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Summary

An important aim in clinical studies in oncology is to study how treatment and prognostic factors
influence the course of disease of a patient. Typically in these trials, besides overall survival, also other
endpoints such as locoregional recurrence or distant metastasis are of interest. Most commonly in these
situations, Cox regression models are applied for each of these endpoints separately or to composite
endpoints such as disease-free survival. These approaches however fail to give insight into what hap-
pens to a patient after a first event. We re-analyzed data of 2795 patients from a breast cancer trial
(EORTC 10854) by applying a multi-state model, with local recurrence, distant metastasis, and both
local recurrence and distant metastasis as transient states and death as absorbing state. We used an
approach where the clock is reset on entry of a new state. The influence of prognostic factors on each
of the transition rates is studied, as well as the influence of the time at which intermediate events
occur. The estimated transition rates between the states in the model are used to obtain predictions for
patients with a given history. Formulas are developed and illustrated for these prediction probabilities
for the clock reset approach.

Key words: Multi-state model; Survival analysis; Prognostic factors; Prediction.

1 Introduction

Traditionally, statistical methods for analyzing survival data have involved estimation of survival prob-
abilities, considering the transition from the initial state, usually after surgery or start of treatment, to
a single ultimate state or endpoint. Typically, however, more than one endpoint can be defined in
cancer clinical trials. In a breast cancer trial, for instance, several endpoints, such as disease-free
survival, local recurrence, distant metastasis or death are possible. In such cases, separate analyses are
usually carried out for each of the endpoints. These separate analyses are not completely satisfying,
since they fail to reveal the relations between different types of events.

More recently, methods have been developed which simultaneously model several competing causes
of therapy or surgery failure (competing risks models) or which model the evolvement of a patient’s
state over time (multi-state models). In these multi-state models a number of states is defined (e.g.
alive without disease, local recurrence, distant metastasis, death) and the focus is on the process of
going from one state to another. These models allow the incorporation of prognostic factors in order
to make comparisons between factors feasible. See a recent issue of Statistical Methods in Medical
Research (Andersen and Keiding, 2002) for a recent review on multi-state models.
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Estimating these transition rates is interesting in itself, since comparing these rates may provide
useful insight into the relationships between the different endpoints, such as loco-regional recurrence
and distant metastasis and survival in breast cancer and platelet recovery, acute and chronic graft-
versus-host disease and survival in bone-marrow transplantation (Klein et al., 1993; Keiding et al.,
2001). Moreover, the influence of prognostic factors on each of the transition rates can be estimated
and compared. In breast cancer, Broet et al. (1999) carried out such a multi-state analysis.

Another interesting and perhaps underrated aspect of multi-state models is the possibility to apply it
to obtain predictions of the clinical prognosis of a patient at a certain point in his/her recovery or
illness process. The paper by Klein et al. (1993), following up on work of Arjas and Eerola (1993),
shows how to do this. The prediction procedure takes into account the patient’s personal characteris-
tics and clinical data prior to the time of prediction, if necessary also the exact times in the patient’s
history at which intermediate events have occurred.

Two distinct approaches are often used in multi-state models. They differ in the definition of time t
in the hazard functions lðtÞ. In the first approach, which we will call the “clock forward“ approach,
time t ¼ 0 is the start of study, in our case surgery, and t always refers to time since surgery. Klein
et al. (1993) take this “clock forward” approach; all transitions going into a state are modelled by a
single baseline rate, by imposing a Cox proportional hazards model with intermediate events as time-
dependent covariates. In the second approach, which we call “clock reset”, time t ¼ 0 is the entry of
the last state entered, and t refers to time since entry of the present state, also called backward recur-
rence time. Thus, in this approach, the clock is reset every time the patient enters a new state. If it is
assumed that the sojourn times depend on the history of the process only through the present state and
the time since entry of that state, the resulting multi-state model is a Markov renewal model (see e.g.
Lagakos et al. (1978); Gill (1980); Prentice et al. (1981); Dabrowska et al. (1994)), commonly termed
a semi-Markov model. We shall later further relax the Markov assumption and let the sojourn times
also depend on the times at which earlier states were entered. To avoid unnecessary confusion, we
therefore use the term “clock reset” for these models. Examples of the “clock reset” approach can be
found in Dabrowska et al. (1994); Andersen et al. (2000), and in the book by Therneau and Grambsch
(2001).

In this paper we apply the “clock reset” approach to data from a breast cancer trial, in which local
recurrence and distant metastasis serve as intermediate events and death is the primary endpoint. The
most important prognostic factors like tumor size, nodal status and initial type of surgery are incorpo-
rated into the model. We check the Markov property of the multi-state model by testing the effect of
the times at which local recurrence and distant metastasis occur, and an attempt is made to obtain a
parsimonious model. Finally, we show how the resulting model can be used to present prediction
results for a fictitious patient with a given set of prognostic factors and treatment, for a variety of
intermediate events.

