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SUMMARY. In many epidemiological and medical follow-up studies a majority of
study subjects do not experience the event of interest during the follow-up period.
An important example is the on-going prostate, lung, colorectal, and ovarian cancer
screening trial of the National Cancer Institute. In such a situation, the widely used
G* family of weighted log-rank statistics essentially reduces to the special case of the
(unweighted) log-rank statistics. We propose a simple modification t&thiamily

that adapts to survival data with rare events, a concept which we formulate in terms
of a small number of events at the study endpoint relative to the sample size. The
usual asymptotic properties, including convergence in distribution of the standard-
ized statistics to the standard normal, are obtained under the rare event formulation.
Semiparametric transformation models forming sequences of contiguous alternatives
are considered and, for eaph a specific such model is identified so that the corre-
sponding modified5? statistic is asymptotically efficient. Simulation studies show
that the proposed statistics do behave differently from the origifiadtatistics when

the event rate during the study period is low and the former could lead to a substantial
efficiency gain over the latter. Extensions to tBé&¥ family and to the regression
problem are also given.

1. INTRODUCTION

Weighted log-rank statistics have been widely used in medical and epidemiological
follow-up studies to test for treatment or exposure effects on survival. The original
(unweighted) log-rank test was proposed by Mantel and Haenszel (1959); see also
Mantel (1966). It coincides with the partial likelihood score of Cox (1972) for the pro-
portional hazards regression model. On the other hand, efforts to extend the Wilcoxon
rank-sum test to censored failure time data led to the work of Gehan (1965), Peto and
Peto (1972), Tarone and Ware (1977), and Prentice (1978) among others. Both the
log-rank statistic and the extensions of the Wilcoxon statistic can be incorporated into
the class of weighted log-rank statistics, whose theoretic properties can be derived eas-
ily via martingale theory; cf. Gill (1980), Fleming and Harrington (1991), Andersen,
Borgan, Gill and Keiding (1993).

A particularly useful sub-family within the class of weighted log-rank statistics is the
so-calledG” family, proposed by Fleming and Harrington (1981) and Harrington and
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Fleming (1982). For this sub-family, the weight function is chosen to be the Kaplan-
Meier estimate of the survival function raised to a specified power. The family contains
as special cases the log-rank statistic<f 0) and the Peto-Prentice extension of the
Wilcoxon statistic p = 1), and bridges the two widely used statistics in a smooth
and natural way. When the ratio of the two hazard functions for the treatment and
the control groups is constant over time, the log-rank test is asymptotically efficient,
whereas if the ratio decreases, then a proper choice fror@thiamily, with p > 0,

is likely to produce a test more efficient than the log-rank. The popularity oGthe
family in testing survival difference is manifested by the implementation of the family
in major software packages, including SAS, Splus, and BMDP.

In some medical and epidemiological follow-up studies, the event rate during the
study period can be very low. This will generally be the case for cancer screening and
prevention trials. An important such example, which is in fact the main motivation
for the present research, is the on-going prostate, lung, colorectal, and ovarian (PLCO)
cancer screening trial conducted by the National Cancer Institute; cf. Gohagan, Prorok,
Kramer, and Cornett (1994). This is a multicenter, randomized trial of enormous scale
which includes 74,000 men and 74,000 women. The prostate aspect of the trial, which
includes 74,000 men from 55 to 74 years old who are allocated to either the treatment
(screening) group or the control group, is aimed at determining whether screening is
of substantial benefit in terms of reducing mortality. The study is designed to have
one-sided type | error rate of 0.05 and power of 0.90 for a 20% mortality reduction
with a ten year follow-up.

With the possible exception of non-melanoma skin cancer, prostate cancer has the
highest incidence rate among all cancers in men. It occurs mostly in men 50 years
or older. Although screening can lead to early detection of the cancer, its benefit,
including mortality reduction, is still largely unknown (Gohagan et al. 1994). This is
due primarily to the fact that prostate cancer mostly attacks older men and progresses
slowly. According to Hanks and Scardino (1996), “a third of men over age 50 harbor
some form of the cancer, but only between 6 and 10 percent will acquire the type likely
to lead to death or disability. And only about 3 percent eventually die of it.”

As will be demonstrated in the next section, G&family of weighted log-rank tests
is essentially the same as the (unweighted) log-rank test when the event rate is low,
such as in the PLCO trial. Thus, tl&&° family of tests, although simple and elegant
in its form and easy to use, does not fulfill its role to adapt, through different values
of the parametep, to a range of alternatives. It is well known that in many situations,
properly choosing a weight function can lead to a substantial increase in efficiency over
the unweighted log-rank test. The efficiency gain is especially important for follow-up
studies with low event rates, which by definition require very large sample sizes. For
example, a 10% efficiency gain for the PLCO trial would mean a net reduction of about
14,500 individuals, each with a multi-year follow-up.

The purpose of the present paper is to propose a modification @4Hamily of
statistics to accommodate rare event (low event rate) survival data so that the versatility
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of the G# family in the usual situations can be maintained. The modiBédamily of
statistics has similar simplicity in its form and it is intuitively easy to identify situations
under which a particular member should be preferred. In order to provide a formal
treatment, a precise mathematical definition for rare event survival data will be given.
Asymptotic distributions of the modifie@”-statistics are then derived under the null
hypothesis of no treatment difference and under a sequence of contiguous alternatives.
These results enable us to evaluate their asymptotic efficiencies. Differential equations,
similar to those given in Fleming and Harrington (1991, Chapter 7), are derived to
identify families of distributions for the underlying local alternatives so that a particular
member of thes” family is asymptotically optimal.

