay, ..., as) ranges over a bounded subset of R?, (by, by) ranges over a
compact subset of (0, 00)? and F ranges over 7, is Py, r,-Donsker with square-
integrable envelope.

PrROOF. By applying Lemma L.23 of Pfanzagl (1990) repeatedly, it follows
that there exist constants and a weak neighborhood 7 of F, such that

m+2 ,—2zs C._ s ™1 m if 1
[ 2" e~ dF(z) _ | Cns |log s|™, ifs<

(7.2) su < <5
FEE [ z2e 5 dF(z) C,, if s >

DO =

Since a symmetric convex hull of Donsker classes is Donsker [see, e.g., van
der Vaart and Wellner (1996), Example 2.10.7 and Theorem 2.10.3], it suffices
to prove for all nonnegative integers k& and [ with & + [ < 2 that the class of
functions
ukvlfzk”+2 exp[—z(biu + byv)| dF(2)
[ 22 exp[—z(byu + byv)|dF(z) ’
with F' ranging over 7 and b = (b, b,) over a compact subset of (0, )2, is
Donsker. For fixed b let %, be the class of these functions with only F varying.
Since b is bounded away from zero, the function
ukv!

(biu + byv)kt!
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is uniformly bounded in «, v and b. The functions in %, are the product of this
function and the function Ar(b;u + byv) for
m f Zm+2p—2s dF(Z)

[22e=5dF(z) °

Let @, be the distribution of b;T'; + b,T5 under P,. Then it is not hard to see
that the bracketing numbers of .%;, satisfy, for some constant C,

(73) N[](S, z%, Lz(Po)) < N[](CS, {hF: F € QV}, LZ(Qb))

m=*Fk+1.

hp(s)=s

For a definition of bracketing numbers see, for example, van der Vaart and
Wellner [(1996), Definition 2.1.6] or Ossiander (1987). We shall bound the
right-hand side by application of Theorem 2.1 in van der Vaart (1994b). Let
< denote less than or equal up to a multiplicative constant. In view of (7.2)
we have, for every 1/2 < a < 1,

\hp(s)|] < [logs|™, 0<s<1/2,

|hF(31) - hF(32)| < |sy — 89| sup |h/F(3)}a| log s, |~

§1<8<8y
< |81 — s]* s7%| log s1|™ 1, 0<s; <8y <1/2.

Thus the restrictions of the functions 4z to an interval [a, b] C (0, 1/2] belong
to the space C4,[a, b] for M a multiple of a~*|log a|™"*. Similarly, again in
view of (7.2), we have

|hp(s)] < 8™, s=1/2,
|hF(31) - hF(32)| < |81 — s9*sy, 1/2 > 81 < 9.

Thus the restrictions of the functions A to an interval [a, b] C [1/2, co] belong
to the space C%,[a, b] for M a multiple of 6. Theorem 2.1 of van der Vaart
(1994b) applied with the partition (0, 00) = U;(27%, 271U, (i, i + 1] shows
that, for every V > 1/q,

\4
(74:) log N[](S, {hF F (S 7}, L2(Qb)) < KK2V+2)/2(1> ’

&

for a constant K depending only on «, V and K, defined by

Ky =Y [|log 2~ [Xmtagie@, (271, 271V L S i2m (i, i+ 17) Y

1

By a straightforward calculation we see that @, has a Lebesgue density which
is bounded above by 6,s(b1by) 1 Fy2%. Thus @,(27%,27*!] is bounded above
by a multiple of 272, Furthermore Q,(i,i + 1] < @,(i, 00) is bounded above
by i 'Fyz~! for any [ > 0. Insert these upper bounds into the definition of K,
to obtain that

K, < Z[i2(m+a)272i(17a)]V/(V+2) + Z[izm,l]V/(VJrz)’

13 1
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provided Fy(z~! + 2%) < co. Here the multiplicative constant depends on F,
but is uniform in b ranging over our compact region.

For V sufficiently close to 2 this series converges for [ > 2m + 2. Thus
we have proved the existence of V < 2 and constants K, that are uniformly
bounded such that (7.4) holds. In view of (7.3) the same estimate is valid for
the bracketing numbers of 7, in Lo(Py).