In Section 2 we give background on the breast cancer trial used as illustration. In Section 3 we
introduce the multi-state model and focus on parameter estimation in this model. In Section 4 we
discuss how to use the multi-state model for prediction. Results of estimated prediction probabilities
are shown in Section 5. We conclude in Section 6 with a discussion.

2 Description of the Data

We re-analyzed data from a trial conducted by the European Organization for Research and Treatment of
Cancer (EORTC-trial 10854) ðClahsen et al., 1996) by using a multi-state model. The trial was set up to
study whether a short intensive course of perioperative chemotherapy yields better therapeutic results
than surgery alone. The trial included patients with early breast cancer, who underwent either radical
mastectomy or breast conserving therapy before being randomized. The trial consisted of 2795 patients,
randomized to either chemotherapy or no chemotherapy. Details of the trial (Clahsen et al., 1996) and
long-term results (van der Hage et al., 2001) are described elsewhere. Median follow-up is 10.8 years.
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The most important prognostic factors studied are summarized in Table 1. Most of these factors
contain a small number of missing values. The multi-state model is based on all patients (n ¼ 2687,
96.1%) of which all prognostic factors are known. Since nearly all patients with breast-conserving
therapy received additional radiotherapy, type of surgery (mastectomy or breast-conserving surgery)
and radiotherapy (yes/no) were combined into a single prognostic factor with three levels (mastectomy
with radiotherapy, mastectomy without radiotherapy and breast conserving therapy (BCT)). This factor
will from now on be referred to as type of surgery.

3 The Multi-State Model

The multi-state model that is useful for our purpose is illustrated graphically in Figure 1.
Five different states can be distinguished, event-free and alive after surgery (state 0), loco-regional

recurrence only and alive (state 1), distant metastasis only and alive (state 2), both local recurrence
and distant metastasis and alive (state 3) and the only absorbing state death (state 4). There are three
possible initial paths in the clinical trajectory of a patient post-surgery, which correspond to three
transitions from surgery (state 0) to local recurrence, distant metastasis and death (states 1, 2 and 4
respectively). Both from local recurrence and distant metastasis, two transitions are possible, to both
local recurrence and distant metastasis (state 3) and to death (state 4). Finally, from state 3 it is only
possible to go to state 4. After surgery, patients are exposed to three competing risks, loco-regional

368 H. Putter et al.: Multi-State Model for Breast Cancer

Table 1 Prognostic factors for all patients ðn ¼ 2795Þ.

Prognostic factor n (%)

Tumor size
� 2 cm 823 (30)
2–5 cm 1759 (64)
> 5 cm 166 (6)
Missing 47

Nodal status
Negative 1467 (53)
Positive 1327 (47)
Missing 1

Type of surgery
Mastectomy with RT 658 (24)
Mastectomy without RT 577 (21)
Breast conserving 1560 (56)
Missing 16

Perioperative chemotherapy
No 1395 (50)
Yes 1398 (50)
Missing 2

Adjuvant chemotherapy
No 2227 (82)
Yes 502 (18)
Missing 66

Age (years)
� 50 1118 (40)
>50 1677 (60)
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recurrence, distant metastasis and death. Each of these possible paths is denoted by an arrow; the rate
of going from state i to state j is denoted by lijðtÞ. Not every path from state i to state j is possible.
Death is the absorbing state; no paths go out from that state. It is also impossible to go from state 1
to 2, for instance; if for a patient, after having experienced a local recurrence, a distant metastasis is
observed, this patient goes to state 3, not to 2.

The number of patients to enter and to visit these states, based on the patients with all prognostic
factors known, is summarized in Table 2. Note that for 82 patients, a local recurrence and distant metas-
tasis was diagnosed simultaneously. These 82 patients were defined as going from 0 to 2 in the multi-
state model, and immediately afterwards from 2 to 3. This avoids an extra transition with few events.

The approach we take is similar to that of Therneau and Grambsch (2001). When a patient enters a
new state in the multi-state model, the clock is set back. Thus, time t in lijðtÞ refers to time from
entering state i, not from the start of the study. The time at which the former state was reached can
then be added as a covariate.

We model the effect of covariates on transition i! j using Cox’s proportional hazards model on
the transition hazards; for a patient with covariate vector Z, the transition hazard lijðtÞ for transition
i! j is given by

lijðtÞ ¼ lij;0ðtÞ exp ðb>ij ZÞ ;

Biometrical Journal 48 (2006) 3 369

Figure 1 A graphical representation of the multi-state model. The numbers indicated
below the boxes are also used to represent the states in the formulas to follow.

Table 2 Number of patients to enter and visit the states.

