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1. Introduction.

Let {N,F,t > 0} be a (univariate) point process. The intensity {A,t > 0} of N is
assumed multiplicative, in the sense that

(1.1 A = 7

Here Z, is a non-negative adapted process and o € A, an infinite dimensional collec-

tion of a non-negative right continuous (non-random) functions on [0, ) satisfying
t

jas ds < co. The parameter &t € A is unknown, and the statistical problem, roughly
0

t
speaking, is to estimate the integral Ias ds on some interval, say 0 <t < 1. See sec-
0

tion 2 for a more precise description; see, e.g., Jacobsen, 1982, for basic facts about
this multiplicative intensity model.
t
The Aalen estimate of A(a; t) = jas ds is the process
0 .

t
(1.2) A® = [Z)'{Z, > 0)N@s), 0<t<1
0

These estimates are attractive because of their asymptotic normality and their easy
computability. There is some work (Jacobsen, 1982, p. 148ff and Karr, 1988) to show
that they are similar to maximum likelihood estimates. The present paper shows that
they are also quite similar to the empirical cdf as it is used in problems involving iid
observations. )

The MLE in classical parametric problems, and the empirical cdf, share an asymp-
totic optimality called the local asymptotic minimax (LAM) property. In the
parametric case this property roughly amounts to the assertion that, among all possible
estimates of the parameter, the MLE has smallest asymptotic variance. The assertion
for the empirical cdf is analogous: among all estimates of the underlying cdf, the
empirical cdf has the ‘‘smallest asymptotic risk’’. Thus LAM is an efficiency pro-
perty. In section 2, we prove that, in an appropriate framework, the Aalen estimators
are LAM in a sense very close to that of the empirical cdf.

The MLE’s in classical parametric problems and the empirical cdf, share another
efficiency property, called a convolution theorem. In the MLE case, this asserts essen-
tially that the asymptotic distribution of the MLE is always ‘‘less spread out’’ than the
asymptotic distribution of any other regular estimate of the parameter. A similar
result, due to Beran 1977, holds for the empirical cdf. In section 3, we prove under
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suitable conditions that a convolution theorem holds for A.

The empirical cdf can be used to construct confidence bands for the underlying cdf.
t

One would like to use A similarly to construct confidence bands for A (a; t) = Ias ds.
Such bands could then be used, e.g., for goodness of fit tests. The construction of
such bands in the cdf case is eased considerably by the fact that the Kolmogorov-
Smirnov statistic is distribution free, a convenience not shared by the present situation.
None the less, in section 5 we provide two methods for constructing confidence bands
for A (a; -) which have correct asymptotic level. These bands are also shown to have
an asymptotic efficiency property; this development utilizes a kind of LAM property
for set valued estimates developed in Beran, Millar, 1985.

In a multiplicative intensity model it is often possible, as shown by Jacobsen, 1982,
section 5.3, to construct estimators of the product limit type. The development of this
paper automatically provides LAM results, a convolution theorem, and optimal
confidence band constructions for these estimates as well. These results follow easily
from more general results concerning the estimation of §(A(a; -)) where & is a
‘‘differentiable’’ functional. Our development is designed to show the applicability of
our results to the problem of optimally estimating A(a; -) when a is constrained —
e.g., assumed to be an increasing function. Section 4 gives two applications of our
results to the problem of constrained estimation.

. This introduction has emphasized the similarities between the problem of estimat-
ing a cdf and that of estimating A(a; -). On the other hand, there are important
differences other than mathematical complexity. Perhaps the most interesting
difference is that, properly formulated (see section 2), the Aalen estimators in general
estimate random functions, not deterministic ones. Such an estimation problem cannot
fit into the Le Cam theory of experiments, (Le Cam, 1988) and, hence optimality
results derived under that theory do not typically extend to this more general frame-
work. The method described here (cf section 2) is to make the randomness in the
effective parameter disappear asymptotically; such a phenomenon holds in a number of
practical examples. On the other hand, this device is far from being generally satisfac-
tory. Indeed, the development of a general LAM theory for optimally estimating ran-
dom parameters is an important problem which will be discussed elsewhere.

The developments of this paper require several results from the theory of Aalen
processes, and a good deal of abstract LAM theory for infinite dimensional parameter
sets. To shorten the exposition, we shall refer the reader to the appropriate sections of
Jacobsen, 1982, for the former, and to sections in Millar, 1983, for the latter. The
recent monograph of Karr, 1986, could also be used for background on Aalen
processes. '



2. LAM property.

Let {N,,F,,,0 <t <1}, n=1.2,.., be a sequence of (univariate) Aalen processes;
the intensity of N is then of the form

(2.1) Apg = 04 Zp,

where o € A, and, for each n, Z, satisfies the conditions given on pp. 115-116 of
Jacobsen. In many applications, N, is the sum of n iid copies of a given process, in
which case Z,, is then a sum of iid processes. We shall, however, not make the iid
assumption.

The Aalen parameter o € A does not completely specify the distribution of the
process {N,,,t > 0}. Let B be another parameter with values in a normed space. We
assume that the pair (o, ) determine the distribution of N,. The necessity for intro-

ducing B, as well as an instance of such a P, are apparent in Example 4.2; see also
Illustration 5.1. Let

2.2) 2 = law of {N,,,0 s t < 1)

when the intensity is given by (2.1). Expectation under Pgg will be denoted by Egg.

