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propose a modification of the Aalen-Johansen estimator in the illness-death
model based on presmoothing. The consistency of the proposed estimators
is formally established. Simulations show that the presmoothed estimators
may be much more efficient than the Aalen-Johansen estimator. A real data
illustration is included.

Keywords and phrases: Aalen-Johansen, Kaplan-Meier, Markov condi-
tion, multi-state models, semiparametric censorship.

Received November 2012.

Contents

1 Introduction. . . . . . . . . . . ..o 1492
2 The estimator: Main result . . . . ... .. .. ... ......... 1493
3 Simulation study . . . .. ... L o 1496
4 An example from Heart Transplant data . . . . . . . . ... .. ... 1501
5 Conclusions and final remarks . . . . . . .. .. ... ... ...... 1504
Acknowledgements . . . . . ... oL 1505
Appendix: Technical proofs . . . . . ... ... ... ... ... 1506
References . . . . . . . . . . 1515


http://projecteuclid.org/ejs
http://dx.doi.org/10.1214/13-EJS816
mailto:a.moreira.cris@gmail.com
mailto:jacobo@uvigo.es
mailto:lmachado@math.uminho.pt

1492 A. Moreira et al.
1. Introduction

The analysis of survival data may be described by the Markov process with two
states, ‘alive’ and ‘dead’ and a single transition between them. This is known as
the multi-state mortality model. Multi-state models (Andersen et al., 1993 [3];
Meira-Machado et al., 2009 [25]) may be considered a generalization of survival
analysis where survival is the ultimate outcome of interest but where interme-
diate (transient) states are identified. For example, in cancer studies more than
one endpoint may be defined such as ‘local recurrence’, ‘distant metastasis’ and
‘dead’. A simple multi-state model is obtained by splitting the ‘alive’ state of the
mortality model into two transient states. For example, the illness-death model
is fully characterized by three states and three transitions between them, see
Figure 1. Graphically, multi-state models are represented by diagrams with rect-
angular boxes and arrows between them indicating respectively possible states
and possible transitions for a given patient.

A multi-state model is a stochastic process (X (t),t € T) with a finite state
space, where X (t) represents the state occupied by the process at time ¢ > 0.
For two states ¢,7 and s < ¢, introduce the so-called transition probabilities

pij(s,t) = P (X(t) = j|X(s) = ).

Estimating these quantities is interesting, since they allow for long-term pre-
dictions of the process. The inference in multi-state models is traditionally per-
formed under the Markov assumption, which states that past and future are in-
dependent given the present state. Aalen and Johansen (1978) [1] introduced a
nonparametric estimator of p;; (s, t) for non-homogeneous Markov models. Their
estimation method extends the time-honored Kaplan-Meier estimator (Kaplan
and Meier, 1958 [22]) to Markov chains. As for the Kaplan-Meier, the standard
error of the Aalen-Johansen estimator may be large when censoring is heavy,
particularly with a small sample size.

Interestingly, the variance of the Kaplan-Meier estimator may be reduced by
presmoothing. The idea of presmoothing (Dikta, 1998 [15]) involves replacing
the censoring indicators by some smooth fit before the Kaplan-Meier formula
is applied. This preliminary smoothing may be based on a certain parametric
family such as the logistic (thus leading to a semiparametric estimator), or on a
nonparametric estimator of the binary regression curve. Successful applications
of presmoothed estimators include nonparametric curve estimation (Cao and
Jécome, 2004 [6]), regression analysis (de Unia-Alvarez and Rodriguez-Campos,
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2004 [12]; Yuan, 2005 [27]), and the estimation of the bivariate distribution of
censored gap times (de Una-Alvarez and Amorim, 2011 [11]). The main goal of
the present work is to propose a presmoothed version of the Aalen-Johansen
estimator for the transition matrix of a Markov illness-death model, and to in-
vestigate its statistical properties. The proposed estimator is different to that
in Amorim et al. (2011) [2], who considered presmoothed transition probabili-
ties for possibly non-Markov models. In general, Markov and non-Markov ap-
proaches lead to completely different estimators, so markovian estimators can
not be obtained as particular cases of non-markovian estimators, and vice-versa.

