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1 Preface

Ross Prentice has made enormous contributions to the fields of biostatistics, epidemi-
ology, and disease prevention, including survival analysis, case–cohort designs and the
use of surrogate endpoints in clinical trials, nutritional epidemiology, genetic epidemi-
ology, biomarkers and measurement error. He champions the interdisciplinary sciences
and played central role in the conception, design and implementation of the Women’s
Health Initiative, for which many of his methodological works in all three fields (biosta-
tistics, epidemiology and disease prevention) converge. It is impossible to summarize
all of these accomplishments in one issue, so this special issue of Lifetime Data Analy-
sis in honor of Ross will focus on various survival analyses-related topics. Oakes (2013)
provides an excellent expository review paper on many topics that Ross has made fun-
damental contributions to. Other areas where Ross has made substantial contributions,
including the Women’s Health Initiative, measurement error, nutritional epidemiology,
and genetic epidemiology, are covered in a special issue of Statistics in Biosciences.

Ross has authored many influential papers associated with clinical trials, including
work on life history and failure time data. He defined a criterion for the use of surro-
gate endpoints in clinical trials (Prentice 1989). This criterion essentially requires the
surrogate variable to “capture” the relationship (if any) between the treatment and the
true endpoint. In the addendum, Jay Herson describes the humble beginning of this
highly influential notion, now known as the “Prentice Criterion.” In another exam-
ple, Prentice et al. (1981) developed partially conditional models for recurrent event
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data. This special issue contains several papers on clinical trials, exemplifying Ross’
influence not only on the field, but also on the research and career development of
some of the authors. Diao et al. (2013) extend modeling of recurrent events to include
modeling of markers to reflect possible severity of the event, associated cost, or short
term response to treatment. They describe a novel model for a marked point process,
which incorporates dependence between continuous markers and the event process
through the use of a copula function. He et al. (2013) present their work on evaluation
of hospital readmission among kidney dialysis facilities in the United States, and they
provide a novel algorithm for handling large numbers of parameters associated with
facilities and hospitals. Daniel and Tsiatis (2013) consider the problem of estimating
the distribution of time to composite endpoint when some endpoints are only partially
observed. They propose incorporating the partial information through the augmented
inverse probability weighted estimating equations to increase the efficiency of the
estimator without relying on additional assumptions beyond those that would be made
by standard approaches.

In his recent work Ross has also made major contributions to risk prediction models
(Wacholder et al. 2010; Mealiffe et al. 2010). In this issue of LIDA, Cai et al. (2013)
propose a systematic approach to identify those individuals, using their conventional
risk factors/markers, who would benefit from a new set of risk markers for more
accurate classification. Zheng et al. (2013) study in depth a novel two-phase study
design that involves sampling until quotas of eligible cases and controls are identified
for validating biomarkers. This practical design could potentially save costs by not
requiring assessment of all cohort members prior to phase II sampling. They develop
semi-parametric methods to calculate risk distributions and a wide variety of prediction
indices for time-to-event data under this design.

Large cohort studies or clinical trials that monitor individuals over time for disease
occurrences are very powerful for studying multiple outcomes, estimating absolute
incidence rates in exposed and non-exposed people. Because exposures are assessed
before disease onset, there is no ambiguity about whether or not exposure precedes
disease. However, these studies are costly to conduct. Ross proposed a cost-effective
case–cohort study design. This involves a random sample of the entire cohort, called
the subcohort, augmented with subjects having the disease of interest but not included
in the subcohort sample. In contrast to the popular nested case–control study design,
the case–cohort design allows multiple studies of different diseases to be conducted
using the same subcohort. If the subcohort is of sufficient size, the statistical power
for studying the association of risk factors with disease is not substantially reduced
compared to the impractical alternative of collecting risk factors for the entire cohort.
As Ross indicated, standard methods of statistical analysis for relative risk model
require some modification for the case–cohort design. Ross formally formulated the
design and proposed the analysis method based on a pseudo-likelihood function in
1986 (Prentice 1986) and later provided the theoretical foundation (Self and Prentice
1988). During the past 20 years, this study design has been widely used in large cohort
studies such as the Women’s Health Initiative (WHI Study Group 1998), in which
Ross played a central role, and other large cohort studies such as the Atherosclero-
sis Risk in Communities (ARIC) study (The ARIC Investigators 1989), the Reasons
for Geographic and Racial Differences in Stroke (REGARDS) Study (Howard et al.
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2005), and the Busselton Health Study (Cullen 1972). In this special issue, Chen and
Chen (2013) consider the case–cohort design for recurrent events with certain specific
clustering features. They propose a properly modified Cox-type self-exciting intensity
model. In the paper by Lin (2013), we see that the case–cohort design remains very
useful in the current era of genetic studies.

