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SUMMARY

In this paper, we consider estimation of survivor functions from groups of observations with
right-censored data when the groups are subject to a stochastic ordering constraint. Many meth-
ods and algorithms have been proposed to estimate distribution functions under such restrictions,
but none have completely satisfactory properties when the observations are censored. We pro-
pose a pointwise constrained nonparametric maximum likelihood estimator, which is defined at
each time ¢ by the estimates of the survivor functions subject to constraints applied at time # only.
We also propose an efficient method to obtain the estimator. The estimator of each constrained
survivor function is shown to be nonincreasing in ¢, and its consistency and asymptotic distribu-
tion are established. A simulation study suggests better small and large sample properties than
for alternative estimators. An example using prostate cancer data illustrates the method.

Some key words: Censored data; Constrained nonparametric maximum likelihood estimator; Kaplan—Meier estimator;
Maximum likelihood estimator; Order restriction.

1. INTRODUCTION

Stochastic ordering is an important concept and has a wide range of applications, in such
fields as biomedical research, economics and system reliability. We often encounter situations
where there is prior knowledge of stochastic ordering among distributions. For example, in a
cancer study, we expect patients with a lower stage of cancer at diagnosis to have lower death
rates at all times than those with a higher stage. In addition to the natural desire for estimators of
the distributions to satisfy the same expected ordering restrictions as the underlying distributions,
there is the potential for improved efficiency by applying the constraints in the estimation method.

For random variables 77 and 7, with corresponding survivor functions Si(¢) and S»(¢),
T is stochastically larger than 7>, 71 >4 1, if Si(¢) > S»(¢) for all ¢+ (Lehmann, 1955).
For G groups, the concept can be generalized to partial ordering; specifically, we say that
T, (g=1,...,G) satisfy the partial-ordering constraints defined by the constraint set £ C
(1,...,GY ifforany (i, j) € E, T; >« T;. Special cases of this are simple ordering, in which
T\ >4 24 Tg, for which £ ={(1, 2), (2,3), ..., (G — 1, G)}; tree ordering, in which 71 >
L, T1 24 13, ..., T1 >4 Tg for which E ={(1, 2), (1,3), ..., (1, G)}; umbrella ordering, in
which 71 2t - - 2 T; <ot i1 <ot -+ - <ot Tg forwhich £ ={(1,2), (2,3),...,( = 1,i),( +
1,i),i+2,i+1),...,(G,G — 1)}, and factorial ordering such as 71 >y T» > T4, T1 >«
T3 >4 Tu, for which £ = {(1, 2), (2,4), (1, 3), (3,4)}.

We consider independent right-censored samples of the form (Yy;, Agi) (g=1,...,G;i=
1,...,ng), where Yy; is the observed time and Ay; is the event indicator. We assume that the
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censoring mechanism is independent, so that the generalized likelihood is

G ng
L{SI(), -, Se Oy =[] [[1Se(Yei—) — Sg(Yei)} 24 Sg(Ygi) '~ 2. (1)
g=1i=I

The E-constrained nonparametric maximum likelihood estimator maximizes (1) subject to the
partial-ordering constraint £. Brunk et al. (1966) studied the constrained nonparametric maxi-
mum likelihood estimator in the two-sample case without censoring. Dykstra (1982), as corrected
by Park et al. (2012), extended this result to right-censored data. In the case of three or more pop-
ulations with general partial-ordering constraints, Hoff (2003) and Lim et al. (2009) proposed
different computational methods for obtaining the constrained nonparametric maximum likeli-
hood estimator.

This estimator has the undesirable property that a violation of a constraint in the Kaplan—
Meier estimators (Kaplan & Meier, 1958) at an earlier time affects the estimator at a later time,
even if there is no violation at this later time. A number of authors have noted that the con-
strained nonparametric maximum likelihood estimator can have relatively large pointwise bias
and mean squared error at a fixed ¢ and have suggested alternatives (Rojo & Ma, 1996; Rojo,
2004; El Barmi & Mukerjee, 2005) that can have better mean squared error properties. Park et al.
(2012) noted a correction to the constrained nonparametric maximum likelihood estimator pre-
sented by Dykstra (1982), which led to improved properties, but this corrected estimator still
often has poorer pointwise properties than other estimators, some of which are relatively sim-
ple to define. In the two-sample problem, Lo (1987) suggested swapping the Kaplan—Meier
estimates of the survivor functions when the constraint is violated. Rojo (2004) proposed esti-
mating both survivor functions as the weighted average of the two Kaplan—Meier estimators at
times when the constraint is violated, where the weights are based on the initial sample sizes.
El Barmi & Mukerjee (2005) extended Rojo’s estimators to the simple ordering situation using
isotonic regression. The simulation study in Park et al. (2012) shows that some of these estima-
tors have smaller mean squared error than the constrained nonparametric maximum likelihood
estimator when the censoring distributions are equal, but when the censoring distributions dif-
fer substantially between groups, the alternative estimators may have larger mean squared error
than the constrained nonparametric maximum likelihood estimator. Moreover, these alternative
estimators have not been explicitly extended to a general partial-ordering case.

When we consider finite sample properties of an estimator S(¢), we typically consider point-
wise criteria, such as pointwise bias or pointwise mean squared error at each fixed 7. In contrast
to pointwise estimators such as described in Rojo (2004) and Lo (1987), the constrained non-
parametric maximum likelihood estimator estimates the whole survival curve. So it is perhaps
not surprising that Rojo’s estimator typically has better properties when evaluated using metrics
such as pointwise mean squared error. On the other hand, these pointwise estimators do not adapt
well to unequal censoring distributions between groups, whereas the constrained nonparametric
maximum likelihood estimator does. This motivated us to propose a new constrained estimator,
a pointwise constrained nonparametric maximum likelihood estimator or pointwise constrained
estimator for convenience.