Writing the elements of .%, in the form fy , we see, using (7.2),

wkol |log(biu + byv)| i ,
1 b—>b
[s%p( B 1@ vl -v)

[|log(u + )™+ (u + v)ukvl] 6 -0

The function in square brackets, say G, on the far right is square integrable
under P,. We can now form brackets over the class of functions of interest
Up %5 by first choosing an e-net over the set of all 6. The number of points in
this net can be chosen smaller than (K/&)? for some constant K. For every
b; in the e-net take a minimal number of brackets [/; ;, u; ;] over %, . Then
the brackets [/; ; — &G, u; ; + €G] cover F = Up.%, and have size bounded by
e(1+2|G|p, 2)- The loganthm of the total number of brackets obtained in this
way is bounded by

l/\

|fF,b —fry

VAN

1 V
2log(K /&) + suplog Nyj(&, T3, La(Py)) < (8) )
b

This is an upper bound for Ny(¢', 7, Ly(Py)), where & = (1 + 2||G||p, 7).
Apply the theorem of Ossiander (1987) to conclude that .7 is Donsker. O

APPENDIX

A.1. Convexity of the confidence set. In general, a confidence set ob-
tained by inverting the likelihood ratio test is not guaranteed to have a “nice”
shape. In simple cases it can be seen to be convex.

LEMMA A.1. Suppose that & — lik(¢, x) is a concave function on a convex
subset ¥ of a linear space. Furthermore suppose that for all s, 5 in V¥ the
map € — 0(ef1+(1—&)y) is continuous on [0, 1]. Then the confidence region
{6: 1rt,,(0) < zi/g} is convex.

PrOOF. Define a set A by A = {¢: P, Inlik(y) > zi/Z + P, Inlik(¢)}. Since
the map ¢ — lik(¢) is concave, the set A is convex. The confidence region is
composed of those 0 for which there exists a y € A for which 6(y) = 6. If 6,
and 6, are in the confidence region, then there exist y; and 5 both in A for
which 0(¢;) = 6, and 6(5) = 05. Let & € (0, 1). Consider 6(ei; + (1 — &)ifg),
which for £ = 0 is equal to 6, and for £ = 1 is equal to 6;. The continuity in &
implies that there exists an &* for which 6(e*; +(1—&*)py) = 0, +(1—¢")0s.
Since e*i; + (1 — &*)if5 is in A, the convex combination &6, + (1 — '), is in
the confidence region. O
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A.2. Double censoring: technical complements. In the following two
lemmas, BV[o, 7] denotes the set of functions A: [0, 7] — R that are bounded
and of bounded variation, equipped with the norm || - |lgv = || - oo + | * llvar-

LEMMA A.2. Suppose that (G, — Gg)(s—) is bounded away from zero for s
in [o, 7] containing the support of F and G is continuous at o

(i) Then the operator ¢*{p: BV[o, 7] — BV]o, 7] is one-to-one, onto and
continuously invertible.

(ii) If F, are distribution functions, with support contained in [o, 7] such
that ||F F||Oo — 0, then "ty — (*Lp in operator norm, that is, "ty h —
¢ ph in bounded variation norm on [o, 7], uniformly in unzformly bounded
functions h of uniformly bounded variation.

ProOF. (i) The operator £*{y can be written as the sum K; + A + K, of
three operators. The operator Ah = h(G; — Gp) is continuously invertible
[with inverse A"'h = h/(G; — Gg)] under the condition that G, — Gy is
bounded away from zero. Since we can write *¢ in the form A(A™1K; +
I + A7'K,) it now suffices by Theorem 4.25 in Rudin (1973) to show that
A71K, + A~'K, is compact and that K; + A 4+ K; is one-to-one. The first is
true if both K; and K, are compact.

Consider K;. Given a uniformly bounded sequence %, of monotone func-
tions, the functions

B f[mu] h,dF
are a uniformly bounded sequence of monotone functions. By Helly’s theorem
there exists a subsequence and a monotone function g such that g,,(z) — g(u)

for every u. Then by dominated convergence [ |g, — g|dGy — 0. This implies
that

” Kl = /[ wy E4GE

=sup [ g, —gldGy 0,
00 u Y[u,o0)

|
il S = /[ w8461

var

(8w — 8)dGy, — /[ (8w = 8)dGy

[¢i11,00) t;, 00

< [1g. - gldGL — 0.

It follows that any given sequence #,, as before has a subsequence along which
K h, converges in BV[o, 7]. Since any uniformly bounded sequence %, of
uniformly bounded variation can be written as the difference of two sequences
of this type, it follows that K is compact.