State No to enter No to visit

1 2 3 4 None

0 2687 235 (8.7%) 827 (30.8%) – 83 (3.1%) 1542 (57.4%)
1 235 – – 97 (41.3%) 22 (9.4%) 116 (49.4%)
2 827 – – 127 (15.3%) 457 (55.3%) 243 (29.4%)
3 224 – – – 167 (74.6%) 57 (25.4%)
4 729 – – – – –
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where lij;0ðtÞ is the baseline hazard of transition i! j, and bij is a vector of regression coefficients.
An alternative way of writing this model ðAndersen et al., 1991) is as

lijðtÞ ¼ lij;0ðtÞ exp ðb>ZijÞ ;

where Zij is a vector of covariates specific to transition i! j, defined for the individual based on her
covariates Z. With Zij;k denoting this vector for subject k, estimates b̂b and L̂Lij;0ðtÞ of b and the cumu-
lative baseline hazards Lij;0ðtÞ can be found by maximizing the generalized Cox partial likelihood

LðbÞ ¼
Q

transition
i!j

Qn
k¼1

dij;k¼1

exp ðb>Zij;kÞP
l2Riðtij;kÞ

exp ðb>Zij;lÞ
;

where tij;k is the failure or censoring time of individual k for transition i! j, dij;k ¼ 1 if individual k
has an event for transition i! j, 0 otherwise, and where RiðtÞ is the risk set of state i at time t, i.e.
the set of individuals who are in state i at time t (t being here the time since entry in state i). The
estimate of the cumulative baseline hazard of transition i! j is the Nelson-Aalen estimate

L̂Lij;0ðtÞ ¼
Pn
k¼1

tij;k�t

dij;kP
l2Riðtij;kÞ

exp ðb>Zij;lÞ
:

These estimates can be obtained by following Therneau and Grambsch (2001) in building an aug-
mented data set where for each patient in state j, a row is added for each state k that can be reached
from j (i.e. for each possible transition from state j). Suppose that the patient leaves state j after time t
(measured from moment of entrance) and goes to state l. Three variables were added to the data set.
A variable transition was added with a unique value for each possible transition. The resulting number
of patients in the transitions can be seen in Table 3.
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Table 3 Number of patients and number of events in the transitions.

Transition No event Event (%) Total

0 ! 1 2454 235 (8.7%) 2687
0 ! 2 1860 827 (30.8%) 2687
0 ! 4 2604 83 (3.1%) 2687
1 ! 3 138 97 (41.3%) 235
1 ! 4 213 22 (9.4%) 235
2 ! 3 700 127 (15.4%) 827
2 ! 4 370 457 (55.3%) 827
3 ! 4 57 167 (74.6%) 224

Table 4 Anova-table for testing whether the effect of covariates varies across transitions.

Model Log-likelihood Likelihood-ratio
statistic

Degrees of
freedom

P-value AIC

Null model �13460.12 26936.24
Tumor size �13436.48 47.28 14 <0.0001 26916.96
Nodal status �13443.47 33.30 7 <0.0001 26916.94
Type of surgery �13421.26 77.72 14 <0.0001 26886.52
Perioperative chemotherapy �13455.66 8.92 7 0.26 26941.32
Adjuvant chemotherapy �13453.05 14.14 7 0.049 26936.10
Age �13438.33 43.58 7 <0.0001 26906.66
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A time-variable time is added as well; it equals t for each transition. Finally, a variable status
equals 0 for all transitions corresponding to transitions from j to k except for k ¼ l in which case
status ¼ 1. If the patient stays in state j, the time variable is the time until end of follow-up, the status
variable equals 0 for all transitions. This way of representing the data enables to fit a model where the
effect of one or more prognostic factors is the same for each transition.

First we fitted a Cox regression model including all potential prognostic factors with regression
coefficients constrained to be identical for all the transitions. This is called the null model in Table 4.
Then, one by one, each prognostic factor was allowed to differ across transitions, while the others
were kept identical across transitions. For each covariate a likelihood ratio test was used to test the
null hypothesis that the regression coefficients were identical for all transitions. The results are sum-
marized in Table 4.

For each prognostic factor, with the exception of perioperative chemotherapy, the model where the
regression coefficients were allowed to differ, resulted in a better fit.

On the basis of the results of Table 4, we fitted a model (model 1) where the regression coefficients
of all prognostic factors, except perioperative chemotherapy were allowed to vary between transitions.
The proportional hazards assumption for model 1 (and later for the final model) was checked for each
covariate separately by modelling the presence of an interaction of the covariate with log ðt þ 1Þ for
each transition, with t time in years since state entry. Likelihood ratio tests were used to test for over-
all effects of each covariate by time interaction over transitions. None of these overall tests indicated
a violation of the proportional hazards assumption. Inspection of the coefficients of model 1 revealed
that almost none of the estimated Cox regression coefficients for the transitions going out from states
2 and 3 differed significantly from zero. The only exceptions were nodal status (also the strongest
predictor in model 0) and type of surgery (significant only for 2! 4). This finding is in line with the
commonly held belief that after a distant metastasis, prognosis is bad, whatever the prognostic factors
before surgery. In an attempt to obtain a simpler model, we then refitted the model twice, restricting
each prognostic factor except nodal status first to be identical for the transitions 2! 3, 2! 4 and
3! 4 (model 2), then equal to zero for the transitions 2! 3, 2! 4 and 3! 4 (model 3). An anova-
table of these models is shown in Table 5 (estimated coefficients not shown). Model 3 clearly is the
preferred choice among these three models.