DEeriNITION 1 (Pointwise constrained estimator). For each specified time x, let Sg(t; x) be
the maximum likelihood estimator of Sq(t) under the constraint S;(x) = S;(x) for all (i, j) €
E. Then Sg(t) = Sg(t; t) (g=1,...,G) forall t is the pointwise constrained estimator of the
survivor function S under the partial stochastic ordering constraint E.
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2. ESTIMATION METHODS
2-1. Notation and likelihood

To obtain the pointwise constrained estimator as given in Definition 1, it is required to maxi-
mize the likelihood (1) subject to the constraints S; (x) > S;(x) for all (, j) € E for a fixed time
x. This will give the estimates of 5'1 (t;x), ..., SG (t; x) and the constrained maximization will
be repeated for all times x of interest.

Let Xg; (j=1,...,mg) be the distinct event times in group g and define X0 =0 and
Xgmg+1) =00 (g=1,...,G). Let Ng(¢) be the number at risk at time 7 in group g and let
M, () be the number of distinct events in (0, #] in group g. Let dg; and ng; be, respectively, the
number of events and the number at risk in group g at time Xy;.

It is convenient to redefine the problem in terms of hazards. Let Ao (1) = log{Sg(¢)/Se(1—)},
so that 1 — exp{h4(#)} is the discrete hazard in group g at time ¢. The loglikelihood of (1) is

G mg
log L(hy,....hg) =) {Z(dgi log[1 — exp{hg(Xgi))]

g=1 \i=l

+(ngi - dgi)hg(Xgi)) + Ng(x)hg(x)} > (2)

where hg = {ho(Xg1), ..., hg(Xgmg), hg(x)} (g=1,..., G). The corresponding constraints are

ST by (X )+ 13,00 = M 1y (X)) + B, forall (p, ) € E, and 7 (x) < 0. In this,
h‘z,(x) =I(x=+ XgMg(x))hg(x), which is included to account for the fact that if x = XgMy(x), We

do not have the extra term Ng(x)hg(x) in the loglikelihood (2).

2-2. Linearly constrained convex minimization

There is a large literature on general approaches to linearly constrained convex minimization
problems. There are essentially three types of algorithms: interior point, primal active set and dual
active set methods. In general, our data contain many more observed event times than groups.
Interior point and primal active set methods simultaneously optimize over the large number of
quantities hg(x) and hg(Xgi) (g=1,...,G;i=1,...,mg) at each time x of interest, and so
are not computationally efficient in our setting. Dual active set methods may involve many fewer
parameters, but the dual function itselfis difficult to express as a function of Lagrange multipliers
and the feasible range of these multipliers is difficult to specify in our problem. So the dual active
set method is also difficult to implement in our context.

In §2-4, we transform the problem of maximizing the loglikelihood (2) subject to the lin-
ear constraints to another simple concave maximization problem subject to linear constraints by
using the profile likelihood. In preparation for this, we first discuss the constrained maximum
likelihood estimator of the survivor function in the one-sample case.

2-3. Maximum likelihood estimator of the survivor function subject to a single constraint

In the one-sample case without constraints, the maximum likelihood estimator has probability
mass only at the observed event times. The loglikelihood analogous to (2) is

log L(h) = Z[djlog{l —exph(X;)}+ (n; —d;j)h(X;)], 3)
j=1
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where 7 ={h(X1),...,h(Xy)} and (3) is maximized at h(X;)=log(l —d;/n;) (j=
1, ..., m), which corresponds to the Kaplan—-Meier estimator.

Consider now the maximum likelihood estimator subject to the constraint S(x) = exp(q). The
maximum likelihood estimator of the survivor function will have positive probability mass at
event times X; and nonnegative probability mass at time x. The optimization problem is to
maximize the loglikelihood of & = {h(X1), ..., h(X,), B®(x)},

m

log L(h) =Y [dilog(1 — exp h(X1)} + (n; — di)h(X)] + N (0)h® (x),
i=1

subject to ZM(X) h(X ;) + h®(x) = q and 4% (x) <0.

Let K(g; x) =—N(x) if M(x) =0, and otherwise let K (¢; x) = max(— N(x) k), where £ is
the unique solution of the equation Z (x) log{l —d;/(n; +k)} =q. Here, k=o0ifg=0and
k = dM(x) — nM(x) if g = —o0. Let ha(q, xX)=q — ZM(X) h(q; X i), where

d.
log{l - l}, i< M(x),
ni + K(q; x)

hig: Xi) = ( dj) .
log{1——, i > M(x).

“4)
nj

THEOREM 1. AThe maximum likelihAood estimator of S(t) subject to constraint S(x) = exp(q)
at a given x is S(t) =exp { Zngt hig; X;)+ 1> x)h‘s(q; x)} (t < 1), where t is the last
observed time.

Proof. See the Appendix. O

Thomas & Grunkemeier (1975) and Li (1995) considered the maximization problem des-
cribed above. However, Thomas & Grunkemeier (1975) solved the problem with the equality
constraint Z h (X ;) = g, which implicitly assumes that h (x) = 01ifx isnot an observed event
time, Whereas L1 (1995) mistakenly proved that /4 (x) =0 unless x is an observed event time.
In fact, the maximization problem described above involves two constraints: ZM(X) h(X;) +
"o (x) = q and ho(x) <0.Itis possible that h‘s(x) <0if K(g;x)=—N(x). The 1nequa11ty con-
straint, h‘S (x) <0, has been neglected in these approaches. It is necessary, however, to apply the
Karush—Kuhn—Tucker conditions (Kuhn & Tucker, 1951) to all possible inequality constraints,
including the bounds on the parameters, and only omit the redundant constraints.

2-4. Reformulation of the problem using profile likelihood
The profile loglikelihood of S(x) = exp(q) at a given x is

£(q; x)=suplog L(h)
heR

=) {dilogll — explh(q: X))+ (ni — dph(q: X))+ N (g: %), (5)
i=1

where R =1{h: ZM(X) h(X:) + h®(x) =q)}, and fz(q; X;) and ﬁ‘s(q; x) are defined in (4).
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LemMmaA 1. The derivative of the profile loglikelihood (5) with respect to q is —K (q; x).