The operator K, can be shown to be compact in the same manner.
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To see that K; + A + K, is one-to-one, note first that both A~1/2K; A~1/2
and A~Y2K,A~'/2 are nonnegative definite operators on L,(F) in the Hilbert
space sense. Thus the spectrum of these operators is nonnegative and it follows
that the spectrum of A~Y2K A~Y2 + [ + A-12K,A~1/2 is contained in the
interval [1, co0). Thus this operator is invertible as an operator on Ly(F). The
same is true for K; + A + K,, so that the equation (K; + A + Ky)h = 0
(everywhere) for a bounded variation function A, implies that 2z = 0 almost
surely under F. Substitute in the definitions of K; and K, to see that Ak =0,
whence h = 0 everywhere.

(i) Since |F, — F| — 0, we have that F,h — Fh — 0 uniformly in
uniformly bounded functions 4 of uniformly bounded variation. Thus for any
sequence h, of such functions we have that ¢y h, — {ph, — 0 pointwise in
(u, d). By dominated convergence and the continuity of G, at o,

KUTH@%hA31)—Kth(,D|dGL—»0,

/[17 T)VFnh”(.’ 3) - Zth(’ 3)‘ dGR — 0.

As in the proof of (i) this implies that ¢*¢p h, — ¢*¢ph, — 0 in bounded
variation norm. O

LEMMA A.3. Assume that, for all u such that Fy(u) > 0 and Fy(u—) < 1,
(A1) (G —Gg)(u—) >0,

and suppose that g is left continuous, bounded and of bounded variation, and
is not identically zero almost surely under F,. Furthermore, assume that F|,
G, and G are continuous.

(i) Then |Fy— Fy|., — 0 almost surely under P,,.
Under the more restrictive assumptions of Theorem 2.1, the following holds:

(i1) As n — oo the support of FO belongs to [o, 7] almost surely under P,
and

Fo(h(g*— Fyg%))(0 — 6))
Fo(g(g*— Fog*))

uniformly in h € BV[o, 7] of norm less than or equal to 1.

(F —Fo)h= +op(n~1/?),

ProOF. (i) To keep the proof of (i) simple, let 6, = 0. The estimator of F
under the constraint, Fg = 0, is an Fy which maximizes P,[In pp(X)]. There
exists a random variable A for which

(A.2) P,[¢s k] — Foh = A [ hgdF,
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for all bounded functions /4. Note that the form of the likelihood implies that a
maximum likelihood estimator I:'O must have positive jumps at the observed
event times.

Since F| is continuous, to verify (i), we need only show that F(¢) converges
to Fy(t) for all ¢ a.s. Define the processes

QUO=F[Hd=Dlu=t] Q= [ FydGy,
Q) =F,{d=21{u=t}, @ = [ (G- GCp-)dFy(),
QO =F[Hd=3}1{u =t} Q)= [ (1-Fy)dGp.

By the Glivenko—Cantelli theorem each of the sequences @’ converges uni-
formly to the corresponding function @’, almost surely. Fix a sample point
within the set of probability 1 on which |@% — Q2| — 0, |Q3 — Q3| — O
and @, — Q' — O.

We first prove that all limit points of A are finite. Since Fyg = 0 yet g
is not a.s. F, zero, there exist ¢ > 0 such that the sets A = {g > ¢} and
B = {g < —&} have positive measure. For large n there exists at least one
observed event time in the set A [by (A.1)], say x,. Put A(z) = 1{u = ¢} in
(A.2) to get

A 00 A t_ A A
(A.3) AFO(t)<1 - /ti 1/F,dQ} — /m 1/(1- Fo)dQ} + Ag(t)) = AQ (D).

Evaluate (A.3) at ¢ = x,,. Since AF(x,) > 0 and AQ?%(x,) > 0, we have that A
cannot diverge to minus infinity. Likewise for large n there exists at least one
observed event time in the set B, say y,. Since AFy(y,) > 0 and AQ%(y,) > 0,
we have that A cannot diverge to infinity. .

Let h(s) be 1{s < ¢t} for arbitrary nonnegative ¢. Write F,(hg) as
gt Fo(t) — [ Fo(u)dg*(u), where g*(u) = g(u+) so that g* is right
continuous. From (A.2) we get

Fo(t)+ A& OF o)~ [ Fode”)

(A.4) ; N t

=Y QO+ Fo) [ 1/FdQ—(1-Fo(t)) [ 1/(1-Fy)dQ:.
i=1 t —00

Use Helly’s selection theorem to get a subsequence of n for which ¥, converges
pointwise, say to F, and A converges to a finite value, say A. From (A.3) we
see that Q2 is absolutely continuous with respect to ﬁ'o. This along with as-
sumption (A.1) implies that the convex hull of the support of F contains the
support of F. This allows us to use the dominated convergence theorem along
with the uniform convergence of the Q’s, the fact that both F(¢)/F(u) as a
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function of u > ¢ and (1 — F(¢))/(1 — F(u)) as a function of u < ¢ have total
variation bounded above by 1, to show that

F(t)+ A<g+(t)ﬁ’(t) - /t ng+> = i Qi(t)+ F(t)[oo 1/FdQ*
% i=1 t

—(1- F(t))f_:o 1/(1 - F)d@Q3.