The rest of the paper is organized as follows. Section 2 reviewsthéamily
of weighted log-rank statistics and introduces a new modification that handles rare
event data. A precise mathematical formulation for a rare event is given in Section
3, where the main theoretic properties, including consistency, asymptotic normality
and asymptotic efficiency, are obtained under such a formulation. Simulation results
comparing the proposed modification of 1€ family with the original versions are
summarized in Section 4. Section 5 applies the proposed test to data from the BHAT
medical study. Section 6 contains extensions to a more geGéralfamily (Fleming
and Harrington, 1991) and to regression data. Section 7 contains some concluding
remarks. Most technical derivations and proofs are put together in the Appendix.

2. A MODIFIED G” FAMILY OF TEST STATISTICS

We will consider in this section two-sample comparison tests for follow-up studies.
In this connection, leTy, Cy, 1 = 1, ..., ny be the failure and censoring times, re-
spectively, from the control group an@;, C,, i = 1, ..., n» be the corresponding
times from the treatment group. For simplicity, simultaneous entry (at time 0) is as-
sumed. Let be the time that the results are collected or the time at the end of the study.
Thus observations consist df; = min{Tki, Cki, t}, ki = | (Tki < min{Cyj, 1}),
i=1...,n, k=12
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Define

Nki (1) = 8kil (Tki <t)

Yi (1) = 1 (Tii > 1)

Nk
Ni. () = > Nii (1)

i=1
Nk
Yie) =) Vi ()
i=1
2
N..(t) = Z Ni. (1)
k=1

2
Y.(t) = ZYk.(t).
k=1

We will use S(t) to denote the Kaplan-Meier estimate from the pooled data, i.e.,

AN..(S)
Y.(s) ) ’

é(t) = l_Isst (1 -

whereAN..(s) = N..(s) — N..(s—). We estimateF (t) with F(t) = 1 — §(t).

It will be assumed throughout the paper thag;, i = 1,...,ng}, {Cki, | =
1,...,n}, k = 1,2 are sequences of independent and identically distributed (iid)
random variables and they are independent of one another. Denétednd F» the
failure time distributions for the first and the second sample,fgt) = P(Tyx <t),

k = 1, 2. For simplicity, we assume that tl& are continuous. The corresponding
survival and cumulative hazard functions will be denotedt) = 1 — F¢(t) and
Ak(t) = —log &(t), k =1, 2. LetGg(t) = P(Ckj <t), k = 1, 2, be the censoring
distributions, which need not be continuous, &gdt) = 1 — Gy (t—).

To test equality of the two distribution§; = F», Fleming and Harrington (1981)
and Harrington and Fleming (1982) proposed the following class of statistics, known

as theG” family:
LA Y1.(0)Ya.(t) [ANp(t)  dNo.(t)
U, = S (t— — ,
g /o Vo [mt) Yz.(t)]

where 0< p < oo is a fixed constant. The family is included in a more general class,
known as theK -class (Gill, 1980), of weighted log-rank statistics. Wheer= 0, U,
is the well-known log-rank statistic, while fgr = 1, U, becomes the Peto-Prentice
extension of the Wilcoxon statistic.

Harrington and Fleming (1982) found semiparametric transformation models that
generate sequences of local alternatives for whiclahstatistics are asymptotically

(2.1)



WEIGHTED LOG-RANK TESTS FOR RARE EVENTS 5

efficient. Specifically, definél, by

exp(—e!), if p=0

2.2
L+ peh)=Y7 if p > 0. (2.2)

Hp(t) = {

For eachp > 0, the semiparametric model they used is

Si(t) = Hy(g(1)), S(t,0) = Hy(9(t) +6), (2.3)

whereg is any (unspecified) monotone increasing and smooth functiong andhe
parameter indicating treatment difference. The model has an equivalent characteriza-
tion:

9(Tki) = —z0 + exi,

wherez; = 0, 2 = 1, ande; are iid random variables with survival functidt,.

Note that foro = 0, thee; follow the extreme value distribution while far= 1 they
follow the logistic distribution. Harrington and Fleming found that the one-sided test
of rejectingHp : F1 = F», (i.e,60 = 0) whenever

Yo
(Up)

is asymptotically efficient against the local alternatives- 6, = b/./n for a fixed
b > 0. Herez, is the(1 — «) x 100th percentile of the standard normal and

U /t &0 () OV O
0

Y2(t)
estimates the variance 0f,.

When the event rate is low, th@” family of weighted log-rank statistics does not
have as good a range of flexibility as one would expect. This is because the low event
rate means tha (r) ~ 0 or S(t) ~ 1, so thats’(t) ~ S(t) ~ 1 forallt < r and
reasonable values fgr such as 0< p < 1. Therefore, any member in the family
is essentially the same as the unweighted log-rank statistic, as the weight function
changes little over the entire follow-up period Q.