Proof. See the Appendix. O

For given x, maximizing the loglikelihood (2) subject to the constraints in £ can be redefined

as maximizing the profile loglikelihood €(¢1, ..., gg; x), which equals
G G Mg(x)
D le(qei )= | D [(ngi — dgi)loging + Kg(qg: x) — dgi)
g=1 g=1 i=I

— ngjlog{ng; + Kg(qg; x)}] + I{Kg(qg; x) = Ng(x)} Ng(x)

< o= Y og{i- g _A)). ©)

ngi + Kg(QgQ x)

j=1
subject to constraints g; > q;, for all (i, j) € E and g, <0 (g=1,..., G). In this formula-
tion, only G parameters ¢ = (g1, ..., ¢g) need to be estimated, and S‘g(x) =exp(gg), where
qd=(q1,--.,qc) is the maximum likelihood estimator of g.

Any of the general methods described in §2-2 can be used to maximize the profile loglikeli-
hood (6) under the corresponding linear constraints. The profile loglikelihood (6) and its deriva-
tive, d¢(q; x)/dg" = {—K1(q1; %), ..., —Kg(qg; x)}", are easily calculated.

To obtain the pointwise constrained estimator Sy (¢) (g =1, ..., G) forall 7, it is not necessary
to maximize the profile likelihood at every ¢. It can be seen that the pointwise constrained esti-
mator may jump only at observed event times and at times just after observed censoring times.
Let {X}} be the union of all distinct times Yg; if Ag; > 0 and Yg+l- if Ag; =0. Here, Ygf. can be

taken as Yg; + € for a small € > 0. We calculate S’g(X }), and then S‘g(t) is a step function with
jumps only at X, i.e., Sg(z‘) = S'g(a), where a = max{X} : X;- <t).

The following theorem shows that S’g (t) (g=1, ..., G) is avalid survivor function.

THEOREM 2. The pointwise constrained estimator S'g(t) obtained from maximizing the profile
likelihood (6) is a nonincreasing function in t for each g =1, ..., G. That is, for any 0 < x <
Y < g, Sg(x) = Sy ().

Proof. See the Supplementary Material. 0

2-5. Generalized pool-adjacent-violators algorithm in the simple ordering case

Suppose that G survivor functions satisfy the simple stochastic ordering constraint 77 >
-+ 24 Tg, and we aim to estimate the pointwise constrained estimator at time x. A generalized
pool-adjacent-violators algorithm can be used as developed in Best et al. (1999), because the pro-
file loglikelihood is the sum of concave functions. The results of the generalized pool-adjacent-
violators algorithm lead to a set of blocks, By, ..., B, where r > 1, B, ={u,—1 +1,...,u,}
and 0 =ugp < - -+ < u, = G. This is described in an algorithm in the Supplementary Material. The
final estimate of the survivor function for each group in a block B, takes a common value exp(g; ),
where g, maximizes the profile loglikelihood, £5,(¢; x) = ;5 €i(g;x)and0 > gy > --- > g;.
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3. CONSISTENCY AND ASYMPTOTIC DISTRIBUTION

Let S; (¢) be the Kaplan—Meier estimator of Sg(#) and let S§ () be the censoring survivor func-
tion for group g. Further, let 7, = inf{z : Sg(t)Sg(t) =0} (g=1, ..., G). Under the condition
that there are no common jumps between the event and censoring distributions, Stute & Wang
(1993) showed that the Kaplan—Meier estimator S;," (¢) is uniformly consistent for S (¢) on [0, 7).
A similar result holds for the pointwise constrained estimator. The following theorem is proved
in the Supplementary Material.

THEOREM 3. Let S’g(t) be the pointwise constrained estimator given in Definition 1. Under the
condition of no common jumps of S (t) and Sg(t), SUpP; ., | S’g(t) — Sg(t) |— 0 with probability
lasng—>o0(g=1,...,0).

Let Wq(Vg) be a Brownian motion on [0, 00) with variance function V(¢). As shown in
Gill (1983), ng'/2(S} — S,)S, ' — W (Vy) in distribution on [0, 7,] as ng — 00, where V() =
— Jo{S2(x—)S5(x—)} 1Sy (x). Fora fixed time x, ng /2 (S} (x) — Sy (x)}— N{0, 02 (x)} in dis-
tribution, where aé? x)="Vg (x)Séz, (x).

Let n= E;Ll ng and assume that lim,_ .o ng/n=cy >0 and let Z;(x) = nl/z{Sg(x) —
Se(x)} (g=1,...,G). Then {Z{(x),..., ZL(x)}Y'={Z1(x),..., Zg(x)}" in distribution,
where Z,(x) ~ N{0, aé(x)/cg} and Z;(x), ..., Zg(x) are independent.

THEOREM 4. For a fixed time x <min{ty : Lo(x) <k < Ug(x)} and under the simple order-
ing constraint Ty 24 - - - 24 13,

u

2 _{Z

né/z{Sg(x) — Sg(x)}—>cé/2 min max Zk_z{u ASLEC); (7)
Lg(x)<l<g g<u<Ug (x) > g Wi (X)

in distribution, where wg(x) = cg/crgz(x), Lg(x) =min{i : §;(x) = Sg(x)} and Uy (x) = max{i :
§i(x) = Sg(x)}.

Proof. See the Supplementary Material. O

In the Supplementary Material, the asymptotic distribution of the pointwise constrained esti-
mator is discussed for situations where the number at risk in some groups is zero.