In the models fitted up to this point it was assumed that the transition rates going out from a state
do not depend on the time at which that state was reached. To test this assumption we added two
variables to model 3, the time to local recurrence (defined for transitions 1! 3, 1! 4 and 3! 4)
and the time to distant metastasis (for transitions 2! 3, 2! 4 and 3! 4). In model 4 both covari-
ates were added to model 3 and constrained to be identical across transitions, in model 5 time to local
recurrence was allowed to vary, in model 6 time to distant metastasis was allowed to vary, and finally
in model 7, both time to local recurrence and time to distant metastasis were allowed to vary. Given
the results in Table 5, we choose model 5 as the basis for our predictions in the next section.

The estimated coefficients of model 5 are summarized in Table 6.
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Table 5 Analysis of variance table for models 1 through 7.

Model Log-likelihood Test Likelihood-ratio
statistic

Degrees of
freedom

P-value AIC

1 �13377.09 26868.18
2 �13386.71 1 vs 2 17.40 14 0.16 26859.42
3 �13388.18 2 vs 3 2.94 4 0.57 26854.36
4 �13348.35 3 vs 4 79.66 2 <0.0001 26778.70
5 �13343.02 4 vs 5 10.66 2 0.0048 26772.04
6 �13346.80 4 vs 6 3.10 2 0.21 26779.60
7 �13341.78 5 vs 7 2.48 2 0.29 26773.56
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Most notable is the consistently higher transition rates for positive nodal status, whereas larger
tumor size has similar effects, but not quite as consistently. Breast conserving treatment implies, as
expected, a higher local recurrence rate compared to mastectomy and radiotherapy, but this is, if any-
thing, reversed for death, especially after distant metastasis. Young age is a well known risk factor for
local recurrence. This is also seen in Table 6, as well as the (expected) reverse effect, although often
not significant, for transitions into death. The time at which local recurrence and distant metastasis
occurred have clear effects on practically all transitions after local recurrence and distant metastasis;
early local recurrences and distant metastases increase the risk of progression and death.

The estimated baseline survival curves (i.e. each of the transition rates corresponding to tumor size
<2 cm, negative axillary nodes, type of surgery ¼ mastectomy + radiotherapy, no perioperative and
no adjuvant chemotherapy, time of local recurrence and/or distant metastasis when appropriate ¼ 0),
are plotted in Figure 2.
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Table 6 Final model; parameter estimates and standard errors for all covariates and all transitions.

0 ! 1 0 ! 2 0 ! 4

Coef (SE) P-value Coef (SE) P-value Coef (SE) P-value

Tumor size �2 cm
2–5 cm �0.023 (0.071) 0.74 0.210 (0.045) <0.0001 0.000 (0.132) 1

Axillary nodes
>5 cm
Negative

0.151 (0.104) 0.14 0.225 (0.043) <0.0001 0.253 (0.125) 0.043

Type of surgery
Positive
Mast, RT

0.148 (0.169) 0.38 0.515 (0.085) <0.0001 0.819 (0.254) 0.0013

Mast, no RT 0.356 (0.124) 0.0042 �0.051 (0.054) 0.34 0.518 (0.156) 0.0009
Perioperative BCT

