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1. Introduction

The proportional hazards model (Cox, 1972) is the most popular model to analyze censored survival data. While

inference under the model through the partial likelihood method (Cox, 1975) is well understood and is shown to

be fully efficient under the null hypothesis of no covariate effect (Oakes, 1977), the model is based on the hazard

function, i.e., the conditional limiting probability of instantaneous failure. Efficacy of a new drug from a clinical trial

is often reported as the percentage of reduction in the hazard ratio. The concept of the hazard function is, however,

sometimes not well interpretable to biologists or physicians without solid statistical backgrounds. Thus, for more

effective communication with investigators and patients when discussing the potential therapeutic effect of a new

drug, it may be more intuitively straightforward to use an alternative summary measure of survival data such as the

remaining life years of patients. The efficacy can then be evaluated in terms of extending a patient’s remaining life

years, say, 5 years as a median. Here, we thus consider the quantile residual life function with the median residual

life function being a special case. The estimate of the 100(q)th percentile residual life function is interpreted as the

value which 100(q)% of subjects have the remaining lifetimes of equal to or less than, at a given time.

2. Quantile residual life function

For a patient i, let ti denote a failure time variable with survival function S (t) for t > 0. At a given time t0, a remaining

lifetime t∗ has the residual survival function S t0 (t
∗) = S (t∗ + t0)/S (t0) for t

∗ > 0 and t0 ≥ 0. The quantile residual life

function is defined as the inverse of the cumulative distribution function of a remaining lifetime given that no failure

occurs up to time t0. Thus, the 100(q)th percentile residual life function t∗q satisfies

S t0 (t
∗
q) = 1 − q, (2.1)

for q ∈ [0, 1]. The median residual life function t∗
0.5 is a special case when q = 0.5.

Because of early termination of study, the failure time ti may not be observed directly because of censoring at ci

which is assumed to be independent of ti. Then, we observe yi = min(ti, ci) with di = 1(ti ≤ ci) for patient i. Here,

we are interested in estimating the quantile residual life function with such right censored or uncensored survival data.

In the presence of right censoring, one can estimate the quantile residual life function by substituting the survival

function, S (t), with the nonparametric Kaplan-Meier estimator, Ŝ (t), and inverting the resulting function in (2.1).

Because the Kaplan-Meier estimators are computable only up to certain uncensored values, however, some quantile

residual life functions may not be estimable under heavy right censoring.
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3. Proposed nonparametric bayesian estimator

To overcome the difficulties in dealing with heavily censored survival data, we develop a nonparametric Bayesian ap-

proach that takes advantage of a fully model-based but highly flexible probabilistic framework. A Dirichlet process

mixture of Weibull distributions is used to avoid strong parametric assumptions on the unknown failure time distribu-

tion, making it possible to estimate any quantile residual life function under heavy censoring. Posterior computation

through Markov chain Monte Carlo is straightforward and efficient because of conjugacy properties and partial col-

lapse. The proposed methods are illustrated by using both simulated data and heavily censored survival data from a

recent breast cancer clinical trial conducted by the National Surgical Adjuvant Breast and Bowel Project (NSABP).
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