We would like to write most of the terms in the above equality as integrals
with respect to ', but F, although nondecreasing, may not be right continuous.
Instead we consider F*, which is the right-hand limit of F. In the following
we derive an equation similar to the above but for F.

Since the total mass of F is bounded above by 1, F has at most a countable
number of discontinuities and therefore F* differs from F at at most a count-
able number of points. Evaluate the above equality at ¢+ A and let & decrease
to zero to get

Fr(t)+ A(g*(t)ﬁ*(t) - /_too ng*)
(A.5) s N t
=Y QW+F () [ YFdQ'-(1-F (1) [ 1/(1-F")dQ".
i=1 t —00
Now AF*(t) satisfies
AF*()(1+2g(1)) + MF*(t) — F(t)) Ag™(t)
= AF*(t) /OO 1/FtdQ' + AF’*(t)/j 1/(1 - Fd Q3.

Suppose that, at ¢, F*(¢) — F(¢) > 0. Then subtracting the equation in F from
the equation in F'* we get

00 - t ~
(A.6) 1+Ag+(t)=f 1/F+dQ1+f 1/(1— F+)d Q.
t —00
Combine the last two equations to get that if F+(¢) — F(t) > 0, then
AgT(OAN(-AFT(¢) + FF(t)— F(t)) = 0.

Let J be the countable set of points ¢ for which F*(t) — F(¢) > 0. Then,
for arbitrary t, A [ Fdgt = A[' Ftdg* — A ['_(F* — F)1,dg", which
by the above argument is equal to )\ffoo Ftdgt— f_too Mgt (u)l (u)dF ().
Equation (A.5) becomes

FH)+ f;()\g(u) +AAgT(w)1,(w) dF T (u) + AFT(—00) gt (—o0)

3 00 ~ - t -
=Y QW+F®) [ YFdQ -(1-F®) [ 1/(1-FHdQ".
i=1 t —00
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For h(s) = 1{s < t}, this implies
/h(l +Ag+AAgtL,)dFt
_ / fy hdF*
F(u)

[ hdF*
1w

Indeed the above holds for all bounded 4.
Use integration by parts to rewrite (A.7) as

A7) dQ'(w) + [ h(u)(Gy, — Gp)(u—)dFy(u)

dQ’(u).

(A.8) ‘/MuXGL—GRXwﬁdquythQOAuddﬁﬂuL
where
A(u) = Ag(@) + A 8g @1y +1- [ 1/F1dQ - [ 1/(1- FHd@’,

and A is bounded. Note that (A.1) and the above implies that F, is abso-
lutely continuous with respect to F*. Put & equal to the indicator of the
set {u: A(u) < 0} to see that this set has F™ mass zero. Next use approx-
imating simple functions and the monotone convergence theorem to show
that (A.8) holds for all nonnegative h. For arbitrary ¢, put h(z) = 1{u <
tH G — Gr)(u—)"! so that Fy(t) = ffoo Au)/(Gr, — Gg)u—)dF*(u) for all
t > 0. We see that a version of the Radon—Nikodym derivative is

(dFo/dF*)(u) = A(u)/(GL, — Gg)(u~).