Obviously, the reason that tl&” weight function remains stationary for all values
of p is that the survival function (and thus its Kaplan-Meier estimate) does not change
much relative to its initial value. A simple modification that forces the weight function
to decrease substantially is to subtract from the Kaplan-Meier estimator its value at the
endpointr. We therefore propose the following modification to e statistics:

Y1.(0)Yo. (1) |:d N1. (1) B dN2.(t)i|
Y.(1) Y1.(1) Yo.(t) |

SinceS(t) decreases from 1 t8(t), the new weight function§(t—) — S(r—)]#, when
scaled by [1- S(t—)]”, decreases from 1 to O for apy> 0. A natural estimator for

> Z4

[dNz.(t) + dNa.(1)]

U, = /O [S(t—) — S(z—)]” (2.9)
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the variance ot is
N toa A Y1.(t)Ya.(1)
2 _ Y _ 12t 120
32 = [ 181 - s

One slight technical complication of using the new weight function is that it is no
longer predictable with respect to the natusafiltration generated by the counting
processe$Nki, Yki}. Thus, strictly speakingjp with 7 replaced byt € [0, 7], isnhota
martingale and the standard martingale central limit theorem (Rebolledo, 1980) cannot
be applied directly to prove the asymptotic normality under suitable scaling. However,
as will be shown in the Appendix, the random weight functi®tf) — S(r—)]”
can be replaced by its non-random lim&(f) — S(z)]” without altering the limiting
distribution ofU,, under both the null and contiguous alternatives. In fact, we have the
following results, which will be proved in the Appendix.

Theorem 2.1. Suppose that fok = 1, 2, nx/n — rx € (0, 1) and Yk.(t)/nk — k()
with yk(t) > 0.
1. UnderHo : S(t) = Su(t), t < 7, we havel, /&, — N(©.1).
2. Under a sequence of contiguous alternativest) = SE“)(t) = (1+n~Y2r, 1) S (1),
with T (t) differentiable and™,(t) = yn(t) — y(t), uniformly int € [0, ], for
a continuous function, we havdjp/8gp e N(up, 1), where

[dNg.(t) + dN2.(1)] . (2.5)

Jo [F1(r) — F1®]P[r1ys®ray2()][raya(t) + ray2 ()] -1y (tydt
{JTIF1() — Fa®)]2[r1ys®ray2OI[raya(t) + raya] - tdaq ) 2

p= (2.6)

When the entire survival curve is estimable, (or, equivalemtly,) = 1), itis clear
from the preceding theorem that the proposed modification is asymptotically equiva-
lent to the originalG® family. The effect of the modification becomes noticeable with
rare event survival data, which, as stated above, motivated the modified statistics. The
next section derives asymptotic properties of the modiBédstatistics for such rare
event survival data.

3. ASYMPTOTIC PROPERTIES OF MODIFIE[5” STATISTICS WITH RARE EVENT
DATA

In this section, we will study asymptotic properties of the proposed modification
to the G* family of statistics for rare event survival data. Section 3.1 is devoted to
a mathematical definition for the notion of rare event. Section 3.2 derives asymp-
totic distributions for the modifie®” statistics under both the null hypothesis and the
contiguous alternatives. In doing so, we also derive the consistency of the properly
scaled Kaplan-Meier estimate for the rare event survival data. We present the informa-
tion on contiguous alternatives not only to match the historic development of the usual
weighted log-rank statistic, but also to assess the asymptotic efficiency of the proposed
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test and because the contiguous alternative for a given test can be used to determine
the appropriate sample size for any given study. Finally in Section 3.3, the asymptotic
efficiency of the proposed test is studied under semiparametric transformation models
and some optimality results, analogous to those presented by Fleming and Harrington
(1982, 1991) for their originab” statistics, are given.

3.1. A mathematical formulation for rare event survival data. To study the asymp-

totic properties of the proposed modification to taé family under the assumption

of rare events, it is necessary to provide a mathematically well-defined environment.
This subsection is devoted to setting up the notion of rare event survival data in precise
mathematical terms.

The notion of rare event must be relative to the samplersiZe this respect, it is
natural to let the two distribution functions for the two populations go to zero over the
study period [Qt] ash — oo. Furthermore, the amount of “information” accumulated
from the data must tend to infinity as— oo, since, otherwise, the underlying true
distributions(s) cannot be identified evenras> oco. To this end, we define the low
event rate condition for the two populatiohg = Fk(”), k=1 2,tobe

RVt =mtRat)., tel0.q] 3.1)

for somem, — oo and increasing functionBy, k = 1, 2. Note that theF naturally
depend om and thus we have Writteﬁk(”) to indicate this dependency explicitly. We
will also assumen/m,, — oo to ensure that the number of events (which, intuitively
speaking, is approximately proportional to the “information”) will tendxo In addi-
tion, theGy may also depend amand we requiréy(t) — Gi(t) and 1— Gx(t) > 0.
If the censoring due to causes other than termination of study is also “rare,” then we
expect 1— Gy(t) ~ 1 forallt < .

From (3.1), we clearly have as— oo,

MnAk(t) = —mplogd — FV (1) — F(t),  tel0,z], k=12 (3.2)

In other words, the cumulative hazard functions of the two samples are approximated
by m-LF(t), k =1, 2.
We may replace (3.1) with a slightly less stringent requirement that

ma RV (t) - Fk(t)  ash — oo. (3.3)

It can be shown that all subsequent asymptotic results can also be developed under
(3.3). For notational convenience, however, we will stick to formulation (3.1) rather
than (3.3) for low event rate.