Multivariate survival analysis is another area on which Ross has spent much time and
effort. For the last two decades he has worked on the difficult topic of nonparametric
estimation of the multivariate survival distribution. While van der Laan (1996) showed
that asymptotically efficient nonparametric estimation of multivariate survival function
is possible, further development is still needed for these estimators to be used in
moderate sample sizes. Examples of his work in this area are Prentice and Cai (1992);
Prentice (1999) and Fan et al. (2000). This special issue includes papers about several
topics on multivariate survival times, including cross-ratio estimation for bivariate
failure times with left truncation by Hu et al. (2013); a fixed-effects model for survival
analysis in matched pairs studies by Gerster et al. (2013); and multi-state models for a
wide variety of medical applications characterized by multiple events and longitudinal
data (Farewell and Tom 2013).

This is a very selective summary of a few of Ross’s many major statistical con-
tributions in the area of survival analysis. Other themes in his research in this area
include: development of classical methods for handling missing and mis-measured
covariate data (e.g., Prentice 1982); application of counting process theory to survival
models (Self and Prentice 1988); analysis of competing risks data (e.g., Prentice et al.
1978); development of linear rank tests with censored data (e.g., Prentice 1978); use
of marginal models for correlated failure time data (e.g., Cai and Prentice 1995 and
Prentice and Hsu 1997 that we have co-authored); development of failure time meth-
ods for statistical genetics and for gene and environment interaction (e.g., Zhong and
Prentice 2010; Prentice et al. 2010). We thank the Editor-in-Chief for this opportunity
to honor Ross for his numerous contributions, profound impact, and broad influence
on statistical methodology and application, administrative leadership, and mentorship.
Our personal experiences as Ross’ students are invaluable. From Ross we learned to
appreciate both statistical methodology and applications. Besides research, he showed
us how to multi-task and take leadership responsibilities by his own actions. We owe
him special thanks for his inspiration and guidance but we know that his influence
extends far beyond his direct collaborators. Because of the enthusiastic responses, we
received many interesting articles and hence, due to page limit, could not include all
manuscripts in one issue. The papers on case-cohort design (Chen and Chen 2013; Lin
2013) and multivariate survival analysis (Hu et al. 2013; Gerster et al. 2013; Farewell
and Tom 2013) will appear in the next issue.

2 Addendum: The humble beginnings of the prentice criterion

by Jay Herson, Ph.D.
Department of Biostatistics, Johns Hopkins Bloomberg School of Public Health,
Baltimore, MD, USA
Nearly everyone who has contemplated surrogate endpoints in clinical trials has

encountered what has become known as the Prentice Criterion. However few people
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may know how Ross came to work on this problem. Back in 1982, Steve George,
then at St. Jude’s Children’s Hospital, invited me to be a discussant at a Society for
Clinical Trials session on how to make clinical trials more efficient. Steve offered a
list of possibilities and one of them was surrogate endpoints. I had an idea of what
was meant by this term but did not include it in my discussion. Nevertheless, I was
intrigued by this notion so when asked to organize a session for the 1987 joint ENAR-
WNAR meeting in Dallas, TX I thought of surrogate endpoints. I invited Janet Wittes
to speak on surrogate endpoints used in cardiovascular disease, Susan Ellenberg in
oncology and Argye Hillis on ophthalmologic diseases. I was in several telephone
discussions with Ross at this time regarding his calculation of sample size for the
Women’s Health Initiative lipids study so, on one of these occasions, I asked Ross if
he would be discussant for this session and he accepted.

I hadn’t heard from Ross at all in the time leading up to the meeting. Ross already had
a reputation for being a brilliant theoretical and applied biostatistician and this caused
considerable excitement and some angst among the presenters. Susan Ellenberg, in
particular, was nervous about what Ross might say about her paper. Well, she was just
a kid at the time.

When the day came I began the session by saying that I had been thinking of
surrogate endpoints in clinical trials since 1982. The three presenters followed and
then Ross took the podium. He began by saying “I have been thinking of surrogate
endpoints since Jay called me to be discussant at this session.” He then proceeded to
present the Prentice Criterion for the first time and never did refer to any of the papers
presented.

This criterion rapidly passed through the statistical, medical and regulatory litera-
ture. Whenever I encounter it I wonder where would clinical trial methodology stand
if I had asked someone else to be discussant at that session.
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