Since g is a bounded function, we may put A(u) = g(u)/(G; — Gg)(u—) to
yield 0 = [ g(u)dFy(u) = [ g(w)A(u)/(GL, — Gg)(u—)dF*(u). In the follow-
ing we will need that (A.7) holds for 2 = (dF,/dF*); however, (dF,/dF*)
is not necessarily bounded. Now the left-hand side of (A.7) evaluated at A =
(dF,/ dﬁ”f) is finite and is equal to 1. Therefore by approximating (d F/d F“’)
by simple functions and using the monotone convergence theorem we get
that Py [z h*] = 1 or, equivalently, In(Pp [l h*]) = 0 for ~A* = dF,/dF+.
Since the natural logarithm is strictly concave, P [In{z.h*] < 0. However,
lp-h* = pp,/pp+- However, Pp [In(pp,/pp+] > 0 with equality if and only
if pp,/pp+ 1s equal to 1 with Py probability 1. So pp /pp+ is 1 with P,
probability 1. This means that [1{F*(u) # Fo(u)}Fo(u)dG.(u) = 0, and
JUH{F(u) # Fo(u)}(1—Fo(u))dGr(u) =0.S0, 1— [ 1/F*dQ'— [ 1/(1—
Fr)d@® = (G, — Gg)(u—) for all u. Since [1{(dFy/dF*)(u) # 1}(Gp —
Gr)u—)dFy(u) =0, we get [1{Ag(u) # 0}(Gy — Gr)(u—)dFy(u) = 0. Then
A = 0 and (dF,/dF™) is identically 1. So F* is identically equal to F,. In
this case (A.6) yields a contradiction, implying that F is right continuous and
identically equal to F.
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(ii) Finally we prove (ii). Assumption (A.1) made on the interval [o, 7] im-
plies that for large n the largest U will not have D = 3 and the smallest U will
not have D = 1. Recall that the support points of FO are restricted to the U’s.
This, along with the additional assumptions that G;(7) =1 and Gr(o0—) =0,
implies that the convex hull of the support of F is at most [o, 7] for large n,
Py, -almost surely.

For a given function i € BV[o, 7] define

R =(ep)h, & =) s

Lemma A.2 shows that these functions are well defined and uniformly bounded
and of bounded variation. For ¢ close to zero, define the submodel

Fo(il*g)
Fo(g*g)

This satisfies the null hypothesis and differentiation with respect to ¢ at zero
yields the equation

ar, = iy (1o~ R - (& - Foi)] ).

F o(il*g )
Fo(8*8)
Because the information operator preserves expectations we have ﬁ'oiz* = F‘Oh
for every h. So the preceding display can be rewritten as

F,(h*
Ao( ! g)PnEFOgA*-
Fo(g*g)

Polp, ((iz* Ryt - & - Fogf*)) —o.

Foh =P, 5 b —

Combine this with
Foh = Fot*tp h* = Py tp h*
and
0=Fog=Pptp &
to find that
. N Fo(h* .
(Fo = Foph = B, — Pr)(ta - 220 £ ia s
The functions on the right-hand side are in a Donsker class by Lemma A.2(1).

Given consistency, asymptotic normality follows. Asymptotic equicontinuity of
the sequence of empirical processes implies that, for A* = (¢£*¢ Fo)‘lh,

. Fo(h*g) ) _
Fo—F)h=(P,—-P (z R — =02 g ) + op(n~ Y2
(Fo— Fo)h =( F)| L, Fogg) ™ p( )

uniformly for £ € BV][o, 7] of norm less than or equal to 1.
In a similar fashion, using the submodel

dF, =dF(1+t[(h* — Fh™))),
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where h** = (€*¢3)"'h, we derive (F — Fo)h = (P, — Py )lp h* + op(n~1/2)
uniformly for A € BV[o, 7] of norm less than or equal to 1. Combining this
result with the corresponding result for F'j, we have

Fy(g),
Fo(grg) ™

uniformly for 2 € BV][o, 7] of norm less than or equal to 1. O

(P~ Foyh = (B, - PFO)( g*) T op(n )

A.3. Current status data: technical complements. In this section, we
show that A, and A have a rate of convergence Op(n~1/3) with respect to
the Ly-norm on [o, 7]. Furthermore, we sketch the proof of the asymptotic
normality of §. These results complement the arguments of Huang (1996).

We shall derive the rate of convergence of the estimators A and A, from
the rate of convergence of the density estimators p; ; and Po,, A, with respect
to the Hellinger distance. Rates for maximum likelihood estimators in the
Hellinger distance were expressed, in general, in the entropy of a model by
Birgé and Massart (1993) and Wong and Shen (1995). See van der Vaart and
Wellner [(1996), Section 3.4.1] for an exposition. We compute the relevant
entropy in the following lemma [cf. Huang (1996), Theorem 3.3].

Recall that we take the parameter set ¥ for (6, A) equal to the product of
a compact subset ® of R and the set of all nondecreasing, cadlag functions
A: [0, 7] — [0, M]. Given the density p, = py, A, the relevant metric in our
entropy calculation is A, given by

hy = - “d
0(Po,, A,> Doy, a,) = Po,, A, T Poy, A, Po, A, T Poy, A, M

This is the Hellinger distance between the densities py A+ pg,, A, [See van der
Vaart and Wellner (1996), Theorem 3.4.4. The “ordinary” Hellinger distance
can be used as well, and will lead to an upper bound on the rate of convergence,
but may yield a suboptimal result. The addition of the term p, helps to keep
the densities bounded away from zero.]

