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Summary. In tumorigenicity experiments, a complication is that the time to event is generally not ob-
served, so that the time to tumor is subject to interval censoring. One of the goals in these studies is to
properly model the effect of dose on risk. Thus, it is important to have goodness of fit procedures available
for assessing the model fit. While several estimation procedures have been developed for current-status data,
relatively little work has been done on model-checking techniques. In this article, we propose numerical and
graphical methods for the analysis of current-status data using the additive-risk model, primarily focusing
on the situation where the monitoring times are dependent. The finite-sample properties of the proposed
methodology are examined through numerical studies. The methods are then illustrated with data from a
tumorigenicity experiment.
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1. Introduction
In many scientific studies, the outcome of interest is time to
a certain event. Most standard methods in survival analy-
sis assume that these times are subject to right censoring. A
more complicated situation occurs when the event times can-
not be directly observed, but are known to be below or above
a random monitoring time. This kind of data is referred to as
current-status or interval-censored data.

One setting where current-status data arise is tumorigenic-
ity experiments. Consider the data from a study reported
in Dinse and Lagakos (1983). Oral doses of polybrominated
biphenyl mixture (PBB), a flame retardant, were adminis-
tered to 319 Fischer 344 rats over a six-month period, be-
ginning at about seven or eight weeks after birth. When the
animal died, either due to natural death or sacrifice, it was
determined whether or not bile duct hyperplasia was present.
The relationship of interest was the effect of dose level of PBB
on the distribution of bile duct hyperplasia in the rats. The
dose levels of PBB were measured in milligrams administered
per kilogram of body weight and could take on one of six pos-
sible values (0–5), corresponding to the actual dose levels of 0,
0.1, 0.3, 1.0, 3.0, and 10.0. In addition, three other covariates
were measured for each rat: sex, weight at baseline, and the
number of the cage in which the rat was housed during the
six-month dose period.

While Dinse and Lagakos (1983) were interested in model-
ing the effect of dose level on tumor prevalence, we might also

wish to model the effect of dose on the interval-censored time
to tumor development. The proportional hazards model (Cox,
1972) is typically used in most survival analysis applications.
However, it might not be as appropriate for this context, for
there is no biological mechanism to suggest that the effect of
dose is multiplicative on the hazard of time to tumor devel-
opment. Breslow and Day (1987, Chapter 6) argue that in
certain instances, an additive model seems more reasonable
in modeling the effect of dose on risk.

Understanding the dose-response relationship in the PBB
experiment requires proper specification of the effect of dose
on time to tumor development. Thus, it is important to have
model-checking methods for assessing the fit of the model.
Relatively little work has been done with goodness-of-fit pro-
cedures for interval censored data. Younes and Lachin (1997)
and Farrington (2000) have proposed residuals for the pro-
portional hazards model with interval-censored data. We seek
to develop more formal model-checking methods for assessing
functional form in the additive-risk model with current-status
data.

The course of this article is as follows. In Section 2, we
review the procedure of Lin, Oakes, and Ying (1998) for esti-
mation of the additive hazards with current-status data. We
then develop goodness-of-fit methods for checking the func-
tional form of covariates in Section 3. In Section 4, we report
the results of some simulation studies. The proposed methods
are then applied to data from a tumorigenicity experiment in
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Section 5. Finally, we conclude with some brief remarks in
Section 6.

2. Additive-Hazards Model for Current-Status Data
2.1 Notation and Model
Let T denote the time to the event of interest, let C be the
censoring time, and let Z represent a p × 1 vector of covari-
ates. We assume throughout the article that the covariates
are time invariant. It is assumed that T is independent of
C given Z. For i = 1, . . . , n, the observed data consists of
{Ci, δi,Zi}, n independent copies from {C, δ,Z}, where δ≡
I(T ≥ C) indicates that the event of interest has been cen-
sored. Note that the event indicator is defined backwards from
the usual case of right-censored data.

The effect of Z on T is formulated through the additive-risk
model (Lin and Ying, 1994):

λ(t |Z) = λ0(t) − βT
0 Z, (2.1)

where λ(t |Z) is the hazard for T conditional on covariates,
λ0(·) is an unspecified baseline hazard function, and β0 is
a p× 1 vector of unknown regression coefficients. When the
event of interest is rare, the regression parameters in (2.1) are
directly interpretable as risk differences associated with a unit
change in the covariates. As explained by Breslow and Day
(1980), pp. 53–57), a model such as (2.1) can provide useful
summaries of excess risk that can complement those given by
a proportional hazards model.