Let S, (x) be the estimate of S, (x) by applying the isotonic regression algorithm to S; (x) with
weights wg(x) (g=1, ..., G), subject to constraint S;(x) =t - - - =5t S (x). Then, Eg(x) has a
minimax form (Barlow et al., 1972)

v u g
Sg(x) = min max Zk—ei k(x)wk(x)}.
1<l<g g<u<G Zk:e wi (x)

From EI Barmi & Mukerjee (2005, Theorem 2), it can be seen that

u
. |z
n 28, (x) — Sy(x)} —> cY> min  max =t 2L wr ()
g & Le<t<gg<uslp(v) Do wi(x)

in distribution. From (7), it follows that Sg(x) and S’g(x) are asymptotically equiva-
lent. We hypothesize that this equivalence to isotonic regression will also hold under the
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partial-ordering constraint. This yields the following conjecture for the asymptotic distribution
of the pointwise constrained estimator.

CONJECTURE 1. For a fixed time x,

Q Cl cG
né/Z{Sg(X) —Se(x)} — cél,/zfg {Zl(x), e, Zg(x); o EREE x}
1 G

in distribution as n — oo for all x given Sg(x)Sg,(x) > 0. Here Wq(x) ={i:S;(x) = Sg(x)},
Eo(x)={(,j) € E:i, je€Ve(x)} and fo(z1,...,2G: w1, ..., WG, X) is the solution function
Jor jug that minimizes Zszl wi (zi — wi)? subject to j; = uj for all (i, j) € Eg(x).

If this conjecture is correct, inference methods developed for isotonic regression could also
be useful for the pointwise constrained estimator.

4. COMPARISON WITH THE KAPLAN—MEIER ESTIMATOR WHEN SAMPLE SIZE IS LARGE

4-1. Simple ordering case

In the simple ordering case with no censoring, El Barmi & Mukerjee (2005) showed that their
isotonic regression estimator has smaller asymptotic mean squared error than the unrestricted
Kaplan—Meier estimator. A similar result holds for the pointwise constrained estimator compared
with the Kaplan—Meier estimator when there is right censoring.

THEOREM 5. Consider the simple ordering constraint T1 >4 - - - 24 Tg. For a fixed x with
C(x)Sp(x) > Oforallk=1,..., G, letn)! {8 (x) — Sp(x)} — Zi and n}* (S} (x) — Sp(x)} —
Zy in distribution. If there exists at least one g’ with Sg/(x) = Sg(x), then E(Zé) < E(Z;). If no

such g’ exists, then S'g(x) and S:g“ (x) are asymptotically equivalent.

Thus, the pointwise constrained estimator has smaller asymptotic mean squared error than the
Kaplan—Meier estimator. In fact, a stronger inequality relation holds. Namely pr(| Z g <€) >
pr(| Zg |<€) foralle > 0.1In § 4.2, we calculate the asymptotic bias and asymptotic mean squared
error of the pointwise constrained estimator in the two-sample case.

4.2. The two sample case, G =2

If S1(x) > S>(x), then, asymptotically, the constraint is irrelevant and n}/ 2{3’1 x)=S1x)}—
o1 (x)Zl and n;/z{ﬁz(x) - SHx)}— az(x)Zz in distribution, as n, np — 0o, where 71 and Z,
are independent standard normal random variables.

Letny/ny — casny, ny — 0o. We consider asymptotic properties when S; (x) = S>(x). From
Theorem 4, we can show that

3 - 7 127
”}/2{51()6) — S1(x)} = o1 (x) max {Zl, l—li_j—()cczx)z} ’

®)

A _ 7 1727
131830 — S50} = 0a(x) min {zz, Oz e A } ,

14 c(x)
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in distribution, where c(x) =c of 2(x) /cr (x). Direct calculation from (8) shows that the
asymptotic mean squared errors are

2
lim Eln ($10r) — 81 ()] = 2 cloi )
ny—>00 2{1 + c(x)} ©)
. A 2y {1 +2c(0)}o3 (x)
JimElna($i0) - S0 = =5 1502

These are always smaller than the unrestricted counterparts o7 2(x) and 05 2(x).

Let S;(x) and S»(x) be the estimators of Rojo (2004) or El Barmi & Mukerjee (2005). On
the basis of definitions of their estimators, when S;(x) = S»(x), the asymptotic mean squared
errors are given by

clog (¥) = 2+ ©)af ()}
2{1 +¢)? ’

clot(x) — (1 + 2¢)of (x)}
2{1 + ¢)?

E[n1{81(x) — S1(0)}*] =0 (x) +
(10)
E[n2{8(x) — $2(x)}*] =0 (x) +

It can be shown that the asymptotic mean squared error of S (x) 1s less than or equal to that
of Sg(x) (g =1, 2), with equality only when o 2(x) = 05 2(x), 1n which case Sg(x) and Sg(x)
are asymptotically equivalent. From (10) we see that when o 2(x) /a (x) > c2/c1 + 2, Rojo’s
estlmator Si(x)is asymptotically less efficient than the Kaplan— Meler estimator S} (x) and when

(x) /02 x)>c1/ca+2, 5 (x)is asymptotlcally less efficient than S5 (x).

From (8), the asymptotic biases of 51 (x) and Sz (x) are

—c(x)z)
1 + c(x)

- c(x) 172 1\ 1/2
=100 [2n{1 +c<x)}] = <2n> ’

1/2 1 1/2 1 1/2
nzlgn E[n2 {Sz(x) S$2(x)}] = 02(x) [M] < 0o2(x) (27_[) .