The null hypothesisFi(t) = Fx(t), 0 <t < t, is, in view of (3.1), equivalent to
Fl(t) = F,(t), 0 < t < 7. The contiguous alternatives can also be defined in terms
of Fx. Specifically, letb(t) be a continuous function on [@]. Then writing fx =
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'Eé’ k = 1, 2, we define the contiguous alternatives to be, in conjunction with (3.1),

fot) = fi(t) + ‘/%b(t) fa(t) + o( /%), (3.4)

whereo(/mp/n) is uniform overt € [0, t]. The scaling factor reflects that the Fisher
information under (3.1) is of order/m;,.
Integrating (3.4) ovet, we get

Fat) = Fa(t) + ,/?B(t) + o(‘/%),

whereB(t) = f; b(s) dF(s). Furthermore,

1— Fo(t
Aa(t) — Ax(t) = —log 1—7&8
~1/2
— _log [1 ~ (mpn) (i(t) + 0(1))]
1— matFat)

= (Mpn) /2B(t) + o((myn)~?).
Formally through differentiation, but rigorously via (3.1), we can likewise get
Xa(t) = 2a(t) = (M) ~2b(t) f1(t) + o((Man) ~?)
= (Myn)"Y2o(1)21(t) + o((Myn) ~Y/2). (3.5)
Herei1(t) = limn_ o MaA1(t), which is the same af (t) by (3.2).

3.2. Asymptotic distributions under the null hypothesis and the contiguous alter-
natives. We will study asymptotic distributions of the proposed modification of the
G* family of statistics under both the null hypothesis and the contiguous alternatives
under the rare event assumption as described in Section 3.1. The results will allow us
to use normal approximations to get asymptotic size and power of the corresponding
tests. Note that Theorem 2.1 is not formulated for rare events. Because the statistics
involve the Kaplan-Meier estimate of the survival function, it is necessary to derive the
consistency of this estimate first.

Recall thatS is the Kaplan-Meier estimate from the pooled sample, andfhat
1— S Let S be the Kaplan-Meier estimate from teth samplek = 1,2, and
Fk = 1 — & In view of the rare event rate setuf\"” = Fy/mp, it is natural to view

consistency as, Fx approachingy.

Theorem 3.1. Under the low event rate assumption (3.1), for= 1,2 andt €

[0, 7], MF(t) 5 Fi(t) and maAk(t) > Fe(t) asng — oo, where Ag(t) =

fo dNk.(S)/ Yk.(s) is the Nelson-Aalen estimate of the cumulative hazard function.
Furthermore, under either the null hypothests = F1 or the contiguous alterna-

tives (3.4)mnFi(t) = Ei(t), k = 1, 2andmpF (t) 5 Eq(t) asnh — oo.
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The proof of Theorem 3.1 involves standard counting process-martingale techniques
and is given in the Appendix. From Theorem 3.1, we see that the weight function
[F(z) — Fr(t)]” is approximately proportional taF(t) — F1(t)]?, which is crucial
to the proof of Theorem 3.2.

Let

fot['fl(f) — F1(t)]7b(t) dpe(t)
{for[ﬁl(f) - Ifl(t)]zp d,u(t)}l/Z’

wheredu (t) = r1G1t)r2G2(t)[r1G1(t) + r2Ga(t)]~*dFa(t). For the modifieds”
statisticsU,, defined by (2.4), and its variance estimacfgr given by (2.5), we have

the following theorem giving asymptotic type | error and power.

p= (3.6)

Theorem 3.2. Suppose/n — r¢ € (0,1), k € (0, 1). Under the rare event formu-
lation of Section 3.1,

U,/, - NOD
if the null hypothesi$, = F» holds; and

Up/Gop e N(zp, 1)
if the contiguous alternative (3.4) holds.

Supposgi, > 0. Then it follows from the preceding theorem that a one-sided level
a test rejectHg wheneverUp/&Up > Z4, Wherez, is the(1 — «) x 100th percentile
of the standard normal distribution. The asymptotic power is therdd(z, — fi,).

The weight function irJ,, is essentially F1(t) — F1(7)]?, in view of Theorem 3.1
and the fact that its standardized version is scale invariant. Theorem 3.2 can easily
be extended to cover general weight functions. Supposekihd) is a sequence of
weight functions, converging to a deterministic linkit(t). Let Uk and&g be the

same an anda~ except with F1(t) — F1(z)]? replaced byKj. ThenUK/aU

converges in dlstnbutlon tdl (0, 1) under the null hypothesis and d(uk , 1) under
contiguous alternatives as defined by (3.4). Here

_ Jo K®Ob®) ducty

. 3.7
(f5 K2(t) du(t)*? &)

3.3. Asymptotic efficiency. We will now discuss the asymptotic efficiency of the
modified G tests. This is closely related to the asymptotic mean, defined by (3.6)
or (3.7), of the standardized test statistic under contiguous alternatives. Ip faof,
(3.6), oruk of (3.7) is the asymptotic efficacy; cf. Randles and Wolfe (1979, p. 149).
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Among the generd -class of weighted log-rank statistics described in Section 3.2,
the most efficient one maximize:sf(. In view of the definition ofuk in (3.7), we can
apply the Cauchy-Schwartz inequality to get

2 < /O b2(t) dpa().