This section develops a LAM result in the neighborhood of a pre-selected point
(09, Bp). In this development, the parameter B can be ignored, so throughout this sec-
tion and section 3, we shall for simplicity write Pg for Pgg , and Eg for Egg . In

section 4, the role of B becomes crucial, and so the notation (2.2) will resurface there.
Define for o € A

o t
Ap(a; ) = [ I{Zys > O)ds.
0

The estimation problem is then usually defined as that of estimating the random pro-
]
cess A, (a; t) on some interval, which we henceforth take to be [0,1]. Under the

o
hypotheses given below, it turns out that A_ (a; t) is asymptotically equivalent to

t

2.3) Ag(as 1) = Jo I{E§ Z,, > 0} ds,
0

(o]
a non-random function, and so we shall deal with A (o ; -) throughout instead of A,.
Justification for this appears in the proof of theorem 2.1. The reason usually given for

o
estimating A, instead of A (a; -) is that it is impossible -to make inference about o
on the set of time points s where Z,; = 0. The Aalen estimator A_ (-) is given by

t
(2.4) A = [Zos) 1{Zys > 0} N, (ds).
0
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To formulate the LAM property, note first that A (o ; -) and An(°) both have
values in the Banach space L. ([0,1]), the bounded real functions on [0,1] with
supremum norm. Denote the norm of L, by ||-|]l. Let / be a non-negative subconvex
function on L, such as / (x) = ||x||A a, x e L. Let T, be an estimator of A (a; )
available at stage n; it is assumed that T,, is an L_-valued random variable. If o € A,
then the risk at o, if T, is our estimate, is

2.5) Eq {2y (T, = Aq ()}

Here {a,} is a fixed sequence of numbers, a, < a,,;; in many examples, a, = n'Z. For
convenience, assume from now on that / is bounded and continous; this assumption is
easily removed by familiar arguments.

To formulate the LAM result, fix oy € A and define D(n,c) = D(n,c,09) = {a € A:

HA, () — A (0]l <ca; 1}, Let T, denote the collection of estimators of A, (o)
available at stage n.

THEOREM 2.1. (LAM) Assume (2.7) - (2.12) below. Then, if An(-) is the Aalen
estimate,

limlim inf sup EZ2/{a (T - A,(o)}

cTee n TeT,aeDn,c)

= lim lim su )E{,‘l{an(An—An(a))}

cTeo n—ree ae D(n,c
The common value of the limit is characterized in proposition 2.1.

Here are the assumptions for theorem 1, formulated for the fixed o, above. The
first two assumptions are triangular array variants of those in Jacobsen, sec. 5.2 (except
we do not assume a product model); these two assumptions ensure the asymptotic nor-
mality of An To formulate them, let o, denote a sequence in A such that for some ¢

Ost<1

t
(2.6) sup | for,ds — A, (0g; )] < cagl.
0

Then we assume:

(2.7) there exists a non-decreasing continuous function @ (depending on o) with
@, =0, such that foreacht,0 <t <1

t
fonsal(Zy)  1{Z, > 0)ds — @,
0

in Pg_probability, whenever o, satisfies (2.6).

(2.8) forall e >0, all t € [0,1], whenever o, satisfies (2.6),
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t
HmEZ [onsa2(Z) ' 1{0< Z, < ael) = 0
n 0

Introduce a third assumption:

(2.9) whenever o, satisfies (2.6)
1

lim a,, [ 0t I{Eg. Zys > OYP2 (Z,, = 0} ds = O.
n 0

o
This assumption permits us to replace A, (o) by Ap(oy;-) in the asymptotic
arguments, as described earlier in this section.

Here is the fourth assumption:

(2.10) there is a real function q, on the interval 0 < s < 1, such that

t t
@) 2y [ Ong (Zo) ' 1{Zs > 0)ds > [ty (q) 'L ds = @,
0 0

and also

t t
(i) a2 fong Zn I{Zy > 0}ds > [0, gL ds = P,
0 0

where I, =1if g, > 0, I, =0 if g, = 0.

The convergences above are in Pg_ probability. Assumption (2.10i) merely nar-
rows (2.7) a bit. Part (ii) guarantees convergence of (in the sense of Le Cam) certain
statistical experiments, and the ‘symmetric’ nature of the two limits allows one to
relate this convergence to that of the Aalen estimator. In case Z, is the sum of iid
copies of Z and a2 = n, one gets q, = EZ; by the law of large numbers, and so (2.10)
holds under modest integrability conditions.

Our fifth assumption is:

(2.11) whenever o, satisfies (2.6)
1
lim [[I{E} Z,, > 0} — [t (q) I ds = 0.
no

This assumption is technical: it allows locally the replacement of
t t

Al'(o) = I(st{E&‘Zns > 0} ds by Ias L, after certain preliminary reductions.
0 0

The final assumption is that o be a radial point of the parameter set A. To
describe this concept, let H be the Hilbert space of real functions on [0,1] with the L2
norm given by the measure 0y (s)q;’! I;ds, so if h € H, |h|,_2; = jh(s)zao(s) [q@s)]!
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I(s)ds. In particular h(s) = h(s) I(s), as elements of H. Then A is radial at oy € A if,
for each h in a dense set Hy < H, the function oy(s) + oy(s)a, 1 h(s)q(s)‘1 I(s)
belongs to A for all sufficiently large n. This property asserts a sense in which oy is
not a ‘‘boundary point’> of A; it also ensures the ‘‘infinite dimensionality’’ of A.
Thus, the final assumption is

(2.12) oy is radial in A.

Remark. Assumption (2.6) can be weakened. An LAM result like Theorem (2.1) can
be proved if, in (2.6), only o, of the form o, = 0ty + 0ghqla;! are used.

Having given the basic assumptions, we may now characterize the LAM lower bound
in theorem 1.

Proposition 2.1. Under assumptions (2.7) - (2.12), the common value in theorem 1 is
El X)
where X = {X,,0<t< 1}, X, =W o @, and W = (W, s > 0} is standard Brownian
motion on the line; ®, was given in (2.7).
This proposition is immediate from the following

Proof of theorem 1: We first check that the second expression in theorem 1 is equal
to E/(X), defined in Proposition 2.1. Let o, € A satisfy (2.6). By (2.7), (2.8) and
Rebolledo’s CLT (Rebolledo, 1978; see also Jacobsen, p. 163) we find that

an[An(t) -Aj(o,;D], O<t<1

converges in L_[0,1] to {X,,0 <s < 1}. Next, note that

(]
anll Ap (0n;*) = Ap(oy; )l = O
since this last display equals

1
a [ 0 ()1 {Z, 5 = 0} I{EZ Z,,, > 0)ds
0

which goes to zero by (2.9). Thus for every o, satisfying (2.6)

an[AL () = Ap (03 )] = X.
Since o, could have been chosen to achieve the supremum over D (n,c), it follows that
the second expression in theorem 2.1 is E/ (X).