No
0.143 (0.052) 0.0056 �0.036 (0.025) 0.16 �0.145 (0.081) 0.075

chemotherapy
Adjuvant

Yes
No

�0.047 (0.023) 0.035 �0.047 (0.023) 0.035 �0.047 (0.023) 0.035

chemotherapy
Age

Yes
�50 years

�0.250 (0.218) 0.25 �0.266 (0.118) 0.024 �0.390 (0.398) 0.33

>50 years �0.570 (0.150) 0.0001 �0.018 (0.089) 0.84 0.687 (0.313) 0.028

1! 3 1! 4 2 ! 3,2 ! 4,3 ! 4

Coef (SE) P-value Coef (SE) P-value Coef (SE) P-value

Tumor size �2 cm
2–5 cm 0.087 (0.115) 0.45 1.046 (0.529) 0.048 0

Axillary nodes
> 5 cm
Negative

0.216 (0.163) 0.19 0.594 (0.282) 0.035 0

Type of surgery
Positive
Mast, RT

0.710 (0.252) 0.0048 0.775 (0.517) 0.13 0.553 (0.081) <0.0001

Mast, no RT 0.229 (0.211) 0.28 �0.463 (0.328) 0.16 0.121 (0.053) 0.023

Perioperative
BCT
No

0.189 (0.091) 0.038 0.050 (0.171) 0.77 �0.073 (0.025) 0.0037

chemotherapy
Adjuvant

Yes
No

�0.047 (0.023) 0.035 �0.047 (0.023) 0.035 �0.047 (0.023) 0.035

chemotherapy
Age

Yes
�50 years

0.465 (0.301) 0.12 �0.024 (0.844) 0.98 0

>50 years �0.153 (0.233) 0.51 0.801 (0.522) 0.13 0
Time of local recurrence �0.167 (0.047) 0.0004 �0.362 (0.129) 0.0051 �0.019 (0.041)* 0.64*
Time of distant metastasis �0.125 (0.017) <0.0001

* Only for 3 ! 4 transition.
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4 Prediction
Here we show how to use the results of the multi-state model to obtain predictions at a certain time
after surgery for patients with a given set of covariates and a given set of post-surgery events. Formu-
las similar to those given here have been presented in Dabrowska et al. (1994), and their theoretical
properties studied. We shall write them out more explicitly here.

Following Klein et al. (1993) we call such a set of post-surgery events a history. We shall use
notation similar to that used in Klein et al. (1993) and write Hi;rmðtÞ to denote the history of a patient
that is at state i at time t after surgery, and, if appropriate has experienced a local recurrence at time r
and/or a distant metastasis at time m. Thus, H3;rmðtÞ means that the patient has had both a local
recurrence at time r and a distant metastasis at time m and is still alive at time t. The only path going
out from state i ¼ 3 is to state 4. We have already seen that the time at which distant metastasis has
occurred is influencing the transition rate of going from 3 to 4. The exact times r and m at which
local recurrence and distant metastasis occurred are of additional importance, because they contain
information on the time max ðr;mÞ at which state 3 was entered. Since the clock starts ticking from 0
at time max ðr;mÞ, this implies that at time t after surgery, the patient has then been at risk for the
transition from 3 to 4 for a length of time of t �max ðr;mÞ.

We define, for u > t,

p4
3;rmðu; tÞ ¼ PðD � u j H3;rmðtÞÞ ¼

Ðu�max ðr;mÞ

t�max ðr;mÞ
l34;rmðsÞ exp �

Ðs
t�max ðr;mÞ

l34;rmðvÞ dv

 !
ds

¼
Ðu�max ðr;mÞ

t�max ðr;mÞ
l34;rmðsÞ S34;rmðsÞ ds=S34;rmðt �max ðr;mÞÞ

¼ 1� S34;rmðu�max ðr;mÞÞ
S34;rmðt �max ðr;mÞÞ : ð4:1Þ
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This is the conditional probability that a patient who is in state 3 at time t with local recurrence at
time r and distant metastasis at time m will have reached state 4 before or at time u. The probability
that this patient is still at state 3 at time u is 1� p4

3;rmðu; tÞ.
The prediction probabilities p4

3;rmðu; tÞ and p3;rmðu; tÞ are also used in predictions for patients who
have experienced only local recurrence or distant metastasis, see below. In these cases, the prediction
time coincides with either r or m, so that t ¼ max ðr;mÞ. In this case the formulas for p4

3;rmðu; tÞ and
p3;rmðu; tÞ simplify to

p3;rmðu; tÞ ¼ S34;rmðu� tÞ; p4
3;rmðu; tÞ ¼ 1� S34;rmðu� tÞ : ð4:2Þ

Let us now consider a patient who has experienced a local recurrence at time r and is still alive
without distant metastasis at time t. The corresponding history is denoted as

H1;rðtÞ ¼ fR ¼ r;M � t;D � tg :
For a patient who has experienced only a local recurrence, we know that both l13;rðtÞ and l14;rðtÞ
depend on the time at which this local recurrence has occurred. For a patient with this history four
mutually exclusive possibilities can be distinguished, with the following probabilities, for u > t,

p34
1;rðu; tÞ ¼ PðM < D � u j H1;rðtÞÞ ¼

Ðu
t

l13;rðm� rÞ p4
3;rmðu;mÞ S1;rðm� r; t � rÞ dm

p3
1;rðu; tÞ ¼ PðM � u;D > u j H1;rðtÞÞ ¼

Ðu
t

l13;rðm� rÞ p3;rmðu;mÞ S1;rðm� r; t � rÞ dm

p4
1;rðu; tÞ ¼ PðD � u;M > D j H1;rðtÞÞ ¼

Ðu
t

l14;rðs� rÞ S1;rðs� r; t � rÞ ds

p1;rðu; tÞ ¼ PðM > u;D > u j H1;rðtÞÞ

¼ 1�
Ðu
t
ðl13;rðs� rÞ þ l14;rðs� rÞÞ S1;rðs� r; t � rÞ ds : ð4:3Þ

Here

S1;rðs; tÞ ¼ exp �
Ðs
t
ðl13;rðuÞ þ l14;rðuÞÞ du

� �
¼ S13;rðsÞ S14;rðsÞ

S13;rðtÞ S14;rðtÞ

is the conditional probability of having no further event between t and s, given that the patient has
had a local recurrence at time r < t and is still alive without distant metastasis at time t.