Since it does not involv&, the right-hand side of the above inequality serves as an
upper bound. The upper bound can be attained by takiftyy = constankb(t), which
corresponds to an optimal choice of the weight function. Therefore, the asymptotic
efficiency of aG” statistic relative to the optimal weighted log-rank statistic is

{5 [F(x) — F®)]°b(t) du(t)}?
Jo[F () — F()12 du(t) fy b2(t) du(t)

Following Fleming and Harrington (1991), we define a semiparametric transforma-
tion model by

(3.8)

Fa(t) = H(g(t))
Fa(t) = H(g() +6)

for some monotone increasing functiodsandg. The contiguous alternative require-
ment is to seb = c1./mp/n for a constant;. Thus, under (3.9) with = c1./m,/n,

”(9( ) £
H’(g(1))
Using the notation of (3.4)(t) = clH”(g(t))/I:AI’(g(t)).AWe know that the optimal
weight function isb(t). Therefore, in order forf(r) — F(t)]” to be asymptotically

optimal, it is necessary and sufficient th&t(f) — F (t)]° = cb(t) for some constant
c, or

(3.9)

fat) = fa(t) + co—=———— fa(t)y/mn/n + o(y/mn/n). (3.10)

ERCO)
H'(g(t))
Because we can introduce a new variable= g(t) to eliminateg, equation (3.11)

is essentially a second order ordinary differential equation. In the Appendix, we will
solve it to get the following result.

[H(g(r)) — H(@)]” = (3.11)

Theorem 3.3. Under the rare event setup as defined by (3U),is asymptotically
optimal provided that (3.9) and (3.10) are satisfied with

H(u) = a; — L3, (@ (u* — u)),
for somea, > O anda; > 0, whereu* = g(r) and

v dx
L = - 0< .
o2 (V) ./0 aé’“ — xp+l sv=@®
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Note thatl , 5,(0) = 0andL , a,(a2) = oo so thatH (u*) = az and H(—oc) = 0. In
particular, for p = 1, the optimal function is
. a

Hu) = , - u <u¥,
W = expa (@ —w) ©sE=

wherea; > 0andaj > 0, whereas fop = 0O, the optimal function is
H (u) = & exp(au), —00 < U < U,
whered; > Oanda, > 0.

Remark. If we recall thatF(t) is the limit of the scaled cumulative hazard function
mn Ak(t), as shown in equation (3.2), we can easily interpret this theorem. For exam-
ple, forp = 0, when the test is asymptotically optimal we have the ratio of the hazards
equal to

Aa(t)  dH(g(t) + 0)/dt
At)  dH(gt))/dt
that is, the hazards are proportional. leot 0, we have
ho(t)  dH(g(t) +6)/dt
At)  dH(g(t))/dt
a3t — (L1, @ (g(o) — gty — 6))"
+1
&~ (Lok @ @) - g))"

&t — (@ - Rttt
T & (- Ryttt

= exp(@if);

By looking at the derivative of the next-to-last expression, we find that the ratio of haz-
ards is increasing whehis negative (and so the ratio is less than one) and decreasing
whené is positive (when the ratio is greater than one). In other words, when the test
is asymptotically optimal the hazard ratio moves towards one.

It is also interesting to compare the preceding theorem with the corresponding find-
ings of Harrington and Fleming (1982) for the non-rare situation as specified by (2.2)
and (2.3). Forp = 1, bothH, and H are logistic functions which have the same
simple form. But forp # 1, they are completely different functions. In particulr,
in general does not have explicit form wheréds always has as simple and explicit
form as seen from (2.2).

4. SMULATION RESULTS
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Sample size=60,000
Fk ~ log logistic Linear hazards

150 expected 750 expected 150 expected 750 expected
control events control events control events control events

typel power typel power typel power typel power
Proposedg =1) 0.050 0.51 0.051 0.98 0.049 0.51 0.049 0.98
Log-rank 0.050 0.45 0.052 0.96 0.049 0.31 0.049 0.84
Peto-Prentice 0.050 045 0.052 0.96 0.050 0.31 0.050 0.84
Sample size=20,000
Fk ~ log logistic Linear hazards
mp = 100 mp = 20 mp = 100 mp = 20

50 expected 250 expected 50 expected 250 expected
control events control events control events control events

type | power typel power typel power typel power
Proposed4 =1) 0.050 0.25 0.051 0.70 0.050 0.25 0.048 0.70
Log-rank 0.050 0.22 0.050 0.63 0.051 0.16 0.050 0.45
Peto-Prentice 0.050 0.22 0.050 0.63 0.050 0.16 0.050 0.46
Sample size=2,000
Fk ~ log logistic Linear hazards
mh =25 mp = 1.67 mh =25 mp = 1.67

360 expected 539 expected 360 expected 539 expected
control events control events control events control events

typel power typel power typel power typel power
Proposedg =1) 0.049 0.59 0.050 0.82 0.049 0.99 0.050 1.00
Log-rank 0.049 0.23 0.049 043 0.042 0.36 0.045 0.76
Peto-Prentice 0.050 0.32 0.049 0.63 0.044 0.64 0.047 0.98
TABLE 1. Summary of Simulation Results

For some comparisons of the modifi€d family with the originalG* family, we ran

six sets of simulations for each of two underlying distributions. One distribution was
the log-logistic. For the second distribution, we compared the exponential distribution,
which has a constant hazard functigy against the alternative distribution with hazard
A1(t) = Ap(.47t /T + .40). In both cases, the parameters of the alternative were chosen
so that average mortality over the study period {} under the alternative would be