2.2 Estimation
Lin et al. (1998) proposed an elegant procedure for estimation
of β0 in model (2.1) based on the partial likelihood, using the
counting processNi (t) ≡ δiI(Ci ≤ t) for the ith individual, i =
1, . . . , n. SinceNi (t) can potentially take one jump, the hazard
function corresponding to Ni (t) is a well-defined quantity. Let
dHi (t) denote this hazard and let dNi (t) be the increment in
Ni (t). For dNi (t) to equal one, two things must occur. First,
Ci must equal t. Let the hazard of this event be denoted by
dΛC(t). Second, the monitoring must reveal that the subject
has not experienced the event before time t. Under model
(2.1), the second event has probability

Pr{Ti ≥ t |Zi} = exp

[
−

∫ t

0

{
λ0(u) − βT

0 Zi

}
du

]

= exp
{
−Λ0(t) + βT

0 Z∗
i(t)

}
, (2.2)

where Λ0(t) =
∫ t

0 λ0(u) du and Z∗
i(t) = tZ (i = 1, . . . , n). The

product of the probabilities for these two events yields

dHi(t) = dH0(t) exp
{
βT

0 Z∗
i(t)

}
, (2.3)

where dH 0(t) = exp{−Λ0(t)} dΛC(t). The model in (2.3) has a
form identical to that of the proportional hazards model (Cox,
1972). Consequently, estimation of β0 can be done based on
the partial likelihood.

The preceding discussion has implicitly assumed that cen-
soring or monitoring times for the n individuals come from the
same distribution. In situations where the monitoring times
are fixed in advance, this is a reasonable assumption. How-
ever, there are situations where the monitoring times them-

selves depend on the covariates; we refer to this situation as
dependent monitoring. In the work by Lin et al. (1998) an
estimation procedure for β0 in (2.1) was proposed for this
scenario. They model the censoring or monitoring times by
proportional hazards:

dΛC(t |Z) = dΛC
0 (t) exp

(
γT0 Z

)
, (2.4)

where dΛC(t |Z) represents the hazard function for censoring
conditional on covariates, dΛC

0 (·) is an unspecified baseline
hazard function, and γ0 is a p × 1 vector of unknown regres-
sion coefficients. For ease of presentation, we have included
the same covariate vector Z in (2.1) and (2.4). The method
works with different covariates in the two models as well; we
provide an example of this situation in Section 5. Since we
are formulating two models, model assessment and selection
of them will be important but for different reasons. We discuss
this issue at the end of Section 3.

Using arguments similar to those in the first paragraph of
this section, we have that

dHi(t) = dH∗
0 (t) exp

{
βT

0 Z∗
i(t) + γT0 Zi

}
, (2.5)

with dH ∗
0(t) = exp{−Λ0(t)}dΛC

0 (t). Lin et al. (1998) suggested
a two-stage approach for estimation. The parameters γ0 are
estimated using the partial likelihood estimating function

U∗(γ) =

n∑
i=1




Zi −

n∑
j=1

Yj(Ci)Zj exp
(
γTZj

)
n∑

j=1

Yj(Ci) exp
(
γTZj

)



, (2.6)

where Yi (t) = I(Ci ≥ t) (i = 1, . . . , n). The maximum par-
tial likelihood estimator γ̃ is the solution from setting (2.6)
equal to 0. Let Λ̃C

0 (t) represent the Aalen-Breslow estimator
of ΛC

0 (t) in (2.4). The regression parameters β0 can then be
estimated using the estimating function Uβ(β; γ̃) for estimat-
ing β0, where

Uβ(β; γ) =

n∑
i=1

∫ τ

0

{
Z∗

i(t) −
S(1)(β, γ, t)

S(0)(β, γ, t)

}
dNi(t), (2.7)

and

S(k)(β, γ, t) = n−1
n∑

j=1

Yj(t)Z∗
j(t)

⊗k exp{βTZ∗
j(t) + γTZj},

k = 0, 1. Let β̃ represent the solution to Uβ(β̃; γ̃) = 0. One
can show that n−1/2Uβ(β0; γ̃) and n1/2(β̃ − β0) converge in
distribution to normal random vectors with mean zero and
variance-covariance matrices Vβ ≡ Σβ −ΣβγΩ−1