The first probability in (4.3) is the conditional probability, given that a patient is in state 1 at time t,
and has arrived there at time r, will have visited both states 3 and 4 (in that order) before or at time
u. The formula expresses the fact that, given H1;rðtÞ, for the event M < D � u to occur, the patient
must experience a distant metastasis at some time m between t and u (measured from day of surgery).
The time has then been running for m� r units after having entered state 1. Between t and m the
patient must be event-free and, given an occurrence of distant metastasis at time m, the patient must
go from state 3 to state 4. The conditional probability for this to happen is p4

3;rmðu;mÞ. Note that in
p4

3;rmðu;mÞ both u and m are measured from day of surgery, and note that the time of distant metasta-
sis in the subscript has been replaced by m. By a change of variables the integral in (4.3) can also be
taken to be time since entering state 1.

Again the prediction probabilities for H1;rðtÞ simplify for t ¼ r. The probability of first having a
distant metastasis and then dying p34

1;rðu; tÞ for instance becomes, with the integral taken over time
since entry of state 1,

p34
1;rðu; rÞ ¼

Ðu
m

l13;rðm� rÞ p4
3;rmðu;mÞ S1;rðm� r; 0Þ dm : ð4:4Þ

Other prediction probabilities for H1;rðtÞ simplify similarly.
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For a patient who is at state 2 at time t, i.e. who has experienced a distant metastasis at time m,
and is alive without a local recurrence at time t, the corresponding history is denoted as

H2;mðtÞ ¼ fR � t;M ¼ m;D � tg :
Predicted probabilities of future trajectories given H2;mðtÞ can be computed in a similar way as for
H1;rðtÞ.

Finally, consider a patient who is event-free and alive at time t. For this patient, we have a total of
ten possibilities, with probabilities as listed below.

p134
0 ðu; tÞ ¼ PðR < M < D � u j H0ðtÞÞ ; p13

0 ðu; tÞ ¼ PðR < M � u;D > u j H0ðtÞÞ ;

p14
0 ðu; tÞ ¼ PðR < D � u;M � u j H0ðtÞÞ ; p1

0ðu; tÞ ¼ PðR � u;M > u;D > u j H0ðtÞÞ ;

p234
0 ðu; tÞ ¼ PðM < R < D � u j H0ðtÞÞ ; p23

0 ðu; tÞ ¼ PðM < R � u;D > u j H0ðtÞÞ ;

p24
0 ðu; tÞ ¼ PðM < D � u;R � u j H0ðtÞÞ ; p2

0ðu; tÞ ¼ PðM � u;R > u;D > u j H0ðtÞÞ ;

p4
0ðu; tÞ ¼ PðD � u;D > R;D > M j H0ðtÞÞ ; p0ðu; tÞ ¼ PðR > u;M > u;D > u j H0ðtÞÞ :

ð4:5Þ
A general formula which covers all but the last two is the following:

pjk
0 ðu; tÞ ¼

Ðu
t

l0jðsÞ pk
j;sðu; sÞ S0ðs; tÞ ds ;

for j ¼ 1; 2 and k is any of ;; 3; 4 or f3; 4g. Here

S0ðs; tÞ ¼ exp �
Ðs
t
ðl01ðuÞ þ l02ðuÞ þ l04ðuÞÞ du

� �
¼ S01ðsÞ S02ðsÞ S04ðsÞ

S01ðtÞ S02ðtÞ S04ðtÞ

is (similar to S1;rðs; tÞ), the conditional probability of having no event between t and s, given that the
patient is event-free at time t. Note the subscript s in pk

j;sðu; sÞ. This is used to express the time s at
which local recurrence (j ¼ 1) or distant metastasis (j ¼ 2) has occurred. The results in Section 3 have
indicated that the time at which local recurrence or distant metastasis occurred are important in deter-
mining the rate of going out from states 1 and 2. Later in the estimation procedure this fact requires
some additional care. The last two probabilities in (4.5) are given by

p4
0ðu; tÞ ¼ PðD � u;D > R;D > M j H0ðtÞÞ ¼

Ðu
t

l04ðsÞ S0ðs; tÞ ds

p0ðu; tÞ ¼ PðR > u;M > u;D > u j H0ðtÞÞ ¼ 1�
Ðu
t
ðl01ðsÞ þ l02ðsÞ þ l04ðsÞÞ S0ðs; tÞ ds :