To finish the proof, it suffices to show that the first expression in theorem 1
exceeds El(X). Let H be the Hilbert space of real functions on [0,1] introduced
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t
before (2.12). Define a mapping ©: H — C[0,1] by (th) (t) = [h(s) g (s)q" ()L .
0

If ©* is the adjoint of T, then integration by parts shows that if m € C*[0,1], dual of
C[0,1], then (t*m) (t) = m{[t,1]}; thus, | T*m|3
1
= fm[s, 112 a,q;'Ids
0

= [ 15,17 @ Ig 17 (V)% 4 I, dsm(du) m(dv)
UAV

= [[ | 0595 I;ds m(du) m(dv)
(V]

= || @y, m(du) m(dv)

by (2.10i). Thus (t,H,B), B = 7H (closure in C[0,1] of the image of H under 1) is
an abstract Wiener space, and the standard normal Qj° on B is the law of
X = {X,0 < t < 1}; see Millar, 1983, Chs V, VL

Let {Qy,h € H} denote the Gaussian shift experiment for (t,H,B). Then, for exam-
ple, under Qg’,

1
log dQy°/dQg) ) = [h(s)dx(s) — 1/2|h|j, x e B.
0

Next, consider the experiment {Qy,h € H}, defined as follows. Q! is the distribu-
tion of {N,,,0 <t < 1} under Py, when o, has the form

(2.13) o, = og[1+hgilLasl], 0<s<1.

We shall argue that the experiments {Q),h € H} converge, in the sense of Le Cam, to
{Qy’,h € H}; see Millar, 1983, ChII for an exposition of this notion of convergence
that is easily applicable to the present situation; a deeper development is Le Cam,
1986.

By (2.10ii) and Rebolledo’s CLT,
t
(2.13) a Ny, — [0 Z,ds; 0<t<1) = (Y, 0<t<1)
0

where Y.=Wo vy, and ¥ was defined in (2.10ii). Let
o, = oy + oghlq'a;! = o + 0y a;l. Then using the form of the likelihood ratios
for Aalen models (cf Jacobsen, ChIV), we find log dQy'/dQg = logdPg /dPg

1 1
= —a;! g OtgsOysZns ds + g log[1+ a;loy ]dN,



1 1
= ax.l-l,[als[dNn,s — Ogs Zpsds] - 1/2.’-a;2(a15)2dN"'s.
0 0

Because of (2.13), this converges to

1 1
fogsdY, — 122 f(oye)* d¥,
0 0

1 1
[h(s) [q) 17 LAY, — 122 [[h(s)/q(s) > ¥
0 0

1 1
= [h(s)dX, - 12[[h(s)]*dD,
0 0

using, e.g. Doob, 1953, p.

Thus the log likelihoods of {Q,h € H} converge to those of {Q;”,h € H}. Since
the likelihoods are asymptotically quadratic in the parameter h, this implies that the
experiments converge in the sense of Le Cam.

The form of the LAM lower bound can now be deduced from the Hajek-Le Cam
theorem (Le Cam, 1972; Millar, 1983, chll). Indeed, since o, is radial

D(n,c) = Dy(n,c)
1
where D (n,c) consists of all o of the form (2:13) having _[ ogs I hglas I < ¢, h e H,.
0

Moreover, for o of the form (2.13), hypothesis (2.11) implies that

Ap(@;+) = Ap(0g; *) + a7 oo hyg  LI(ES, Z,, > 0) ds

A, (ag; +) + a7l th + ofa]l).

Therefore

inf s&g‘c)jl [, (T - Ay (s -)1dPg

TeT, e

> inf l - A (a; - o
> %?T,,ae?)umc)j [a,(T - A, (a; +))]1dPg

> inf I[T-1h]dQ® + o(1).
Tlngh:?Ehplsc'[ [ ] Qh 0()

By the asymptotic minimax theorem and the minimax value for a Gaussian experiment

(e.g., Millar, 1983, chVI, p. 133), this last expression above is minimized in the limit

(as n — o and then ¢ T o) by El (X). (A completely detailed proof would use the

argument on p. 147 of Millar, 1983, to justify interchanging lim and lim.) This com-
Cc n .



pletes the proof.

3. Functionals of the integrated Aalen parameter.

Let € be a mapping defined on L [0, 1] with values in some Banach space B,.

The task is to estimate & (A, (a;-)) (or §(A (oe; -))). Under regularity conditions on
& we show first that the natural estimator & (A,), where A, is the Aalen estimate of
section 2, is LAM (Proposition 3.1) and efficient in the sense of a convolution theorem
(Proposition 3.2). These results are then applied to show that the ‘‘product limit’’ esti-
mators associated with multiplicative intensity models are also LAM and convolution-
efficient. The next section presents some illustrations of estimation problems when the
Aalen parameter is subject to constraints.

To give the required smoothness property for &, fix oy, and bring in the Hilbert
space H of section 1. Again assume that oy is radial, and let Hy be the subset of H
given in the definition (cf., (2.12)). Define § to be Hj-differentiable at o if, for each

h e H,
(3.1 an [§(Ay (o) — E(Aq(0))]
= & o 1th + o(1)
where & is a continuous linear map of L_[0,1] to B, (depending on o only), and
where o, is an Aalen parameter of the form
(3.2) oy + oghqlIajl.

This differentiability condition is much weaker than Fréchet differentiability; how-
ever, the latter will suffice for the examples discussed in the next section. Let T,
denote all estimators of & (A, (o)) available at time n, and let / be bounded and sub-
convex in B,. '

Proposition 3.1: LAM. Assume the hypotheses of theorem 2.1, and that & satisfies
the differentiability hypothesis (3.1). Assume also that the range of &’ is dense in B,.
Then

lim lim inf J)c)'fl[an(T E(AL(@)]dP? > EIE o X)

cToo n—yeo Te T, 0t D

where D(n,c), X are as in theorem 2.1. If

(3.3) a,[EA) -EAL ()] = & o X,

under Pg whenever {o,} is an arbitrary sequence such that o, € D(n,c), then §(An) is
LAM in the sense that
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linlim sup [112,E(Ap - E(AL () ]dPE = ELE o X).

cToo h—300 D

The proof of proposition 3.1 appears in section 6.