Jim £ (80 - SN =i [ /1/2<) C2 R ) fy, (1)daads,

5. CONFIDENCE INTERVALS
5-1. Asymptotic approaches

While there is a substantial literature on the estimation of survivor functions under stochas-
tic ordering constraints, there has been little discussion of constructing confidence intervals for
ordered survivor functions. Rojo (2004) demonstrated weak convergence to a Gaussian process
of his estimator, from which confidence bands could be constructed. For the most part, however,
asymptotic results are not particularly useful since, if the true inequalities at time ¢ are strict, then
the asymptotic distribution of Sg(t) is the same as that of the Kaplan—Meier estimator and the
corresponding approximate confidence interval would be unaffected by the restrictions. In our
opinion, the most promising approach to constructing confidence intervals in these problems
is through resampling methods that reflect the finite sample aspects. We consider some such
approaches in the next section.
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5-2. Bootstrap methods

We used a nonparametric resampling scheme, in which survival time and censoring indicator
pairs are drawn with replacement from the data separately for each group. For each bootstrap
sample, a bootstrap estimate S’g (t) (b=1,..., B) is obtained by applying the pointwise con-
strained estimator. Simple confidence intervals based on these bootstrap estimates can be
constructed using the percentile or the basic bootstrap method (Efron & Tibshirani, 1993;
Davison & Hinkley, 1997). For a nominal level of (1 — 2«), the percentile confidence interval
for Sg(2) is {S‘g o), Sg 1—o (D)}, where Sg « (1) 1s ath percentile of the bootstrap distribution.
The basic bootstrap method utilizes ideas of pivotal statistics, and can also be improved by use
of transformations such as 4 (s) = arcsin(s'/?). The confidence interval for the basic bootstrap
method is given by (2~ [24{Sg(1)} — H{SE,_ (O}, A" [2A{Se (1)} — A{SE ,()]).

While these simple methods are easy to apply, a number of different methods have been deve-
loped which have improved properties. The work in Andrews (2000) suggests that the use of the
bootstrap for inference problems with order restrictions on the parameters may be particularly
challenging. We investigated a number of different alternatives to the two simple bootstrap meth-
ods and present below a method which had reasonably good properties for the cases considered.

For the restricted estimation problem, the distribution of S'g(t) — Sg(t) will generally not
be symmetric or centred around zero and will differ from one group g to the next. It is to be
expected that the bootstrap distribution S’g ) — S'g(t) will be similarly biased. The method we
propose uses the bootstrap distribution to correct the bias, but is adjusted so as not to over-
correct. Consider pointwise estimators S1(t) and $5(¢), where S1(7) > S»(¢). Let SB (t) be the
mean of the bootstrap estlmates Sb (¢). The basic bootstrap method considers a pseudo esti-
mator given by [Zh{S N} — h{ «(1)}]. While SB (t) > S2 (1), the mean_ of the pseudo esti-
mator may not satlsfy the order constralnt Le., 1t is possible that 2h{S1 N} — h{SB 1} <
2h{S, (1)} — h{S2 (2)}. This can be considered as an overcorrection and it might be expected that
the properties of the confidence interval could be improved if this overcorrection is modified.
Let S2(t, ag) = h{Sy ()} + ag[h{Sy ()} — h{SE(1)}], where 0 < ay < 1. Although S5 (. a,) will
satisfy the ordering constraint for a; =0, for a, = 1, this may not be true. Given a set of a,
such that the SgB (t,ag) (g=1,..., G) satisfy the ordering constraints, the proposed adjusted

basic bootstrap confidence interval is (h_l[Zh{S’g(t)} — h{ggl_a ()} + g1, h_1[2h{3’g(t)} —

h{SE ()} + 8g]), where 8g = (ag — D[A{Sg (1)} — h{SZ (1)}].

We propose the following method to obtain a set of a, that satisfy the constraints. Let a; =
a; =---=ag = a and find the largest a that does not result in a violation of an order restriction.
Use th1s value of a for the groups i and j for which SB (t,a;) = SB (¢,a;). For the remaining
groups increase a until a new violation is about to occur, and use the new value of a for the
groups that have the active constraint for SIB (t, a) and have not already had a fixed value of a;.
Continue in this way, gradually increasing a, using the value of ¢ when constraints become active,
until all values of a, have been set or a = 1. An algorithm to obtain a; (g =1, ..., G) is given
in the Supplementary Material.

5-3. Confidence interval centred on a constrained estimator

Hwang & Peddada (1994) suggested a method in which a confidence interval is computed for
the unrestricted estimator and then shifted and centred on the constrained estimator. They showed
that, under fairly general conditions, the coverage probability for the shifted interval will exceed
the nominal level. For the survivor function, we apply this to intervals on a log transformed scale
and consider the approximate 100(1 — 2a)% confidence interval, S'g(x) exp{j:zaog* (x)}, where
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Fig. 1. Difference of root mean squared errors of estimators compared with the pointwise constrained estimator.
Kaplan—Meier estimator (thin dashed); constrained nonparametric maximum likelihood estimator (thick solid);
Rojo’s estimator (thick dashed); pointwise constrained estimator (thin solid). Sample sizes are 80 in cases (a)—
(d) and 50 in cases (e) and (f) for both groups. Event distributions are exp(1) for group 1 and exp(1-1) for
group 2 in cases (a)—(d), and U(0, 1) for group 1 and U1 (0, 1) for group 2 in cases (e) and (f). The censoring
distributions are exp(1) and exp(1) in case (a), exp(1) and no censoring in case (b), exp(2) and no censoring in
case (¢), U(0, 1-6) and no censoring in case (d), exp(3-2) and exp(1-6) in case (e) and exp(0-67) and exp(3-2)
in case (f) for groups 1 and 2, respectively. When event random variable follows a U (0, 1) distribution, the
censoring distributions exp(3-2), exp(1-6) and exp(0-67) give approximately 70, 50 and 30% censoring rates.

ag (x) is the standard error estimate of log S; (x) (Kalbfleisch & Prentice 2002, p. 17), and z,, is
the ath percentile of the standard normal distribution.
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Fig. 2. Comparison of asymptotic relative efficiencies under the constraint 77 >

T>. The underlying distributions are: Si(f) = S(¢) =exp(—t), Sj(t)=1 and

S5 (t) = exp(—2t). Kaplan-Meier estimator (thin dashed); constrained nonparamet-

ric maximum likelihood estimator (thick solid); Rojo’s estimator (thick dashed);
pointwise constrained estimator (thin solid).

