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by imposing both an additive structure and a known transformation G(-) on the
hazard function, that is,

G(A(tIZ (1)) = Xo(t) + B'Z(2), (6.1)

where G(-) is a known and increasing transformation function. Essentially, model
(6.1) is a partial linear regression model for the transformed hazard function. In
particular, within the family of the Box-Cox transformations

] _ (s_l)/7f >0,
Gla) = {1(:)Eg(s), ’ 1f§ =0,

model (6.1) is the additive hazards model when s = 1 and the Cox model when
s = 0. Since the model (6.1) allows a much broader class of hazard patterns than
those of the Cox proportional hazards model and the additive hazards model, it
provides us more flexibility in modeling survival data. The sieve maximum like-
lihood method can be used to estimate the model parameters, and the resulting
estimators of parameters are efficient in the sense that their variances achieve
the semiparametric efficiency bounds. For details, see Zeng, Yin, and Ibrahim
(2005). Further work along this topic includes variable selection using the SCAD
introduced before, hypothesis testing for the model parameters, and extensions to
multivariate data analysis, among others, to which interested readers are encour-
aged to contribute.

Let S(+|Z) be the survival function of T conditioning on a vector of covariates
Z. Cox’s model can be rewritten as

log[— log{S(t|Z)}] = H(t) + Z'B, (6.2)

where H is an unspecified strictly increasing function. An alternative is the pro-
portional odds model (Pettitt 1982; Bennett 1983):

—logit{S(t|Z)} = H(t) + Z'B. (6.3)
Thus, a natural generalisation of (6.2) and (6.3) is
G{S(tlZ)} = H(t) + Z'B, (6.4)

where G(-) is a known decreasing function. It is easy to see that model (6.4) is
equivalent to

G(T)=—-B'Z +e, (6.5)

where e is a random error with distribution function F = 1 — G™. For the
noncensored case, the above model was studied by Cuzick (1988) and Bickel and
Ritov (1997). For model (6.5) with possibly right censored observations, Cheng,
Wei and Ying (1995) studied a class of estimating functions for the regression
parameter 3.

A recent extension to model (6.5) is considered by Ma and Kosorok (2005),
which takes the form

HT)=BZ+f(W)+e,



30 Jianging Fan, Jiancheng Jiang

where f is an unknown smooth function. This model obviously extends the partly
linear Cox model (2.22) and model (6.5). Penalized maximum likelihood estima-
tion has been investigated by Ma and Kosorok (2005) for the current status data,
which shows that the resulting estimator of 3 is semiparametrically efficient while
the estimators of H and f are nl/3-consistent. Since the estimation method is
likelihood based, the variable selection method and the GLR test introduced be-
fore are applicable to this model. Rigor theoretical results in this direction are to
be developed.

7 Concluding remarks

Survival analysis is an important field in the theory and practice of statistics.
The techniques developed in survival analysis have penetrated many disciplines
such as the credit risk modeling in finance. Various methods are available in
the literature for studying the survival data. Due to the limitation of space and
time, we touch only the partial likelihood ratio inference for Cox’s type of models.
It is demonstrated that the non- and semi- parametric models provide various
flexibility in modeling survival data. For analysis of asymptotic properties of the
nonparametric components in Cox’s type of models, counting processes and their
associated martingales play an important role. For details, interested readers can
consult with Fan, Gijbels, and King (2007) and Cai, Fan, Jiang, and Zhou (2007).

There are many other approaches to modeling survival data. Parametric
methods for censored data are covered in detail by Kalbfleisch and Prentice (1980,
Chapters 2 and 3) and by Lawless (1982, Chapter 6). Semiparametric models
with unspecified baseline hazard function are studied in Cox and Oakes (1984).
Martingale methods are also used to study the parametric models (Borgan 1984)

and the semiparametric models (Fleming and Harrington 2005; Andersen et al,
1993).
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