Remarks 3.1. (a) The condition (3.3) is obviously satisfied if & is Fréchet
differentiable, or even compact differentiable (cf., Reeds, 1976). Condition 3.3 does
not follow from the condition (3.1). As is familiar from experience, and as Reeds
pointed out at some length, studying the differentiability properties of € will often not
be the best way to establish (3.3).

(b) The requirement that the range of &’ be dense in B, can be weakened. One can
assume this range to be a complemented subspace of B,, where the associated projec-
tion T onto this range has norm < 1. In this case assume in addition that
I (x) = g(l|x]l) where g is an increasing function, and || || is the norm of B,. Then the
LAM lower bound becomes El [t o & o X], and the LAM estimate, under regularity
assumptions on &, becomes T o E(A,).

Let us turn next to a convolution theorem. Again fix the radial point ¢y and bring in
H,. Define an estimator T, of & (A, (®)) to be Hq-regular if there is a probability G

on B, such that for every h € Hy:

(34) ay [Ty — E(Ap (o)1 = Gy,

convergence in distribution under Qj. Here oy, is defined by (3.2). Let
(3.5) vy = distribution of § o X

where X is defined in proposition (2.1).

Proposition 3.2: convolution. Assume the hypotheses of theorem 2.1, and that 14
satisfies the differentiability hypotheses (3.1). Assume also that the range of &’ is
dense in B,. Let T, be an H, a regular estimator with limit distribution Gy, as given
by (3.4). Then there exists a probability i on B, such that

Gy = 1 * V.

If, in addition, (3.3) holds, then Y;(An) is an H, regular estimate, and is efficient in the
sense that its | is unit mass at 0 € B,.

The proof will be given in section 6.

Remarks 3.2. (a) Under the assumptions of Proposition 3.2, f\n is a regular estimate
of £ ;-), and so is efficient. Thus, the ‘‘convolution-efficiency’’ of §(An) hinges
on properties of & only — see Remarks 3.1, (a).



-11 -

(b) If & is not one-to-one, it is possible to get by with an even weaker notion of regu-
larity. Let Hyy be a subspace of Hy, and define Hyy-regularity analogously to (3.4).
Let § be differentiable with respect to Hy (i.e., replace Hy by Hy in definition (3.1)).

Let N be the null space of the mapping & o T, and assume Nt > Hy,. Then the con-
clusion of proposition 3.2 continues to hold.

The foregoing results provide a simple way to establish the asymptotic optimality
of the so-called product limit estimators. To see this, take &: L..[0,1] > L_[0,1] as
follows: if ge L[0,1],

(3.6) E@® = exp(-g®)}, te[0,1].
Then & is differentiable (in the sense of Fréchet), with derivative at gy € L., given by
BN @O = &E:a®
= —g)exp{-g ()} te [0,1].
The statistical problem addressed here is the estimation of
E(A (s +))

as an element of L_([0,1]). By propositions (3.1), (3.2), an optimal estimate is
§(An). On the other hand, a currently popular estimator, based on an extensive history
dating at least to 1957, is the product limit estimator defined by

(3.8) Ga® = I[1 - (ANw/Z) [{Zys > 0}].

Thanks to work of Jacobsen (1982, section 5.3), it is easy to see in our development
that these estimators are, under suitable conditions, also optimal.

To set this up, assume the hypotheses of Theorem 2.1, with o, fixed. Define

t
(3.9) G(og; t) = exp{—foygLds}
0

and let {Y,,0 < s <1} be the process
(3.10) Ys = X;G(0; 5)

where {X} was defined in section 2. Let now T, denote all estimators available at
time n for the parameter & (A, (; -)).

Proposition 3.3. Assume the hypotheses of theorem 2.1. Assume in addition the

hypotheses of Jacobsen’s corollary 5.3.9, in triangular array form as exemplified by

(2.10). Assume that Jacobsen’s t: (Jacobsen, p. 181) satisfies lim P&‘n [tn* >1}=1.
n-—yoo

Then Gn is a LAM estimate on L_[0,1]:
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lim lim inf sup jl [a,(T, - &A, (o))} 1dP2

cToo n—o0 TeT, Cte

—hmhm o jl[an{G - E(A, (o)} 1dPg

cToo n—300 0 DI

(3.11)

= EI(Y).

In addition, a convolution theorem holds: if T" is any Hj regular estimate of & (A, (o0))
(cf. (3.4) above), then

3.12) V[T, - E(Ay(0)] = Y + Y

under P&‘n; here Y’ is an L., [0,1] random variable independent of Y.

Proof of Proposition 3.3. Since in the present case & is Fréchet differentiable, we
may apply propositions 3.1, 3.2 and the differentiability of £ to deduce that the LAM
lower bound is El [£'(X)]. The form of & ensures that &’ (X)(s) = Y, as defined in
(3.10). On the other hand, Jacobsen’s result 5.3.9 (when put in triangular array form)
ensures that the product limit estimator Gn (s) has the limit Y, (in distribution on
L..[0,1]) and this completes the proof.

Remark 3.1. The foregoing results imply that, from the point of view of asymprotic
optimality, there is no reason to consider the P-L estimators superior to the obvious
transformation of the Aalen estimators. The Aalen estimators have in addition, a
rather simpler asymptotic theory and they generalized easily to higher dimensions. On
the other hand, there appear to be no systematic studies comparing the small sample
behavior of these two competing estimates. The P-L estimate (like the empirical cdf)
has a characterization in terms of MLE concepts; according to Karr (1988), however,
the Aalen estimator also has an MLE interpretation (at least asymptotically). In any
case, the ML property is not generally regarded as an ‘‘optimality’’ property, from the
point of view of standard decision theory.