LEMMA A.4. Under the conditions of Theorem 2.2, there exists a constant
C such that, for every ¢ > 0,

1
log Nj(e, {po, 1> (6, A) € W}, hg) < C<g>'

PROOF. First consider the class of densities for a fixed 6. We can write
Po.a+ Po=0b1(A(y), 2) + (1 —8)bo(A(y), 2) for functions ¢; that are mono-
tone in their first argument. Thus a bracket A; < A < A, for A leads, by
substitution, readily to a bracket for p, , + p,. Since the partial derivatives
(9/du)/¢;(u, z) are uniformly bounded in (u, 2, 8) (note that p, is bounded
away from zero), there exists a constant D such that

[(612(81(9), 2) = 6219 2)) dF#(3.2) = D [ (81(5) = As(3))" d.
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Thus, brackets for A of Ly-size ¢ translate into brackets for p, , + p, of hy-size
proportional to . By, for instance, Theorem 2.7.5 of van der Vaart and Wellner
(1996), we can cover the set of all A by exp C(1/¢) brackets of size ¢.

Next, we allow 0 to vary freely as well. Since 6 is finite-dimensional and
(9/30) py.A(x) is uniformly bounded in (6, A, x), this increases the entropy
only slightly (cf. the argument given at the end of the proof of Lemma 7.1). O

In view of the preceding lemma and Theorem 3.4.4 of van der Vaart and
Wellner (1996) (see the conclusions after the theorem), the rates of convergence
of p; 1 and p, i in Hellinger distance to p, are at least Op(n~'/?). By the
following lemma this result implies rates for A and A, in the Ly-norm. (It also
implies an upper bound for the rate of 6, but this is suboptimal.)

LEMMA A.5. Under the conditions of Theorem 2.2, there exist constants
C, ¢ > 0 such that, for all A and all |0 — 6,| < ¢,

JIpia = Pl s J du= € [ (A= Ag)*(3)dy +Clo = 6o

PrROOF. The left-hand side of the lemma can be rewritten as

/ [pG,A - PeO,A0]2

12 1/2
[pe,//\ + pgé, A0]2
Since py, », is bounded away from zero, and the densities p, , are uniformly
bounded, both by assumption, the denominator can be bounded above and
below by positive constants. Thus the Hellinger distance is equivalent to the
L,-distance between the densities. The latter is equal to

[ lexpl— exp(02)A(y)] — expl— exp(0p2)Ao(»)]]* dF (3, 2).

Let g(¢) be the function exp(— exp(6z)A(y)) evaluated at 6, = t0+(1—¢)6, and
A, = tA+(1—t)A,, for fixed (y, z). Then the integrand is equal to (g(l)—g(O))2,
and hence, by the mean value theorem, there exists 0 < ¢ = #(y, z) < 1 such
that the preceding display is equal to

Py(exp[—A,(¥) exp(6,2)] exp(8,2)[(A—Ao)(3)(1+28(0—0)) +(0—09)2Ag(3)])%.

Here the multiplicative factor exp[—A,(y) exp(60,2z)] exp(6,2z) is bounded away
from zero. By dropping this term we obtain, up to a constant, a lower bound
for the left-hand side of the lemma. Next, since the function Q(:; 0y, Ay) is
bounded away from zero and infinity, we may add a factor @2(;6,, A,) and
obtain the lower bound, up to a constant,

Po(£4(00, Ag)(A — Ag)(¥)(L + 28(6 — 6)) + (0 — 05)2s(09, A))>.
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Here the function & = (1+ z£(6 — 6,)) is uniformly close to 1 if 6 is close to 6.
Furthermore, for any function g,

(Pola(8o, Ao)gly(bo, Ao))2 = (Pota(80, Ao)8(Ly(00, Ag) — Z))2
< Py(€4(6y, Ao)e‘:’)2 (I, - 1),

by the Cauchy—Schwarz inequality. Since the efficient information I is positive,
the term I, — I on the right-hand side can be written I,c for a constant
0 < ¢ < 1. The lemma now follows by application of Lemma A.6. O

LEMMA A.6. Let h, g, and g5 be measurable functions such that ¢; < h < cq
and (Pg,g5)? < cPgiPg2 for a constant ¢ < 1 and constants ¢; < 1 < ¢, close
to 1. Then

P(g1h + g,)* = C(Pg? + Pg?),

for a constant C depending on c, ¢; and ¢y that approaches 1 — /c as ¢; 1 1
and cq | 1.