6. SIMULATION STUDIES
6-1. Two-sample case when sample size is small

We have conducted numerous simulation studies to compare the finite sample proper-
ties of three different constrained estimators, Rojo’s estimator (Rojo, 2004), the constrained
nonparametric maximum likelihood estimator (Park et al., 2012) and the pointwise constrained
estimator, and compared them to the unconstrained Kaplan—Meier estimator in the two-
sample case. In this paper, we show results for scenarios where G =2 and Si(¢) > S2(¢)
for all ¢.

The upper and lower plots of each panel in Fig. 1 show differences of root mean squared
errors of estimators of S7(¢) and S>(¢) over a range of values of ¢, compared with the pointwise
constrained estimator. In cases with the same censoring distributions, Fig 1(a), Rojo’s estimator
and the pointwise constrained estimator have smaller root mean squared error than the other
estimators. However, if populations 1 and 2 have different censoring distributions, the pointwise
constrained estimator has smallest root mean squared error among all estimators at almost all
times. Rojo’s estimator does not adjust well to the unequal censoring distributions, Figs. 1(b)—
(f), even when the censoring rates are close to each other, Fig. 1(d). The pointwise constrained
estimator is the only estimator that dominates the Kaplan—Meier estimator at almost all times in
all situations considered. Each simulation is based on 10 000 replications.

6-2. Two-sample case: asymptotic properties

We define the asymptotic relative efficiency as the inverse ratio of the mean squared errors
and compare the asymptotic relative efficiency of the three constrained estimators to the
Kaplan—Meier estimator in the two sample case in Fig. 2. The underlying distributions are
S1(t) = S (t) =exp(—1), S{(t) =1 and S5(¢) = exp(—2¢). The constraint is asymptotically rel-
evant at all times. We set limy,, ,,— o0 71/n2 = 1. The asymptotic relative efficiency of the full
constrained nonparametric maximum likelihood estimator is based on simulated data with a very
large sample size. Asymptotic relative efficiencies of the pointwise constrained estimator and
Rojo’s estimator are calculated using (9) and (10).
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Fig. 3. Comparison of the Kaplan—Meier estimator and pointwise constrained estimator in the three sample case.

Comparison of the Kaplan—Meier estimates for groups 1 (black solid), 2 (thick solid) and 3 (thin solid) and
pointwise constrained estimator for group 1 (black dashed), 2 (thick dashed) and 3 (thin dashed) case.

The pointwise constrained estimator dominates all other estimators for all ¢, whereas Rojo’s
estimator could be inefficient for some 7, as seen in Fig. 2(a). Compared with the Kaplan—Meier
estimator, the full constrained nonparametric maximum likelihood estimator is less efficient at
all times in this setting.

6-3. Simple ordering case

In this section, we compare finite sample properties of the pointwise constrained estimator
with the Kaplan—Meier estimator in the simple ordering case and investigate the confidence
intervals described in § 5. We consider three groups with underlying distributions 77 ~ exp(1),
T, ~exp(1-1) and 73 ~ exp(1-4) and a uniform censoring distribution C ~ U (0, 4-3), which
gives an overall censoring rate of about 20%. Sample sizes are n1 = n3 =40 and ny = 20. The
simulation is based on 10 000 replicates.

Figure 3 shows the mean squared error of the pointwise constrained estimator and the Kaplan—
Meier estimator. The figure shows efficiency gains for the pointwise constrained estimator at all
times for all groups, with the largest gains for the estimation of S, (#), where the mean squared
error of the pointwise constrained estimator is less than half of the mean squared error of the
Kaplan—Meier estimator at almost all times.

Bootstrap intervals are based on 1999 bootstrap estimates. We evaluate confidence intervals at
time 0-26 and 0-63, where the survival rates of group 2 are 0-75 and 0-5, respectively. In addition,
we also conducted a simulation study for additional two cases with different distributions; see
Table 1. The coverage rates and average widths of the confidence intervals described in § 5 are
shown in Table 1. As expected, the confidence interval centred on the pointwise constrained esti-
mator, Sg exp(xl -9605), is overly conservative with large average width and has higher coverage
rate. The bootstrap methods give confidence intervals with significantly reduced widths, but the
coverage rates can be somewhat low for some groups, especially when using the percentile or
the basic bootstrap methods. The transformation and the adjusted methods described in § 5 both
give slightly better coverage rates. The overall best results are obtained with the combination of
the basic bootstrap with arcsin(s!/?) transformation and controlling for bias overcorrection.

7. EXAMPLE

The data are from prostate cancer patients who received radiation therapy at the University
of Michigan Hospital, a portion of the data used in Proust-Lima & Taylor (2009). Five hundred
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Table 1. Percent coverage, average width, of nominal 95% confidence intervals