γ ΣT
βγ and

Σ−1
β − Σ−1

β ΣβγΩ−1
γ ΣT

βγΣ
−1
β , where

Σβ = lim
n→∞

n−1 ∂Uβ(β; γ)

∂β
Σβγ = lim

n→∞
−n−1 ∂Uβ(β; γ)

∂γ

Ωγ = lim
n→∞

−n−1 ∂U
∗(γ)

∂γ
, (2.8)

and β and γ are evaluated at β0 and γ0, respectively. Corre-
sponding consistent estimators of Σ̃β, Σ̃βγ and Ω̃γ in (2.8) can
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be computed by replacing their components with the sample-
based estimators and β0 and γ0 with β̃ and γ̃.

3. Goodness-of-Fit Methods
We now develop numerical and graphical methods for model
checking corresponding to the estimation procedures in
Section 2 by extending the simulation-based procedure of Lin,
Wei, and Ying (1993). The dependent monitoring scenario is
considered here, as it seems reasonable to assume that the
monitoring times for animals in carcinogenicity experiments
are covariate dependent. We will primarily be interested in
checking the functional form for the covariates Z; related ex-
tensions are discussed in Section 6. We focus on the case where
the monitoring times depend on Z through the proportional
hazards model (2.4).

In the dependent-monitoring situation, Mi (t; γ0) (i = 1,
. . . ,n) are martingales, where

Mi(t; γ0) = Ni(t) −
∫ t

0

Yi(u) exp
{
βT

0 Z∗
i(u) + γT0 Zi

}
dH∗

0 (u).

Let H̃∗
0 (t;β, γ) =

∑n

i=1

∫ t

0 dNi(u)/S(0)(β, γ, u) and

M̃i(t; γ̃) = Ni(t) −
∫ t

0

Yi(u)

× exp
{
β̃

T
Z∗

i(u) + γ̃TZi

}
dH̃∗

0 (u; β̃, γ̃). (3.1)

It is natural to then use M̃i(t; γ̃) for estimation of Mi (t; γ0).
Define M̃i ≡ M̃i(τ ; γ̃). We can plot M̃i versus Zji to graph-

ically assess the functional form for the jth covariate. More
formal methods can be constructed based on the cumulative
sum Wj(x; γ̃):

Wj(x; γ̃) = n−1/2
n∑
i=1

I(Zji ≤ x)M̃i. (3.2)

Let S(1)
γ (β, γ, t) = ∂/∂γS(0)(β, γ, t) and

K(β, γ, x) = n−1
n∑
i=1

∫ τ

0

Yi(u) exp
{
βTZ∗

i(u) + γTZi

}

× I(Zji ≤ x)
{

Zi −
S(1)
γ (β, γ, u)

S(0)(β, γ, u)

}
dH̃∗

0 (u;β, γ).

Using arguments in the Appendix of Lin et al. (2000), the null
distribution of Wj(x; γ̃) can be approximated by that of the
mean-zero Gaussian process W̃j(x; γ̃):

W̃j(x; γ̃)

= n−1/2
n∑
i=1

∫ τ

0

{
I(Zji ≤ x) −

S(β̃, γ̃, u, x)

S(0)(β̃, γ̃, u)

}
dNi(u)Gi

−BT (β̃, γ̃, x)Σ̃−1
β n

−1/2
n∑
i=1

∫ τ

0

{
Z∗

i(u)−
S(1)(β̃, γ̃, u)

S(0)(β̃, γ̃, u)

}
dNi(u)Gi

−KT (β̃, γ̃, x)Ω̃−1
γ n

−1/2
n∑
i=1

∫ τ

0

{
Zi −

R(1)(γ̃, u)

R(0)(γ̃, u)

}
dNC

i (u)Gi,

(3.3)

where (G1, . . . ,Gn) are n i.i.d. randomly generated N(0, 1)

random variables, S(β, γ, t, x) = n−1
∑n

i=1 Yi(t)e
βT Z∗

i
(t)+γT Zi

I(Zji ≤ x), R(k)(γ, t) = n−1
∑n

j=1 Yj(t)Z
⊗k
j e

γT Zj , and

B(β, γ, x) = n−1
n∑
i=1

∫ τ

0

Yi(u)

× exp
{
βTZ∗

i(u) + γTZi

}
I(Zji ≤ x)

×
{

Z∗
i(u) −

S(1)(β, γ, u)

S(0)(β, γ, u)

}
dH̃∗

0 (u;β, γ).