80% of the control distribution. Here the average mortality overdpis defined to be

71 fof F«(t)dt. The truncation time was selected so that with, = 1 there would

be 10% censoring due to truncation. In all cases, the censoring due to truncation in
the treatment group is 96% that of the control group. For each distribution, we used
sample sizes of 60,000, 20,000, and 2,000 equally divided between the control and
treatment arms. With the notation of (3.1) we used 2 different levetsoffor each
sample size. The table shows the expected number of events in the control group for
each level ofn,. Finally, at each level ah, we ran 100,000 simulations under the null
and under the alternative hypothesis. The results are summarized in Table 1. Results
for one-sided testing are shown; the results for two-sided testing are comparable.
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FIGURE 1. Power functions from a simulation study with sample size
200 and varyingn,. The distribution of survival times is log-logistic
with parameters chosen to given power of .90 for the Prentice-peto (
1) test with 10% censoring at, = 1.

Three aspects of the table should be apparent: the log-rank and Peto-Prentice tests
do not differ appreciably for rare events; the proposed test has type | error rates com-
parable to that of th&” family; and the power of the proposed test exceeds that of the
original tests in all the cases simulated, in some cases by a great deal.

To indicate the performance of the proposed test for small samples, we performed a
simulation study with sample size 200. The distribution here is again log-logistic, but
this time the size of the effect was chosen so that the power of the tagtatl would
be 0.90 with 10% censoring. Figure 1 shows the power of the proposed and3fsual
tests withp = 1, as well as the power of the log-rank test. The power is based on
30,000 simulations for each value wf,. With m, = 1, the proposed and usua¥l
tests have almost identical power (indeed, the tests are almost identicalS&inegis
close to zero), but as, increases the power of the us@t tests falls to close to that
of the log-rank test. This simulation suggests that the proposed test may be preferable
to the usuals” test even when only a small proportion of the events are censored.
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FIGURE 2. The Kaplan-Meier curves for the BHAT study.

5. THE B-BLOCKER HEART ATTACK TRIAL

In this section we apply our proposed test to the data fromgtiiddocker Heart
Attack Trial (BHAT), which established the value pfblockers in reducing total mor-
tality of survivors of myocardial infarctiong-Blocker Heart Attack Trial Research
Group, 1982). The trial involved 3837 patients randomized to a placebo or propra-
nolol. The endpoint was death. Eleven patients with unknown mortality status are
excluded here. The event of interest, death, occurred in just 8.5% of the patients.
Figure 2 shows the survival curves for the control and treatment groups.

The original BHAT Research Group analyzed the data using the log-rank statistic.
In fact, because of the high survival rate, the log-rank and the Peto-Prentice (that is,
p = 1) statistic differ only slightly. For the full set of data, tipevalue for the log-rank
testisp = 0.00351, while the Peto-Prentice test giyes- 0.00314. For comparison,
the proposed test with = 1 givesp = 0.00152. While these values are all so small
that a difference in a decision is unlikely, Figure 3 shows the running values of the
three test statistics over the full course of the study. The figure clearly shows that
the log-rank and usual Peto-Prentice statistics track each other very closely. Since the
actual BHAT trial was monitored using group-sequential methods, the prof&sed
statistic might have lead to the same conclusion at a much earlier time, with a savings
of both resources and lives. We will report on the use of the propGgeidmily with
group-sequential methods in a future article.

Of course, there might be scientific reasons to prefer the log-rank statistiGfo a
statistic, but as this example illustrates, the Peto-Prentice statistic might not offer much
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FIGURE 3. The values of the 3 standardized test statistics over the
course of the BHAT trial. Negative values at the beginning of the trial
are truncated.

of a real alternative when the survival rate is high. This example also illustrates that
proposeds” does offer a flexible alternative.

6. EXTENSIONS

The modifiedG” family will be extended here in two directions. First, an extension
will be given in analogy with th&s”-” family, which extends th&~* family and is
more efficient for testing survival difference when the difference is more pronounced
in the middle; cf. Fleming and Harrington (1991). Second, we will extend@he
family to regression data, where the covariate may take arbitrary values. The regression
extension can also be used in the k-sample testing problem since we can view the k-
sample problem as a special case of the regression setup by defining a suitable covariate
vector.

The G*-¥ family of weighted log-rank statistics is defined, for= 0 andy > 0, as

u,, - /~r ép(t_)lfy(t—)Yl‘(t)Yz.(t) |:d N1. (1) 3 sz.(t):| |
0 Y..(1) Y1.(1) Yo. (1)

ClearlyU, = U, o. To see how th&”" statistics work, suppose that we pet= y =

1. Then the limiting weight function is monotone increasing urp to the median of

F = F; and decreases afterwards. Therefore, the test statistic emphasizes differences
of two survival curves around the median rather thart fogar O as th&,, with p = 1

does. By adjusting values @f andy, one can select a suitable member to make the
resulting test more efficient.