Let us now turn to some examples of the use of this development.

4. Aalen parameters with constraints.

This section addresses the question whether the Aalen estimate of A, (o ; *) loses
efficiency when the Aalen parameter o is subject to ‘‘constraints’’. This, of course, is
a complicated question; we address it here in the context of two substantive examples,
where the kind of ‘‘constraint’’ often has a transparent physical interpretation. Our

goal here is to indicate the scope of the abstract results of previous sections. In these
illustrations a, = nl2,
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Example 4.1: hazard functions under a monotone constraint.

Let x;, . . ., X, be ii.d. non-negative random variables with c.d.f. F. Assume that
n

F has density f, and that F(1) < 1. Let N, = 21 I{x; < t}; henceforth we delete the
1=

subscript n. As is well-known, this point process may be formulated as a multiplica-
tive intensity model with a.(t) = f(t)/F(t) and Z, = n - N_. Here F(t) = 1 — F(¢).

For unknown F let us consider the problem of estimating on [0,1] the integral of
the hazard function o = f/F, under the assumption that o is known to be an increas-
ing function. (In the theory of reliability, this constraint is called ‘‘increasing failure
rate’’ and is usually denoted by ‘‘IFR’’.). Thus, in the notations of section 2,
A = {increasing hazard functions}. Although the elements of A are subject to a con-
straint, we shall permit the use of any estimator of A, (&) at all even if it does not pre-

(o}
cisely have the form ja, & e A. The Aalen-Nelson estimate for A, (a,t) =

t
Jo(s)I{N,_ < n}ds is
0

Il

A,® = [ - N I{N_ < n} N(ds)
0

N:An

T [n-k-DJL
k=1

We shall argue first that An(a, t) is a LAM estimate of A, (a,t) at &y € A, whenever
0 is ‘‘radial’’ in A.
To set this up, let us define for ae A, the corresponding cdf F, by

t
1-F,@® = exp[—‘fasds}. Fix 0 € A, and abbreviate F, by F,. By the law of large
0

numbers ——iﬂ - 1_30; since Fy(1) < 1 by assumption, one then identifies the function qg

of section 2 as qg = Fy(s), and I there is given by I, =1 (0 < s < 1). The hazard
function oy will therefore be radial if n™2a,(s)h(s)/Fy(s) + 0 (s) is an increasing
function for a dense set of h in H (cf (2.12)), at least for all sufficiently large n. (The
size of n in the previous statement can depend on h). The hazard function
o + n“’zaoh/F will be increasing if its derivative is positive; this leads to the condi-
tion that n™2 (0’ Fy, + hf)ay/Fy + [(n™V2h/Fp) + 1]y’ be non-negative. Thus if o’
is positive, and bounded away from 0 on [0,1], it is easy to see that the hazard func-
tion oy + n"Y20yh/F, will be increasing for large n, if h and h’ are bounded on
[0,1]. Such h give a dense subset of H, so oy is radial in A provided only that

0inf1 0oy’ (s) > 0. The triangular array assumptions of section 2 can be checked in the
<s<
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present situation by using familiar triangular array results for empirical processes (cf
Beran and Millar 1986, section 4, for example). The mapping P, which determines
the asymptotic distribution is @, = F, (t)/?o (t) (cf (2.7). Since the other assumptions
in section 2 are readily verified, we find by theorem 2.1 that the Aalen-Nelson estima-
tor is LAM at each hazard function 0 in the collection of increasing hazard functions,
having derivative bounded away from 0 on compact intervals: i.e. at every oy that is
strictly increasing and differentiable.

Similar LAM results can be established for other collection A of hazard functions.
For example, one may take A to consist of all hazard functions which are decreasing

(DFR in reliability terminology) or A could be the collection of all convex hazard
functions, and so forth.

Next, consider the functional E:A > CR" given by

t
E@@®=1- exp{—ja(s)ds}. If A is regarded as a subset of L_(R"), then each
0

o € A yields an integrated fa which is in C(R"). Therefore we may regard & as a
map of C(R") — CR’), using the recipe E&(c)(t)=1-exp{—c@®)}. If

t
Colt) = I%(S) ds, then & is differentiable at cy, with derivative &' (c) = &’ (cy; ¢) given
0
by (cf., (3.7)):
& (co; © () = Fqy (Hc).

Of course E,(I o) = F,. We therefore may estimate F,, for unknown o € A, where
A = {increasing hazard functions}, by using &(An , where f\n is the Aalen-Nelson esti-
mator. Proposition 3.1 then shows that this estimator is a LAM estimate of Fy = F, at
any oy radial for A, and that the limit distribution is & (X) where X =B o @,
® (t) = Fy(t)/Fy(t). The form of & then guarantees that £’ (X) is the usual Brownian
Bridge: the mean O gaussian process with covariance Fy(s A t) — Fy(s)Fy(t). Let f*‘n
be the empirical measure of x;, ..., X, then ‘/H(I:?n — Fp) has the same asymptotic
behavior as nl’z[é(An) — E(A(atp))] and so F, is a LAM estimate of F,, 0 € A also.
For the case A = {increasing hazard functions} this latter result was established, in
slightly greater generality, in Millar, 1979.

Example 4.2: Censored data, with constraints. Let x,, . . . , x, be non-negative iid
random variables with common cdf F, and let y,, . . ., y, ‘be iid non-negative random
variables, independent of ({x;,1 <i<n}, and having common cdf G. Let
m; = min{x;y;} & =I{x;<y;} and set N,= ?I{mj <t,8,=1}). Assume F has a
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density f, and that F, G have common support that strictly includes the interval [0,1].
The foregoing is well known to be an Aalen model with o (t) =f(t)/ F(),

n — —
Z,= i=le{mi > t}. Since Z,/n — F(t)A G(t), the special functions q, and I of sec-

tion 2 can be identified as I;=1, O0<s<1 (since F(I)AG(1)<1) and
qs = F(s) A G(s).