One can plot Wj(·; γ̃), along with several realizations from
W̃j(·; γ̃), to graphically assess the functional form of the co-
variate. A more objective test can be developed based on
s̃j ≡ supx |Wj(·; γ̃)|.

Note that we are fitting two models, one for the time to
tumor, and the other for the monitoring time. Our primary
interest is in model adequacy for (2.1) in the dependent mon-
itoring scenario. Based on the estimation procedure described
by equations (2.6) and (2.7), it is obvious that misspecifica-
tion of the model in (2.4) will yield biased estimators for the
regression coefficients in (2.1). In this case, assessing model
adequacy for (2.1) has no meaning. Thus, before assessing
model adequacy for (2.1), we need to check that our estima-
tion procedure is providing consistent estimates of β0. To do
this requires checking model (2.4). Note that the reasons for
model checking in the two instances, however, are different.

Suppose we are interested in assessing the functional form
of a covariate in (2.1) for the dependent monitoring times
situation. We propose the following sequential strategy for
model checking:

1. Examine the overall fit of monitoring times model
(2.4) using standard methods (e.g., Schoenfeld, 1982;
Therneau, Grambsch, and Fleming, 1990; Lin et al.,
1993). If the model form is deemed to be adequate, pro-
ceed to step 2; otherwise, refit a new model to the data.

2. Check the functional form of the covariate in the de-
pendent monitoring model using the methods proposed
here.

Note that we are performing a global test of model adequacy
in the first step and a test for adequacy of a covariate at
the second. While we have assumed in this article that the
covariate vectors in the two models (2.1) and (2.4) are the
same, this approach also works with different covariates in
the two models. This will be demonstrated in Section 5.

4. Simulation Studies
To assess the small-sample properties of the proposed meth-
ods, extensive simulation studies were conducted. In the ones
reported here, we consider only a single covariate Z. We exam-
ined sample sizes n = 50, 100, and 200. Model (2.4) was used
to generate monitoring times with dΛC

0 (t) ≡ λC0 (t) = 0.5, 1.0,
and 1.5, and γ0 = 0.5. This corresponds to dependent monitor-
ing. For each simulation setting, 1000 samples were generated,
and 1000 resamplings were used to calculate p-values for each
sample.

For the simulation studies reported here, n/5 subjects were
assigned to one of five dose groups. The covariate Z takes
values 0, 1, 2, 3, and 4. Failure times were generated from
(2.1) with λ0(t) ≡ 1.0 and β = 0.05. The size of s̃1 was assessed
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Table 1
Empirical powers of s̃1

Correct model Incorrect model

n α λC0 (t) = 0.5 λC0 (t) = 1.0 λC0 (t) = 1.5 λC0 (t) = 0.5 λC0 (t) = 1.0 λC0 (t) = 1.5

50 0.05 0.06 0.04 0.04 0.62 0.61 0.57
0.10 0.11 0.09 0.08 0.64 0.62 0.59
0.15 0.16 0.14 0.12 0.66 0.63 0.61
0.20 0.25 0.22 0.19 0.68 0.63 0.62

100 0.05 0.05 0.04 0.03 0.65 0.63 0.60
0.10 0.10 0.09 0.09 0.69 0.65 0.62
0.15 0.15 0.14 0.15 0.72 0.68 0.64
0.20 0.19 0.20 0.19 0.75 0.73 0.67

200 0.05 0.05 0.05 0.04 0.69 0.66 0.62
0.10 0.10 0.10 0.09 0.72 0.69 0.65
0.15 0.15 0.15 0.14 0.75 0.72 0.68
0.20 0.20 0.20 0.19 0.78 0.75 0.73

Note: α denotes level of significance. “Correct model” refers to using Z in the estimation procedure; “incorrect model” refers
to using Z∗ in the estimation procedure. Failure times were generated from (2.1) with λ0(t) ≡ 1.0 and β = 0.05. Monitoring
times were generated from (2.4) with γ0 = 0.5 and baseline hazard λC

0 (t).

by using Z in the estimation procedures. The powers of the
proposed method was assessed in two ways. For the first, the
covariate Z∗ was used in estimation, where Z∗ = 1 if Z > 2
and 0 otherwise. We also considered the two-stage procedure
described at the end of Section 3. In the other scenario, Z∗ was
used to generate data from (2.4) and Z was used to generate
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Figure 1. Cumulative sum residual process for assessing covariate form of dose for bile duct hyperplasia data with Z∗ in
(2.4) and Z in (2.1); solid line = observed process; dotted lines = simulated processes.

data from (2.1). In the estimation procedure, Z∗ was used
for both instances. We again compared the performance of
s̃1 and the proposed sequential methods. The results of these
numerical studies are summarized in Table 1.