(6.1)
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In view of (2.4), we can naturally modify, ,, to handle rare events by introducing
Y1.(0)Yo. (1) |:d N1. (1) B d No.(t)
Y..(1) Y1.(1) Yo. (1)

Under the rare event formulation of Section 3.1 and the conditions of Theorem 3.2,

we can show thaUp,y/%p.V e N(O, 1) underF; = F, and thatup,y/&up,y —

Oy = [ 1805 - Sa-1 ) | 2

N (i, , 1) under the contiguous alternatives as defined by (3.4). Here

Y1.(t)Ya.(t)

5% =/T[é<t—>—é<r—>]2pﬁzy<t—)
Py 0

and
 J5IFa(x) = Fi®]PFY ©b(t) du(t)
JSIF1(r) — Fi®O122F2r () de(t)

Based oni, ,, we can derive, for each paip, y), a differential equation similar to
(3.11). The solution to that equation then dedirsea semiparametric family of the
form (3.9) so that the modifie@*-” test is asymptotically optimal.

Following Fleming and Harrington (1982), for the k-sample problem, we can cast it
as a special case of the more general regression problem. Thus here we will only show
how to extend the modifie@” statistics to tests of a covariate effect on survival with
regression data.

Suppose there aiie= 1, ..., n study subjects. Let; andC; be the survival and
censoring timesZ; the p-dimensional covariate vector agd= | (T; < Cj). For the
ith subject, defind\; (t) = ;| (min{T;, Cj} < t), the counting process, anl(t) =
I (min{T;, C;} > t), the “at risk” indicator. The extension tﬂ‘p,y to handle regression
data is defined by

Mo,y =

Upyz=) fo [St—) — S(t—))’[Zi — ZMO] AN (),
i=1

whereZ(t) = Y, ZiYi(t)/ YL, Yi(t). Its variance-covariance matrix may be esti-
mated by

VDD fo [Stt—) = S P/ t)[Zi = ZD][Zi — Z®O) dN ().
i=1

ThenU; y 2261 U, .,z can be used to test the null hypothesis that there is no overall
o p.y.Z

covariate effect on survival, i.e., the survival distributionTpfgiven Z; are the same
for all i. Under the rare event formulation of Section 3.1, the asymptotic distribution

of U;’y,zﬁaplﬂﬂp,y,z under the null hypothesis j&? with p degrees of freedom.
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7. CONCLUDING REMARKS

Motivated by the ongoing PLCO trial of the National Cancer Institute, we have pro-
posed a natural modification to the well-knov@? family of the weighted log-rank
test statistics. The proposed modification incorporates rare event survival data so that
the resulting family can effectively deal with different patterns of survival differences
with suitable choices of the tuning indgx A mathematical formulation for rare event
survival data has been given. Under this formulation, asymptotic distributions under
both null hypothesis and contiguous alternatives, which are formulated with semi-
parametric transformation models, have been derived. The limiting distribution under
contiguous alternatives provided a way to study asymptotic efficiency. A semipara-
metric transformation model was identified for eacko that the modifiek” statistic
is asymptotically optimal. Simulation studies indicated that the proposed testing sta-
tistics could lead to efficiency improvement over the origi@#l statistics when the
ratio of the two hazard functions decreases in time. Indeed, the simulations indicated
improved efficiency even when the event is not particularly rare.

The proposed modification to th&” family of statistics can be extended in many
ways. We have discussed its extension to regression data, which include, as a special
case, the k-sample problem. In addition, we presented an analogous modification to
G*-¥ family. A very important aspect in the application of weighted log-rank tests that
we do not include in this paper is sequential data monitoring and repeated significance
testing. This is particularly relevant in many follow-up studies, including the PLCO
trial. We are currently investigating extensions of the modiee’ statistics for rare
event survival data to handle sequential data monitoring and staggered entry. The
findings will be communicated separately.

APPENDIX

Proof of Theorem 2.1:The Theorem would follow from the standard counting
process-martingale argument for the weighted log-rank statistics (e.g., Fleming and
Harrington (1991), Theorems 7.2.1 and 7.4.1) if the weight functiotf) — S(z —)]”
were predictable. So, under the null hypothdsis= F1, we can apply the standard
argument to get, for the case o= 0, that

def 1 [LYL(9)Ya(S) [d Ni.(s)  dNp (s)]

t e —
§(1) \/ﬁ 0 Y..(S) Y1.(S) Y2.(S)

converges weakly to a Gaussian martingewhich has mean 0 and variance func-
tion

t —_ —_
EV\/gz(t) :f r_1Y1(S)f2Y2_(S) dA(S).
0 riYi(s) +r2¥y2(s)
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Furthermore, we know the Kaplan-Meier estimate is uniformly consistent oyey,[0
i.e., SUR<[0.7) 1S(t) — Si(t)| e 0 (Wang, 1987). So, by the Skorodhod strong em-
bedding (Shorack and Wellner, 1986) we have that in some probability space both

SUR<t< (1) — W (1)] —> O a.s., and sypy ., IS(t) — Si(t)| - O a.s.
Now,

up=1L[éa—y—éa—npdan

Sl

— _/O £t d[S(t—) — S(r—)]”
_ fo Wi 1) d[Fa(t—) — Si(z—)]” + o(1)

_ /0 [Sit—) — Si(z—)]” dWe(t) + o(L), A1)

where the second and the last equalities come from integration by parts, and the third
one from the Helly-Bray Lemma (Chow and Teicher, 1988, p. 256). In addition, it is
straightforward to see via the law of large numbers that

—ou — f [Fi(t—) — Si(r—)]* dEWA(H), (A2)

which is the variance ofo [S1(t—) — Fi(z—)]” dW (t). Combining (A.1) with (A.2),
we get the asymptotic normality &f, /6y, under the null hypothesis.