PROOF. We may first use the inequalities
(817 + 82)* = c187h + 281hgs + ¢3 ' g3h
= (814 82)°h + (c1 — Dgih + (1 — ;) g3h
> ¢1(g7 +28182 + 85) + (1 — Deagt + (3" — 1)g3.

Next, we integrate this with respect to P and use the inequality for Pg, g5 on
the second term to see that the left-hand side of the lemma is bounded below
by

o (Pgi- 2/cPgiPg}+ Pg}) +(e1 — DeyPal + (" — Dey P,
Finally, apply the inequality 2xy < x2 + y2 on the second term. O

Finally, we sketch a proof that the maximum likelihood estimator
for 6 is asymptotically efficient. Since 6 maximizes the function ¢ —
P, Inlik(¢, A,(0, A)) over t, we have

P, i(-; 0, A, 6) =0.

By the Donsker property of the class of functions ¢(-;¢, A, ) and the consis-
tency of (0, A), we have, with G, = /n(P, — P,), the empirical process

Gn(€(5 0, A, 6) — £(+5 05, Ag, 6,)) —p O.
Combining these two equations, we see that

— NPy 6, A, 0) =G, (65, Ay, 65) + 0p(1).
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By the same argument as used for the verification of (3.15), we can use the
Op(n~Y3)-rate of A in L, to prove that

\/EPOE(> 005 A: 60) —P 0.

We add this equation to the preceding display and next use the mean value
theorem on the left-hand side to obtain that, for some point 6 between 6 and

—Vn(0 = 0g)Poi(5 8, A) = G, £(; 85, Ag, ) + 0p(1).

Here, Pyi(:; 6, f\) converges to —1I. [Note that the identity P,,7A€(-; 0,A,0)=0
implies that PoK(, 00, Ao) = —Pogg(eo, Ao)f(, 00, Ao, 60)] Equation (35) fol-
lows, since £(+; 6y, Ay, 0y) = £.

REFERENCES

ANDERSEN, P. K., BORGAN, @., GILL, R. D. and KEIDING, N. (1993). Statistical Models Based on
Counting Processes. Springer, New York.

BICKEL, P., KLAASSEN, C., RITOV, Y. and WELLNER, J. (1993). Efficient and Adaptive Estimation
for Semiparametric Models. Johns Hopkins Univ. Press.

BIRGE, L. and MASSART, P. (1993). Rates of convergence for minimum contrast estimators. Probab.
Theory Related Fields 97 113-150.

CHANG, M. N. (1990). Weak convergence of a self-consistent estimator of the survival function
with doubly censored data. Ann. Statist. 18 391-404.

CHANG, M. N. and YANG, G. L. (1987). Strong consistency of a nonparametric estimator of the
survival function with doubly censored data. Ann. Statist. 15 1536-1547.

Cox, D. R. and HINKLEY, D. V. (1974). Theoretical Statistics. Chapman and Hall, London.

GILL, R. D. (1989). Non- and semi-parametric maximum likelihood estimators and the von-Mises
method (part I). Scand. J. Statist. 16 97-128.

GILL, R. D., VAN DER LAAN, M. J. and WUJERS, B. J. (1995). The line segment problem. Preprint.

GINE, E. and ZINN, J. (1986). Lectures on the central limit theorem for empirical processes. Lecture
Notes in Math. 1221 50-11. Springer, Berlin.

GROENEBOOM, P. (1987). Asymptotics for interval censored observations. Report 87-18, Dept.
Mathematics, Univ. Amsterdam.

GROENEBOOM, P. and WELLNER, J. A. (1992). Information Bounds and Nonparametric Maximum
Likelihood Estimation. Birkhduser, Basel.

GuU, M. G. and ZHANG, C. H. (1993). Asymptotic properties of self-consistent estimators based on
doubly censored data. Ann. Statist. 21 611-624.

HaALL, P. and LA ScALA, B. (1990). Methodology and algorithms of empirical likelihood. Internat.
Statist. Rev. 58 109-1217.

HUANG, J. (1996). Efficient estimation for the Cox model with interval censoring. Ann. Statist.
24 540-568.

HUANG, J. and WELLNER, J. A. (1995). Efficient estimation for the Cox model with Case 2 interval
censoring. Preprint.