ð4:6Þ
At first sight, the majority of these probabilities may not be of particular interest in themselves. It is

the probability of being in a state that is of most interest, rather than the probabilities of the trajectory
that was followed to get there. However, in medical decision making for instance, these trajectories
are of considerable interest. When a cost or utility of quality of life value is assigned to each state,
then the total cost or quality of life of a patient is evaluated by considering the trajectory of the
patient through the multi-state model. In estimating the probability that a patient, who is event-free
and alive at time t, dies before time u, direct frequency estimates like the Kaplan-Meier estimate can
be used, and no multi-state modelling is needed. In this multi-state model, this probability can also
easily be recovered from equation (4.5) as being

PðD � u j H0ðtÞÞ ¼ p4
0ðu; tÞ þ p14

0 ðu; tÞ þ p24
0 ðu; tÞ þ p134

0 ðu; tÞ þ p234
0 ðu; tÞ :
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Besides having smaller standard errors than the direct frequency estimates (see e.g. Andersen et al.
(1991)), the multi-state modelling gives as additional information for instance the conditional probabil-
ity that a patient who is event-free and alive at time t, and has died before time u, will have experi-
enced both a local recurrence before and distant metastasis before dying. This probability equals

p134
0 ðu; tÞ þ p234

0 ðu; tÞ
p4

0ðu; tÞ þ p14
0 ðu; tÞ þ p24

0 ðu; tÞ þ p134
0 ðu; tÞ þ p234

0 ðu; tÞ
: ð13Þ

Similarly, the conditional probability that a patient who is event-free and alive at time t, and still alive
at time u, will have experienced both a local recurrence and a distant metastasis equals

p13
0 ðu; tÞ þ p23

0 ðu; tÞ
p0ðu; tÞ þ p1

0ðu; tÞ þ p2
0ðu; tÞ þ p13

0 ðu; tÞ þ p23
0 ðu; tÞ

: ð14Þ

For the special (and arguably most interesting) case where t ¼ 0, this corresponds to the prevalence
estimates studied in for instance Klein and Shu (2002).

Table 6 and Figure 2 determine what estimator is to be used for lijðtÞ in Eqs. (4.1)–(4.6). Let Z
be a set of covariate values of a patient, b̂bij the estimated regression coefficients for transition i! j
(as given in Table 6) and L̂Lij;0ðtÞ the estimated cumulative baseline hazard for i! j (the corre-
sponding survival curves of which were given in Figure 2). Then the appropriate hazard function to
be used is L̂LijðtÞ ¼ L̂Lij;0ðtÞ exp ðb̂b>ij ZÞ. Let T 13 denote the time-points t for which
dL̂L13ðtÞ ¼ L̂L13ðtÞ � L̂L13ðt�Þ > 0. Then, for instance, p34

1;rðu; tÞ of Eq. (4.3) is estimated by

p̂p34
1;rðu; tÞ ¼

P
t<m�u

m�r2T 13

dL̂L13;rðm� rÞ p̂p4
3;rmðu;mÞ ŜS1;rðm� r; t � rÞ ;

where p̂p4
3;rmðu;mÞ and ŜS1;rðm� r; t � rÞ are defined by similarly replacing lijðtÞ by dL̂LijðtÞ.

5 Prediction Results

In order to show predicted probabilities, we use three fictitious patients, A, B and C, with a common set
of covariate values. These patients have relatively poor prognosis with respect to survival and develop-
ment of local recurrence and distant metastasis: tumor size >5 cm, positive lymph node status, mastect-
omy plus radiotherapy, no perioperative chemotherapy, no adjuvant chemotherapy, age �50 years.

Figure 3 shows the predicted state probabilities for patient A, conditionally given that no events
have occurred during the first two years after surgery. The probabilities are stacked; the height of each
band is the probability of being in the corresponding state. The states are ordered from bottom to top
in increasing severity.

Figure 4 shows the predicted trajectory probabilties, i.e., the probabilities of all possible trajectories
through the multi-state model, of patient B, with the same baseline characteristics as patient A, who
has experienced a local recurrence at r ¼ 1 year and no further events the year after. The time of
prediction is two years after surgery (t ¼ 2). It nicely shows that the probability p3

1;rðu; tÞ of being
alive with a distant metastasis increases initially as u increases, due to the fact that the probability of
experiencing a distant metastasis (i.e. going to state 3) increases. Subsequently however, this probabil-
ity decreases, because the probability p34

1;rðu; tÞ of dying (i.e. leaving state 3 going to state 4) increases
rapidly once the distant metastasis has occurred.

A similar picture can be obtained for patient C (having had a distant metastasis and no other events
within two years after surgery (t ¼ 2)). Here we show the influence of the time m at which the distant
metastasis occurred. Figure 5 shows the survival probabilities, assuming the distant metastasis oc-
curred after 0.5, 1 and 2 years post-surgery, respectively. The difference in predicted survival probabil-
ities appears to be small whether the distant metastasis occurred after 0.5 or 1 year, but the prognosis
is much better if the distant metastasis occurred after 2 years.