Based on these results, we find that the proposed meth-
ods perform reasonably well, at least for moderately larger
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Figure 2. Cumulative sum residual process for assessing covariate form of dose for bile duct hyperplasia data with Z∗ in
(2.4) and Z∗ in (2.1); solid line = observed process; dotted lines = simulated processes.

sample sizes. For smaller sample sizes, the statistics tend to
be somewhat unstable in terms of achieving the proper level of
significance. This behavior diminishes in larger sample sizes.
The method has good power.

5. Bile Duct Hyperplasia Data
We now revisit the bile duct data example from Section 1. In
their analysis of these data, Dinse and Lagakos (1983) focus
on the dose effect on tumor prevalence. Here, our interest
is in the effect of treatment on time to tumor development,
adjusting for other covariates. We consider model (2.1) for
time to tumor with treatment, and sex (0 = female, 1 = male)
as the covariates.

We first consider the model with a linear dose term and sex
for both the monitoring times model (2.4) and the additive-
hazards model (2.1) for time to tumor. Using the sequential
strategy proposed in Section 3, we first assess model adequacy
for the monitoring times model. Based on the global proce-
dure of Lin et al. (1993), the PH model for monitoring times
is not appropriate (p-value for the S̃-type statistic based on
10,000 resamplings: 0.004). We refit the data by transform-
ing dose into covariate Z∗ for (2.4): Z∗ is the original dose if
the actual dose level was at most 3.0, and 4 otherwise. We
leave the dose as a linear term in model (2.1). Based on the
model for monitoring times, the overall model is reasonably
adequate (p-value from the Lin et al. (1993), procedure =
0.20). A plot of the martingale cumulative sum process for
the time to tumor as a function of dose is given in Figure 1.
The p-value for the S̃-type statistic proposed in Section 3,
based on 10,000 resamplings, is 0.005. This suggests that the
linear term for dose in the model (2.1) is not adequate. Sup-
pose we now include Z∗ in both (2.1) and (2.4). The plot of

the martingale cumulative sum process for the time to tumor
is given in Figure 2. The p-value for the S̃-type statistic pro-
posed in Section 3, based on 10,000 resamplings, is 0.25. This
suggests that the transformation for dose in the model (2.1) is
appropriate.

6. Discussion
While we have considered goodness of fit methods for checking
covariate form, an extension of the ideas presented in the arti-
cle can be used to check for the additive-hazards assumption
with respect to each covariate component, as well as globally
for model (2.1).

As was mentioned by Lin et al. (1998), the resulting estima-
tors from their procedure are not semiparametrically efficient.
In theory, it is possible to adapt the goodness-of-fit methods
proposed here to efficient estimation procedures. For efficient
estimation, see Ghosh (2001) and Martinussen and Scheike
(2002). However, computation becomes more burdensome, be-
cause smoothing is required.
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Résumé

Dans les expériences de tumorigénicité, un des problèmes
posés est la mesure du délai jusqu’à apparition d’un
événement,, qui n’est pas précisément observé et soumis à une
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censure par intervalle. Un des objectifs de ces type d’études
est de modéliser de façon adéquate l’effet-dose sur un risque. Il
est donc important de disposer de procédures permettant de
tester l’adéquation du modèle. Alors que plusieurs procédures
d’estimation ont été développées pour analyser ce type de
données, peu de travaux ont été réalisés pour tester la validité
de ces modèles. Dans cet article, nous proposons des méthodes
numériques et graphiques pour les modèles à risques additifs
afin d’analyser ces données d’état mesuré dans le temps, en
prenant en compte le problème de la dépendance des temps
de suivi du monitoring. Les propriétés de la méthode pro-
posée sont étudiées par des études par simulation numérique,
puis illustrées sur des données provenant d’une expérience de
tumorigénicité..
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