As in Example 4.1, let us consider the problem of estimating the indefinite integral
of the hazard functions o, under the constraint that o be increasing. We shall again
argue that the Aalen estimate of the integrated hazard function is LAM at any
0y € A = {increasing hazard functions} which radial for A.

To set this up, fix o = fy/Fy and Gy,. For oy to be radial in this case, the hazard
oy + n Y2 agh/Fy A G, should have a positive derivative for a set of h that are dense
in the relevant Hilbert space H of section 2. Considerations exactly as in example 4.1
show that o, will be radial in direction h if h, h’ are bounded, and if Oinfl g (s) > 0.

<s<

Thus, o is radial in A if only 0inf1 oy (s) > 0. Theorem 2.1 then implies that the

<s<

Aalen estimate of the integrated hazard function is LAM at any o € A that is radial
for A, as claimed.

Proposition 3.3 then shows that the associated product limit estimator for this
example is also LAM, even under the constraint that the hazard function be increasing.
Here this P-L estimator is, of course, more famously known as the Kaplan-Meier esti-
mate. For this estimator, Wellner (1983) has proved its LAM character (by a different
method, and with no constraints on the hazard function); thus the present example
extends slightly the work J. Wellner.

5. Confidence Bands.

Previous sections have discussed optimal estimation of A,(a; -), the integrated
Aalen parameter. This section considers construction of optimal confidence bands for
A,(a; +) (on [0,1], say), and for exp{—A,(a; -)}. The main development in this
section, carried out in subsections (5.A), (5.B)) constructs these confidence sets using a
bootstrap method. Asymptotic “plug-iri” methods are briefly described in
section(5.C), which in addition contains other complements to the basic development.
Proofs are given in section 6.

(5.A). Description of the confidence bands.

To describe the bands based on the bootstrap method, recall from section 2 that
Pgp is the distribution of the basic point process {N,,,0 <t < 1} which has Aalen
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parameter o, and nuisance parameter 8. Fix M, 0 <1 < 1, and suppose the desired
confidence level is 1 — 7. Let A, be the Aalen estimate of A (at; ) and let f8, be an
estimate of P.

IMlustration S5.1. To illustrate such Bn, consider the simple censored data model of
section 4 (Example 4.2.) Here o = £/ F, and the Aalen estimate is described there. The
nuisance parameter 3 can be taken to be the cdf of the unknown censoring distribution
G. Because of the inherent symmetries in this model, the estimate ﬁn of B could be
taken as the Kaplan-Meier estimate of the censoring distribution G. Obviously, there
are other possibilities, as is clear from section 3.4.

Define
(5.1) Cip = {fe L [0,1]: 02| - A || < £,
where the norm is that of L_[0,1] and
(5.2) P = ty(Ag; Bz M)
and t, (A, (&t; -); B; M) is given by
(5.3) Pop(n'?llA, - Ado; )l < A (s -);Bsm)) = 1-m.

The random set Cln gives, under conditions given in subsection (5.B), an asymptoti-
cally optimal, 1 — 1 level, confidence band for A, (a; -) on [0,1].

To build a confidence band for exp{—A(c; -)}, proposition 3.3 suggests a con-
struction similar to that of (5.1), but based on product limit estimators. Indeed, if Gn
is the product limit estimator given in (3.8) set

(5.4) Con = (e L [0,1]: 02)If =G, || < £y,
where
(5.5) fon = ton(Ag; Bus M)

and t, (A, (a; <); B; M) is given by .
(5.6) P&B{nlnllén—exp{—A(a; N < (Aj@;-); B} = 1-1n.

The confidence band é2n will be asymptotically optimal with the correct (asymptotic)
coverage probability.

Application 5.1. The optimal confidence band éln can be used to assess assumptions
about the underlying statistical model. For example, to assess the idea that the Aalen
parameter be constant, one might check that the band Cln contains at least one straight
line emanating from 0, and having non-negative slope. If so, then this could be
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regarded as evidence in favor of the null hypothesis of constant ‘failure rate’’ — in
the sense that the trustworthy set estimate C,, contains at least one member of the null
hypothesis. The reasoning here is not that of a standard goodness of fit test. A more
interesting possibility, is to assess the hypothesis that the Aalen parameter is increasing
on [0,1] (say). In examples 4.1, 4.2 this amounts to seeing if ‘‘IFR’’ is a viable pos-
sibility. If the Aalen parameter o is increasing then the integrated Aalen parameter
would be non-decreasing convex on the intervals {s: Z . > 0} and flat on the intervals
(s: Z,, = 0}. If the confidence band C,, contains at least one such piece-wise convex,
piece-wise flat increasing function emanating from 0, then the hypothesis that o be
increasing would be supported — in the sense given before: the optimal set estimate
contains at least one element of the null hypothesis. If n is large, then in our exam-
ples, I{Z >0} =10 < s < 1, and so one need check here only whether C,,, contains
at least one convex increasing function starting at 0. A closely related, but more tradi-
tional method of testing such null hypotheses could be based on minimum distance
methods centred at the Aalen estimate. Such methods will be discussed elsewhere.

(5.B). Optimality of the confidence bands.

To describe the optimal nature of the confidence bands éln let C(zrx),
ze L_.[0,1], r>0 denote the band {ye L_[0,1]: |ly — z|| < r}. Then C(z,r) is a
ball in L_[0,1] with centre Z and radius r.. To set up a formal decision theoretic
framework, let D be the collection of all such balls. Then D is the decision space. A
nonrandomized procedure (= conf. band) is then C(Z,f,) where Z, T, are functions of
the observed data. We restrict attention to those confidence bands C(Z,,f,) that have
the proper coverage probability:

(5.7) P2p(Clnin) > An(e; )} 2 1-m.