Finally, the convergence df,/o6y, under the contiguous alternatives can be de-
rived exactly the same way by applying the strong embedding and integration by parts
argument. The details are omitted.

Proof of Theorem 3.1Let T = max<i<n, Tki, K = 1, 2. ThenAk(t) — Ak(t)
is a martingale fot < 'I~'k*. Applying Lenglart’s Inequality (Fleming and Harrington,
1991, p. 113), we get, for ary> 0 andn > 0,

P[mn Sup |Ak(t) — Ak(t)| > E] < L + P[ n/ dAk(t) ]
0

O<t<Tk Y (1) —
MnAk(t
<Dy p TAdD)
€ kN~ Yk (7)
n
% —

€
asng — oo. Sincen ande are arbitrary, the left hand side must approachias oo

and, thereforemp (Ax(t) — Ak(t)) il 0, which in view of equation (3.2), implies

mMAx(t) 5 Fe(t). (A.3)
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It is not difficult to show thamn[Sk(t) — exp(— Ak(t))] L4 0. But exp( Ax®)) =
1— Ap@) + O(Az(t)) which together with (A.3) impliem, Fir(t) — F(t).

Now under the sequence of contiguous alternatives, we can apply Lenglart’'s In-
equality the same way as before to show that

[[\(t)_/t Y1.(8) dA1(S) + Y2.(9) dAz(S)] L (Ad)
" 0 Y1.(5) + Y2.(9) ' '

But the contiguous alternative assumption (3.4) entailsAb@s) = A1(S) + o(mn_l).
Thus, (A.4) implies thamn[A(t) — A1(t)] % 0. The same argument as used under
the null hypothesis can be applied again to showF (t) — F1(t)) LA 0orm,F(t) 4

Fi(t).

Proof of Theorem 3.2lt suffices to show convergence under the sequence of con-
tiguous alternatives as specified by (3.4), since they include the nullbgijh= O.
Convergence is guaranteed by the following:

1/2+p

mn ~ - 2
WUp ? N(opiip, 0p) (A.5)
and
my 2 P 2 fe SR
52 5 g2 :f [EL(r) — Ex®)]2dut). (A.6)
n P 0

By the definition ofU,,
/240

S ~,o—\/mn /[mnF(T) mnF(t)]p
n~1YL. O~ 1Ya. (1)
n-1lyY.
+«/mnnf [MnF (7) — myF(1)]”
0

n~LYL. O~ 1Ya. (1)
n-1y.
= A+ B, (A7)

where A andB are defined by the last equality.
Now

[d(A1(t) — A1(1) — d(Aa(t) — Ax(t))]

[dA1(t) —dAa(1)]

T =1 -1
colt) &' ymn [ YLON Y2 O 445 — Ax(s)) — d(Aa(S) — A2(9)]
0 n—+Y.(s)

is a martingale with respect to the natusafiltration generated by the processés,
Nki, k=1,2,i = 1,...,nk. By verifying the regularity conditions of the martingale
central limit theorem (Rebolledo, 1980; Fleming and Harrington, 1991, pp. 203-204),
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we can easily show that, converges weakly to a Gaussian martingale with mean 0
and variance functiop(t). Applying integration by parts and the strong embedding as
in the proof of Theorem 3.1, we know that p&f (A.7) remains asymptotically the
same ifm,F (t) andm,F (t) are replaced by their respective limis(z) and F(t).
This and the weak convergencegafimply that A ? N (O, 05).

For the other term in (A.7), we use approximation (3.5) to @efi fof[lfl(r) —

F1(t)]?b(t)du(t), which together with the convergence Athows (A.5) holds.
Finally, (A.6) follows directly from replacingn, Fx andn=1Y,. by their limits.
Proof of Theorem 3.3Define a new variable = g(t) and seu* = g(r). Since

g(0) = —o0, the range oti is (—oo, u*). Equation (3.10) gives

(HU") = HW)”H'(w) = cH" (),
which, upon integration overoco, u), results in
H'(u) 1
AP — (AW — AW cd+p)’
Leta = H(u*) and define

Loy = [ —2
V) = _—
ap 0 ap+l _ XP+1

which can be expressed in terms of hypergeometric functions but is not in general an
elementary function. Then integrating (A.8) over u*) gives

(A.8)

uwou /u dH(s)
c(l+p) u acrtl—(a-— H (5L
° dv )
=— _/a_HN(u) artl _ il (settingy = a — H(s))
= La,@—H(w).

HenceH(u) = a — L;})((u* —u)/c(1+ p)). The result follows by setting, = a
anda; = 1/(c(1 + p)).

Now for the special case of = 1, Ly ,(v) = (2a)tlog[(a + v)/(a — v)], or
Lot (u) = a—2a/(1+ exp2au)). Therefore,H (u) = ay — Lot (au(u* —u)) =
2ay/(1 + exp2azag (U* — u))). The result forp = 1 follows by lettinga; = 2axa;
anda; = 2a,. On the other hand, with = 0, L, ,(v) = log[a/(az — v)], or
L;})(u) = a—aexp(—u). HenceH (u) = ap exp(—ay (u* — u)) and the result for the
case follows by lettingy = a; anda, = ap exp(—aju*).
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