t=0-26 t=0-63
Distribution exp(1l) exp(l-1) exp(l-4) exp(1l) exp(1-1) exp(1-4)
Percentile 91 (20-8) 95 (22:9) 95 (24-9) 94 (27-2) 95 (28-2) 94 (27-4)
Basic 89 (20-8) 90 (22:9) 91 (24-9) 91 (27-2) 88 (28-2) 90 (27-4)
With adjustment 90 (20-8) 92 (22:9) 93 (24-9) 92 (27-2) 91 (28-2) 91 (27-4)
arcsin(s!/?) 94 (22-5) 93 (23-1) 93 (24-4) 93 (27-3) 90 (28-0) 92 (27-8)
With adjustment 95 (22-4) 94 (23-2) 94 (24-5) 94 (27-3) 93 (28-1) 94 (27-8)
Sq exp{£1-9607} 92 (26-7) 98 (37-8) 97 (28-3) 95 (33-6) 99 (46-5) 97 (31-7)
Distribution exp(1) exp(1-05) exp(1-2) exp(1l) exp(1-05) exp(1-2)
Percentile 90 (20-2) 96 (21-5) 94 (23-4) 92 (26-2) 96 (26-5) 94 (26-6)
Basic 90 (20-2) 92 (21-5) 93 (23-4) 92 (26-2) 91 (26-5) 92 (26-6)
With adjustment 91 (20-2) 94 (21-5) 94 (23-4) 92 (26-2) 93 (26-5) 93 (26-6)
arcsin(s/2) 95 (21-9) 94 (21-8) 94 (22-7) 94 (26-4) 93 (26-4) 94 (26-8)
With adjustment 96 (21-7) 95 (21.9) 95 (22-9) 95 (26-4) 95 (26-4) 95 (26-8)
Sq exp{£1-9607} 93 (26:9) 98 (37-6) 98 (27-1) 95 (34) 99 (47-2) 98 (31-3)
Distribution exp(l) exp(1-2) exp(1-6) exp(l) exp(1-2) exp(1-6)
Percentile 92 (21-6) 95 (24-6) 95 (26-2) 94 (28-1) 95 (29-8) 94 (27-5)
Basic 90 (21-6) 87 (24-6) 90 (26-2) 91 (28-1) 86 (29-8) 89 (27-5)
With adjustment 91 (21-6) 90 (24-6) 92 (26-2) 92 (28-1) 89 (29-8) 91 (27-5)
arcsin (s1/2) 93 (23-2) 90 (24-7) 92 (25-8) 93 (28-2) 88 (29-6) 92 (28-0)
With adjustment 95 (23-1) 93 (24-8) 94 (25.9) 94 (28-2) 92 (29-7) 94 (28-0)
Sg exp{£1-965;} 93 (26-6) 98 (38-9) 96 (29-4) 95 (33-2) 99 (47-0) 96 (31-3)

Sample sizes are n] = 40, n, = 20 and n3 = 40 and censoring distribution is Un(0, 4-3). The five bootstrap confidence
intervals are the percentile method, and the basic bootstrap method with or without arcsin(s'/2) transformation and

N

with or without an adjustment for bias overcorrection. S exp{=£1 -960g*} is the centred method of Hwang & Peddada
(1994). Results are based on 10 000 simulation samples.

and three patients without planned hormonal therapy are used to estimate the survivor function
of time to first recurrence of prostate cancer. For this analysis, recurrence is defined as the first
of local recurrence, distant metastasis or initiation of salvage hormone therapy.

It is expected that patients with higher baseline prostate-specific antigen levels have a higher
recurrence rate than those with lower baseline prostate-specific antigen values. The Gleason
grade is a measure of the aggressiveness of the tumour cells obtained from microscopic inspection
of'a biopsy prior to the treatment. It is also expected that patients with a lower Gleason grade will
have a lower recurrence rate. In this example, we divided the patients into six groups labelled A1,
A2, A3, B1, B2 and B3 based on whether or not their baseline prostate-specific antigen is less
than 10, and whether their Gleason grade is <6, =7 or 8. Patients with baseline prostate-specific
antigen <10 and Gleason <6 are labelled as A1, patients with baseline prostate-specific antigen
<10 and Gleason =7 as A2 etc. The natural set of constraints for the survivor functions are
Al >A2>A3,Bl >B2 >B3, Al >Bl1, A2 >B2 and A3 > B3.

The Kaplan—Meier estimates of each groups are shown in Fig. 4(a). The unrestricted Kaplan—
Meier estimates do not satisfy the stochastic ordering constraints. Specifically, between 1 and
2-5 years, the groups A2, B2 and B3 do not satisfy the ordering constraints and after 5 years the
orderings of A2 and A3, and B2 and B3 are incorrect.

The pointwise constrained estimates, shown in Fig. 4(b), satisfy the stochastic ordering con-
straints at all times. Between 1 and 2-5 years, the survivor functions take a common value in
groups A2, B2 and B3 and after 5 years, groups A2 and A3 and groups B2 and B3 have common
estimates. At around 12-5 years, there is a jump in the survivor function estimate for groups B2
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Fig. 4. Estimates in the University of Michigan prostate cancer example. The vertical bars in (a) are observed censor-

ing times. For the labels of the lines, A and B indicate, respectively, low and high baseline prostate-specific antigen;

and 1, 2 and 3 indicate, respectively, low, medium and high Gleason grade. (a) Kaplan—Meier estimator and (b)
pointwise constrained estimator.

Table 2. Estimates and confidence intervals (%) of survivor functions for some selected times in
the prostate cancer example

Time (years)

1.5

5

8

Al Kaplan—Meier estimator 99-4 (97-6, 100) 93-9 (90-0,97-2) 836 (76-4,91-1)
Pointwise constrained estimator 99.4 (97-6, 99-9) 93.9 (90-0, 97-2) 83-6 (76-4, 90-2)
A2 Kaplan—Meier estimator 99-1 (96-6, 99-9) 83-4 (75-6,90-2) 73-0 (63-2, 82-3)
Pointwise constrained estimator 99-1 (96-5, 99-9) 83-4 (76-6, 89-9) 73-0 (64-0, 83-0)
A3 Kaplan—Meier estimator 80-0 (36-0, 98-0) 70-0 (44-8,92-7) 70-0 (44-8, 100)
Pointwise constrained estimator 88-7 (70-9, 94.9) 70-0 (53-2,91-6) 70-0 (52-6, 93-6)
B1 Kaplan—Meier estimator 98-0 (92-2,99-7) 78-3 (71-2,86-1) 67-0 (57-8,77-8)
Pointwise constrained estimator 98-0 (95-2,99-7) 783 (71-2, 86-1) 67-0 (57-8,77-8)
B2 Kaplan—Meier estimator 86-8 (79-6, 93-6) 48-8 (38-9,62-2) 34.2 (229, 52-6)
Pointwise constrained estimator 88-7 (83-0, 93-9) 48-8 (39-6, 59-9) 39-8 (30-3, 54-0)
B3 Kaplan—Meier estimator 96-4 (86-2, 99-8) 479 (33-4, 67-5) 47.9 (33-5,69-4)

Pointwise constrained estimator

88-7 (83-5,93-8)

47-9 (38-4,69-2)

39-8 (29-9, 54-2)

Nominal 95% bootstrap confidence intervals using arcsin(s'/2) transformation and controlling bias overcorrection are
shown in parentheses.

and B3, even though there are no observed events at that time. This happens because the num-
ber of individuals at risk in the stochastically smaller group B3 at time # = 12-5 changes, which
results in iAz‘S(t) < 0, as discussed in § 2-3.