Denote by Dy, the collection of all procedures C(2,,f,) that satisfy (5.7). A
confidence band C(2,,f,) will be reasonable if it belongs to Dy ,, at least approxi-
mately, and also is not grossly off centre or excessively wide. To formulate such a
condition introduce a loss function [, at time n, by:

(5.8) 1(C @By, Ap(@;-)) = g[n'? sup lly — Aq(e; I,

yeC(2,, To)
where g is an increasing function on [0,ee) which will be assumed bounded and con-
tinuous for convenience. The LAM result for confidence bands of A, (o ; *) may now
be formulated. Fix o Bp. Let D*(nc)=((a,B): Jlo—ogll < cin,
IB - Boll < ci¥n)
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Proposition 5.1. (LAM lower bound). Assume the hypotheses of theorem 2.1, with

1/2 . - . - ~
=nl”?, Then lim lim  inf su 1, [CEZ,E); Ay(as )]
o cTeo n—00 c(3,, 7.)e Dy (@B)eD" () Jlatcant,

(‘,"B > Eg[lIX]| + rln] where X is given in proposition 2.1 and Tin is defined by
PlIXls1jq} =1-n.

Remark 5.1. The number ry, has, of course, a simple characterization; see Proposi-
tion 5.3 below.

The LAM lower bound of Proposition 5.1 required only the hypotheses of theorem
2.1. However, in order that the confidence set C,, achieve its lower bound, a slight
strengthening of the hypothesis of theorem 2.1 is necessary. The conceptually simpler
‘“‘plug-in’> method of Complement (5.2) will also require strengthening of these
hypotheses. Let us therefore introduce the ‘‘strong triangular array hypotheses’’:

(5.8)the hypotheses of theorem (2.1) hold, but with Pg..ﬂo replaced by P&‘nﬂn where
(Ot B, satisfy

nllzlﬁn - BO' <£cC

and

(5.82) n2|| A, (0 -) —Ag; )l < ¢

t

where A (0g; t) = j’oco(s)ls[qs]‘l ds. The . escalation to (5.8a) is severe, but
‘ 0

appears unavoidable even in the context of Complement (5.2).

Proposition 5.2. (LAM character of C,, ). Assume the hypotheses of Theorem 2.1
in “‘strong triangular form’’, as given by (5.8). Then

lim lim

su 1 (C;)dPR% = EI (IX|| + 11.).
°T°°“—’°°(OL.B)EDE(n.c)J. n(Cn)dPap U0+ 11m)

Moreover, f;, => 11, under P&‘nﬂn, (o By) € D* (n,c).

The number r,,,, which depends on A (g; *), By:
(5.9) Il = 11(M; A(0; *); Bo)s

was given an abstract characterization in Propositions 5.1, 5.2; this abstract description
was meant to emphasize the similarities in structure between the confidence bounds
here, and those in other statistical applications (cf, Beran and Millar, 1986, for exam-
ple). Unlike most other non-parametric applications, the numbers Iy here have a sim-
ple characterization in terms of known distributions. The statistical significance of 1y
of course is that for large n, the width of the optimal confidence band C,,, centered at
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2

A, is approximately 2r;,n"'2, according to proposition 5.2.

To describe 1y, recall the function @ (t) = @ (A (o5 -); Bo; t) given in section 2.

If {B,, s = 0} is standard Brownian motion, define

(5.10) L@y = P{(?SI:IQIBSI <y}

Then L(y) is ‘“‘known’’ in, for example, the form of series expansions. Define k.,1 to
be the 1 — 1 point of L:

(5.11) Lky = 1-m.

An easy argument (see section 6) then yields:

Proposition 5.3. The number ry,, is given by

Iim = kq®@(A(0g; -); Bo; D2

(5.C). Complements.

This subsection describes several variants on the ideas of subsections (5.A), (5.B).

Complement 5.1: Estimation of exp(—-A, (o0)}.

The propositions 5.1, 5.2 are easily extended (using the simple idea of section 3) to
the case of the estimation of exp{—A,(a)} by means of éZn’ the bounds centred at
product limit estimators. The number r,, = limf,, can be characterized in terms of

n

transformations on Brownian motion, but there is no simple result like proposition 5.3.

Complement 5.2: asymptotic plug-in confidence bands.

The results of subsection 5.B suggest a computationally simpler confidence band of
the form:

(5.12) Cn = {fe LL[01]: If - ALl < k@ (A, B, D)

where we have used the notation of Proposition 5.3. Under the hypotheses of Proposi-
tion 5.2, this confidence band will also be asymptotically optimal in the sense defined
in subsection 5.B; the proof is similar to that given for C;,. The band C,, is clearly
easier to compute than éln, since one is not faced with the problem of replicating
Aalen processes starting with preliminary estimates. On the other hand, several recent
studies in the bootstrap literature show that often a bootstrap confidence set will be
“‘better’” than one constructed by ‘‘plug-in’’ methods based on asymptotic formulae.
Such analyses depend on ‘‘second order’’ properties, typically involving Edgeworth
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expansions; see, for example, Abramovitch and Singh (1985), Hall (1986), Diciccio
and Romano (1988).

Asymptotic optimality properties such as LAM are ‘‘first order’’ properties, and cannot
distinguish between C,, and C,,. Since “‘second order’’ analysis of Aalen estimates is
a completely uncharted field, it is not possible at the present time to decide between
Cipe Cane On the otherhand, since the trend of research in other statistical areasbsug-
gests that éln is often better - and no worse - than Can, we have featured in this sec-
tion the more complicated bootstrap method. Finally (cf 5.8a), for the plug in method
to give optimal bands, ®(A; B; 1) must be a smooth function of the integrated Aalen
parameter A (for the L_ norm on A).

Complement 5.3: confidence bands of shape f.

The confidence bands given in subsection 5.A and also in complement 5.2 are
based on the notion of a ball in L_([0,1]). Obviously, many Banach spaces other
than L., could be used here, and also in section 2.3 to express the LAM results. Here
is one possibility. Let f be a real function on [0,1], and assume for convenience that
0< Oislgl f(t) < Osslt‘gl f(t) < co. Define a norm || || on real functions b: [0,1] — R’ by

Iblle = sup |b(t)/f(D)].
Ost<l1

One may now repeat the entire development of this section (and preceding ones),
replacing the L, norm || || by || |l The resulting confidence bands will then be
LAM with respect to the loss function determined by || ||¢ instead of || ||; see subsec-
tion 5.B. In this manner we find that the confidence bands ‘‘having shape f’’ as
described by Jacobsen, 1982, p. 204, are ‘“‘optimal’’. The optimality is relative to the
chosen norm; the theory of Beran and Millar (1985) does not, in the form given there,
provide comparisons for confidence sets determined by different norms. Note that
such optimality results can be extended to any Banach space B consisting of real func-
tions on [0,1], provided mainly that (a) An(-) is a B-valued random variable and (b)
Rebolledo’s CLT holds for An on B. In particular, the stringent conditions on f given
above can be greatly relaxed.