376 H. Putter et al.: Multi-State Model for Breast Cancer

# 2006 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com



Biometrical Journal 48 (2006) 3 377

Years after surgery

P
re

di
ct

ed
 p

ro
ba

bi
lit

ie
s

0 2 4 6 8 10 12 14

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Death

DM+LR

DM

LR

DFS

Figure 3 Predicted state probabilities for patient A with no events (i.e. in state
0) after 2 years. From top to bottom death, alive with local recurrence and
distant metastasis, alive with distant metastasis only, alive with local recurrence
only, and alive without either local recurrence or distant metastasis (disease-free
survival).
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Figure 4 Predicted probabilities (t ¼ 2) of future trajectories for patient B
with local recurrence after r ¼ 1 year. Numbers in the figure correspond to
superscripts in p1;r in Eq. (4.3).
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6 Discussion

We have used a stratified Cox regression model using the “clock reset” approach for inference in a
multi-state model for early breast cancer patients. We have subsequently used the parameter estimates
and the estimates of the corresponding baseline hazards and survival functions to obtain predictions of
probabilities of future events, given a patient’s history and covariates. The approach we used provides
a flexible framework, allowing some parameter coefficients of the Cox model to be identical for the
different transitions, where this is appropriate, and others to differ across transitions. The assumption
of identical regression coefficients for different transitions can be tested with likelihood ratio tests.

The results of the Cox regression model in Table 6 reveal the usual effects of prognostic factors and
treatment variables on local recurrence, distant metastasis and survival. The contrasting effects of age
on development of local recurrence and on survival are seen. By relaxing the semi-Markov property
and including time of local recurrence and/or distant metastasis on the transitions in the multi-state
model following local recurrence and distant metastasis, it was seen that these times of intermediate
events have important prognostic value. Early local recurrences and distant metastases indicate severe
disease and lead to higher progression and death rates. This is useful information for clinicians in
determining the intensity of monitoring and the frequency of follow-up visits of patients.

We found (Table 4) that each of the covariates with the sole exception of perioperative chemother-
apy had a different effect for different transitions. For perioperative chemotherapy, no differences in
effect could be found for different transitions. In our final model, we therefore constrained the param-
eter effects to be identical for all the transitions. The parameter estimate and its standard error were
found to be �0.047 (0.023), with a P-value of 0.035. A note of caution is in order regarding the
interpretation of this estimate: the estimate and its P-value do not necessarily prove that there is a
beneficial effect of perioperative chemotherapy for each of the transitions. The parameter estimate and
its standard error were found by assuming an identical effect of perioperative chemotherapy on each
of the transitions. The parameter estimate is dominated by the effects found for the transitions with
the highest number of events; were the constraint of identical parameter estimates removed, the result
would potentially be very different for the event-poor transitions, like 0! 1, 0! 4, and 1! 4. In
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attempting to reduce the number of parameters to be estimated and to deal with transitions with few
events, a reduced rank approach as recently advocated by Fiocco et al. (2005) in the context of com-
peting risks is also useful, but this was not pursued here.

The multi-state model of our choice is given by Figure 1. The choice of this model is of course to
a large extent dictated by the types of events recorded in the study and the order at which they can
reasonably occur. With the types of events recorded in this study (EORTC 10854), we could have
extended our model by distinguishing, for our state 3, between whether local recurrence or distant
metastasis occurred first. This could be implemented in a straightforward way by adding an extra
covariate for the transition 3! 4, indicating the type of event that occurred first. If necessary, interac-
tions between this new covariate and the prognostic factors can be added as well, to enable different
effects, depending on which event occurred first. The merit of this extension, however, is likely to be
small, given the fact that the effect of most covariates was already estimated to be close to zero
(model 3 of Section 3), and indeed in our final model, fixed to zero.

As mentioned in Section 3, 82 patients had a local recurrence and distant metastasis simultaneously.
The fact that a distant metastasis can be diagnosed almost simultaneously with a local recurrence, is
due to the subsequent systemic screening once a local recurrence has been diagnosed. We could have
added an extra transition 0! 3, as in Klein et al. (1989) for instance, to account for those simulta-
neous occurrences of local recurrence and distant metastasis. We chose not to do that because this
new transition would have few events and estimation of parameters for this transition would be impre-
cise. We could also have assigned those patients with simultaneous occurrence of local recurrence and
distant metastasis as having a local recurrence first and a distant metastasis immediately thereafter.
However, since there is no cause-specific relationship between simultaneously occurring local recur-
rences and distant metastases, we opted to regard them as having the most serious endpoint (distant
metastasis) first. See also Tai et al. (2002) for other approaches of dealing with tied first events.
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