Detailed results of point estimates and corresponding confidence intervals for some selected
times are shown in Table 2.

8. DiscussioN

The pointwise constrained estimator is a likelihood based pointwise estimator. Unlike the full
constrained nonparametric maximum likelihood estimator, the violation of a constraint at one
time does not affect the estimates at other times. The pointwise constrained estimator gives a
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common estimate based on maximizing the likelihood when the constraints are violated and
compared with other estimators that use averaging based on initial sample sizes (Rojo, 2004;
El Barmi & Mukerjee, 2005), it has better properties when censoring exists.

When there is no censoring, Rojo’s estimator in the two-sample case and El Barmi and
Mukerjee’s estimator in the simple ordering case are identical to the pointwise constrained
estimator. However, if censoring exists, these estimators can be quite different, especially when
the censoring distributions differ significantly between groups. Another feature of El Barmi and
Mukerjee’s estimator is the range of times for which the estimator is defined. Specifically, it is
defined only until the minimum of the times of the last observations in all groups. Thus, if the
last observed time in one group is much earlier than in other groups, then estimates in all other
groups are undefined at subsequent times even though there may be a large number of observa-
tions at risk. On the other hand, the pointwise constrained estimator for a group is defined up to
the last observed time of that group.

The pointwise constrained estimator can have jumps at nonevent times. Thus, the likelihood
ratio statistics of the restricted survivor function, first introduced by Thomas & Grunkemeier
(1975) and discussed by Li (1995) and Murphy (1995) are not exactly correct, because they
assume the jumps can only occur at event times. Thus, the likelihood ratio test and confidence
interval based on the likelihood ratio test may need to be revised.

Methods to construct confidence intervals in order restricted problems are not well developed.
Bootstrap methods generally work better when the distributions are approximately normal after
some transformations. When constraints are present, it is not clear whether there exists any such
transformation. We proposed a method to control overcorrection of bias when using the basic
bootstrap methods and found improved properties of confidence intervals. Further investigation
of this approach on other applications could be useful.
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SUPPLEMENTARY MATERIAL

Supplementary material available at Biometrika online includes the generalized pool-adjacent-
violators algorithm for the simple ordering case in §2-5, proofs of Theorems 2—4, and an
algorithm to calculate a, described in § 5-2.

APPENDIX
Proof of Theorem 1. Let A1 and X, be Lagrange multipliers. The corresponding Lagrangian function is

A(h,2) =Y [d;log{1 — exp h(X)} + (n; — d)h(X)] + N (x)h° (x)
i=1
M(x)
F MDY X)) + R ) —q p — Mk (x).
j=1

The Karush-Kuhn-Tucker conditions that must be satisfied at the solution / are:

d; exp h(X;)

- + i —d)+r =0, i<M®), Al
| exp (X)) 1 () (A1)
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_%4'(’% —d)=0, i>M(), A2
N@)+ i — A =0, A9

M(x)
> h(X))+ k() — g =0, (A

j=1
() <0, (4
Joh® (x) =0, (A0)
) (A7

From (A1), we have hi(X;) = log{l —d;/(n; + A1)} fori < My(x). Either )A\z =0or A%(x) = 0 from (AO6).
If &, =0, then A, = —N(x) from (A3) which is only valid when h‘s(x) =q — ZM(X) log[1 — d; /{n; —

N (x)}] < 0; otherwise h‘s(x) =0 andkl is the solution of the equation, g — ZM(X) log{l — d;/(n; + 1)}=0,
from (A4), which is only valid when i; > —N(x) from (A3). Since ZM(X) log{1 —d;/(n; + k)} is an

increasing function in k, we can see that hy= max{k —N(x)}, where k is the solution of the equation
ZM ) log{l — d;/(n; + k)} — g = 0. It follows that A s exactly the same as K (¢g; x) defined in Theorem
I. Therefore the unique solution from solving (A2)—(A7) is as given in Equation (4). (]

Proof of Lemma 1. We consider separately two cases where K (¢g; x) > —N(x) and K(g; x) = —N(x).
If K(q;x)>—N(x), then #°(x) =0 and h(q; X;) =log(l — d;/n;) for i > M(x), which does not
depend on ¢. For any i < M (x),

A~ A —d,»e 2 ;X,‘
4 ldog(l — exphig: X)) + (n — dhig: X)) = — et XDV
dh(q; X;i) 1 —exp{h(q; X;)}
d;
1—expﬁ(q;X,—)

—{ni +K(g;x)} =—K(g; x).

Thus,

d " A o .
@0 = (Z [d;log{1 —exph(q;Xi)H(n[—di)h(q;xi>]+N<x)h“(x)>

M(x) M(x)

(qv ) ~
—Z —K(q; —K(q;x)@;hw;x,-):—K(q;x).

If K(q;x)=—=N(x), then h(g; X;)=log[l —d;/{n; = N(x)}] for i <M(x) and h(g; X;) =
log(1 — d;/n;) for i > M (x) are not functions of ¢. It follows that

d
—z(q x)= (Z[d log(1 — exp h(q: X)) + (n: — dh(g: X)] + Noh (g x))

=N(x)=-K(q;x).
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