Complement 5.4. Implementation of the bootstrap method.

Actual calculation of C;, via Monte Carlo methods involves constructing iid copies
of a multiplicative intensity process beginning with initial estimates of the integrated
Aalen parameter and the nuisance parameter B. To see this, let A, B, be the estimates
of the integrated Aalen parameter and B. Conditional on the values of A, B, con-
struct N:l, cee N:n i.i.d. point processes on [0,1] whose integrated Aalen parameter
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is An, and whose nuisance parameter is . Next, using N:i construct A,:,-', the estimate
of the integrated Aalen parameter An, derived by the usual recipes, from N,:-'. Finally,
construct the empirical c.df. F, of {IA:i - A, lap, 1 <1< n}, and use as a guess for
#n (at level 1 —m) the 1 — ™ quantile of the fzn just defined (or the closest thing to
it). The law of large numbers guarantees this will work, at least theoretically.

In the present context, difficulties attend this construction. First, given Aalen
parameter oo and nuisance parameter [3, it is unknown in general how to simulate iid
copies of the relevant point process with these parameters. This difficulty is not new,
and arises in other areas of bootstrap applications. In important special cases, how-
ever, (esp., examples 4.1, 4.2 section 4) one knows methods of effecting such simula-
tions; see Lo and Singh (1986) for discussion of Example 4.2. Indeed a computer
intensive methodology for simulating multiplicative intensity models, on anything
beyond a case by case bases, is an important open area of research. A second
difficulty attending the bootstrap construction centres on the condition that the simula-
tions begin from an estimate of the integrated Aalen parameter, and not the parameter
itself. The fact that A, estimates a random variable (see section 2) has unknown
consequences for the validity of the simulation; the strength of the restriction (5.8a)
has already been noted. A further point is worth noting here. The Aalen estimates of
the integrated parameter, by definition, have certain measurability properties relative to
the given filtration {F,,t > 0}. On the other hand, one may wish to take as estimate of
o a “‘smooth’ version of the ‘“‘density’” of A,; see Ramlau-Hanson 1983 for some
possibilities. In particular, one might wish to select a smooth version whose integral
fails to have the usual measurability properties. The success of the bootstrap simula-
tions will not be affected by such measurability considerations; the ‘‘smooth’’ estimate
¢, need only have the property that its integral is subject to the usual CLT.

6. Proofs.

Proof of proposition 5.1. It suffices to establish the lower bound with D* (n,c)
replaced by the D (n,c) of section 2. Take PJ in the theorem of section 4, Beran and
Millar, 1985, to be the measure Q' described in section 2 of the present paper. Define
the § of Beran and Millar, 1985, to be §(P[) = A, (o), where oy, is given in (2.13)
above; then & is the identity, and proposition 5.1 follows from theorem 4.5 of Beran
and Millar, 1985.

Proof of proposition 52. Let (o,,B,) € D* (n,c). Then by the strong triangular array
hypotheses of section 5 above, a,||A, — a, (o, B Il = IIX|| where X was given in
section 2, and where the convergence is under {P&‘nﬂn}. It is easy to see that || X|| has
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a continuous distribution with strictly increasing cdf; this implies that t, (A, (o), B,; M)
converges to 1. But "A-n - A (o) lla, is tight and by assumption so is || Bn - Bolla,.
It follows that f;, =>r,. Let (a,B,) € D*(n,c) be arbitrary. Then using Beran and
Millar, 1985, p. 879, we find = that lim [12(C1ns 0, B) AP g =

r}1_1)11m Eq g, ! (apll f\n -A(l)ll+1,) =EIl(IX]| + Iy). Since (o) could have been

chosen to achieve sup , this completes the proof.
a,BeD"(n,c)

Proof of proposition 5.3. Let {B,,0 < s} be standard Brownian motion. Since {B} is
equal in distribution to t(}’z B(s/tg), for any t; > 0, we see that Plosup IBjl <y} =
<s<to

L(yty V2y where L was defined in (5.10). If one chooses to = © (0tg, By: 1) then it is
immediate that r, (@12 = k.

Proof of proposition 3.1. As in the proof of theorem 2.1, one may reduce the sup over
D(nc) to a sup over Dy(nc), to get as a lower bound

lim lim inf su Il [a,(T - E(A, (o)) JdPS. Because of the differentiability of &, if
cToon—eo T aeDogx.c)

o is given by (2.13), then the argument in / can be replaced by
I[T —& o th]+ o(1) (where T" = a, (T — A, (t))); this in turn can be replaced, for
decision theoretic purposes by ! o & [T” — th] where T” ranges over the decision
space T, of section 2; this uses the hypothesis that & has dense range in B,. Since
I o & is subconvex, the result is now immediate from theorem 2.1 An alternative
approach, which is more convenient for establishing Remark 3.1b begins with the
observation that, if H’ is the orthocomplement in H of the null space of the linear map
& o 1, then (€ o T, H’, B,) is an abstract Wiener space, and the canonical normal on
B, is the image of Qg under &'. Using this, plus the evident equivalence of the
relevant statistical experiments, one can rework the proof of theorem 2.1 to achieve the
greater generality.

The attainment of the lower bound in proposition 3.1 by &(An) is immediate from
hypothesis (3.3).

Proof of proposition 3.2. Because of the developments in the proof of theorem 2.1 —
in particular the abstract Wiener structure and the convergence, in the sense of Le
Cam, of the statistical experiments — the proof of proposition 3.2 is immediate from
Millar, 1985, section 4.
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