KIEFER, J. and WOLFOWITZ, J. (1956). Consistency of the maximum likelihood estimator in the
presence of infinitely many nuisance parameters. Ann. Math. Statist. 27 887-906.

KLAASSEN, C. A. J. (1987). Consistent estimation of the influence function of locally efficient
estimates. Ann. Statist. 15 617-627.

L1, G. (1995). On nonparametric likelihood ratio estimation of survival probabilities for censored
data. Statist. Probab. Lett. 25 95-104.

MURPHY, S. A. (1994). Consistency in a proportional hazards model incorporating a random effect.
Ann. Statist. 22 712-731.

MURPHY, S. A. (1995a). Asymptotic theory for the frailty model Ann. Statist. 23 182-198.



SEMIPARAMETRIC LIKELIHOOD RATIOS 1509

MURPHY, S. A. (1995b). Likelihood ratio based confidence intervals in survival analysis. J. Amer.
Statist. Assoc. 90 1399-1405.

NIELSEN, G. G., GILL, R. D., ANDERSEN, P. K. and SORENSEN, T. I. (1992). A counting process
approach to maximum likelihood estimation in frailty models. Scand. J. Statist. 19
25-44.

OSSIANDER, M. (1987). A central limit theorem under metric entropy with Lo bracketing. Ann.
Probab. 15 897-919.

OWEN, A. B. (1988). Empirical likelihood ratio confidence intervals for a single functional.
Biometrika 75 237-249.

PFANZAGL, J. (1990). Estimation in Semiparametric Models. Lecture Notes in Statist. 63. Springer,
New York.

QIN, J. (1993). Empirical likelihood in biased sample problems. Ann. Statist. 21 1182-1196.

QIN, J. and LAWLESS, J. (1994). Empirical likelihood and general estimating equations. Ann.
Statist. 22 300-325.

QIN, J. and WONG, A. (1996). Empirical likelihood in a semi-parametric model. Scand. J. Statist.
23 209-220.

RAO, R. R. (1963). The law of large numbers for D[0, 1]-valued random variables. Theory Probab.
Appl. 8 T-74.

ROEDER, K., CARROLL, R. J. and LINDSAY, B. G. (1996). A semiparametric mixture approach to
case—control studies with errors in covariables. J. Amer. Statist. Assoc. 91 722-732.

RUDIN, W. (1973). Functional Analysis. McGraw-Hill, New York.

THOMAS, D. R. and GRUNKEMEIER, G. L. (1975). Confidence interval estimation of survival prob-
abilities for censored data. J. Amer. Statist. Assoc. 70 865-871.

VAN DER LAAN, M. (1993). Efficient and inefficient estimation in semiparametric models. Ph.D.
dissertation, Univ. Utrecht.

VAN DER VAART, A. W. (1991). On differentiable functionals. Ann. Statist. 19 178-204.

VAN DER VAART, A. W. (1994a). Infinite dimensional M-estimators In Proceedings of the 6th
International Vilnius Conference (B. Grigelionis, J. Kubilius, H. Pragarauskas and
V. Statulevicius, eds.) 715-734. VSP International Science Publishers, Zeist.

VAN DER VAART, A. W. (1994b). Bracketing smooth functions. Stochastic Process. Appl. 52 93—-105.

VAN DER VAART, A. W. (1994¢). On a model of Hasminskii and Ibragimov. In Proceedings of the
Kolmogorov Semester at the Euler International Mathematical Institute, St. Petersburg
(A. A. Zaitsev, ed.). North-Holland, Amsterdam. To appear.

VAN DER VAART, A. W. (1996). Efficient estimation in semiparametric models. Ann. Statist. 24
862-878.

VAN DER VAART, A. W. and WELLNER, J. A. (1996). Weak Convergence and Empirical Processes.
Springer, New York.

WUIERS, B. J. (1995). Nonparametric estimation for a windowed line-segment process. Ph.D. dis-
sertation, Univ. Utrecht.

WonNG, W. H. and SHEN, X. (1995). Probability inequalities for likelihood ratios and convergence
rates of sieve MLEs. Ann. Statist. 23 339-362.

DEPARTMENT OF STATISTICS DEPARTMENT OF MATHEMATICS
PENNSYLVANIA STATE UNIVERSITY FREE UNIVERSITY

326 CLASSROOM BUILDING DE BOELELAAN 1081A
UNIVERSITY PARK, PENNSYLVANIA 16802 1081 HV AMSTERDAM

E-MAIL: murphy@stat.psu.edu NETHERLANDS

E-MAIL: aad@cs.vu.nl