The rest of the paper is organized as follows. In Section 2 we introduce the
new estimator and we formally establish its consistency. In Section 3 we compare
by simulations the proposed estimator to the original Aalen-Johansen curve. In
Section 4 we illustrate the proposed method using data from the Stanford heart
transplant study. Main conclusions and discussion are reported in Section 5.
The Appendix contains the technical proofs.

2. The estimator: Main result

In this paper we consider the (progressive) illness-death model depicted in Fig-
ure 1. We assume that all subjects are in State 1 (‘healthy’) at time ¢ = 0, and
that they may either visit State 2 (‘diseased’) at some time point; or not, going
directly to the absorbing (‘dead’) state. Given two time points s < ¢, there are
in essence three different transition probabilities to estimate: p11(s,t), p12(s,t),
and paa(s,t). The two other transition probabilities (p13(s,t) and pas(s,t)) can
be obtained from pi3(s,t) = 1 — p11(s,t) — p12(s,t) and pa3(s,t) = 1 — paa(s,t).

The irreversible illness-death model is fully characterized by three transitions
represented by the arrows in Figure 1. Let T}; denote the potential transition
time from State ¢ to State j. In this model we have two competing transitions
1 — 2 and 1 — 3. Therefore, we denote by p = I(T12 < Ti3) the indicator of
visiting state 2 at some time, and introduce Z = Tis A Ti3, the sojourn time
in state 1. A subject visiting State 2 will arrive at the absorbing ‘dead’ state
at time 719 + Th3, while this time will be T3 for those not visiting State 2
(i.e. p = 0). Finally, let T = Z 4 pTs3 denote the total survival time of the
process. However, because of follow-up limitations, lost cases and so on, rather
than (Z, T, p) one observes (Z,T, A1, A, Aip) where Z = ZAC, T =T AC,
Ay =1(Z < C)and A = I(T < C). Here C denotes the potential censoring
time, which we assume to be independent of the process (that is, C' and (Z,T)
are assumed to be independent). Under contmmty, the information provided by
Aqp is superfluous since we have Ajp = I(Z < T) With this notation, the
transition probabilities are written as

P(Z < s, T> t)
p2(8t) = p7<s T )
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Under the Markov assumption, all these quantities are estimated nonpara-
metrically using Aalen-Johansen estimators. Explicit formulae of the Aalen-
Johansen estimator for the illness-death model are available (Borgan, 1998 [5]).
Here we give alternative expressions for this estimator suitable to motivate our
method of presmoothing below. Assume that we have a sample of n individuals
from the population under study.

Let (Z;, T;, Aviy Ai, Avipi), i = 1,...,n be the corresponding sampling infor-
mation. The Aalen-Johansen estimate of the transition probability pi1(s,t) is
the Kaplan-Meier estimator

N Aq;
pﬁJ(s,t) = H [1 - ,-\_/71~

s<2¢§t

(2.1)

where

— 1<~
= — y > .
MOn(y) n E I(Z] = y)

Jj=1

Then, Aalen-Johansen estimate of the transition probability pea(s,t) is the
Kaplan-Meier estimator

A,
~AJ i
p S,t = 11— ————— 2.2
Yeo- TI1 [ P (2.2
s<T;<t,Z;<T;
where
— 1 <~ -
Min(y) = — D IZ;<y<Ty).
j=1
Finally, the estimator for pi2(s, ) is given by
Y (s, 1) = 1 i iy’ (s, Zi_)ﬁé42J(Z¢i)I(S~< Zi <t,Z;i <Ti) (2.3)
i nMon(Z;)

where
P (s,t7) = limun iy (s, )

Now, we discuss how to introduce modified estimators based on presmooth-
ing. Presmoothing the Aalen-Johansen (AJ) involves replacing the censoring
indicators (in the transition probabilities p11(s,t) and paa(s,t)) by a smooth
fit. The presmoothed version of p11(s,t) is obtained by replacing the Ay;’s in
(2.1) by some smooth fit to the binary regression function mg(z) = P(A; =

11Z = z) (see e.g. Dikta, 1998 [15]). Then, the corresponding presmoothed
Aalen-Johansen (P-AJ) estimator is given by

e = 1 [1_%7@

(2.4)
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where mog, (z) stands for an estimator of the binary regression function mg(z).
Then, mo(Z) is the conditional probability of the event Ay = 1 given Z. Since
the pair Z , A1 is observable, the function mg(z) can be estimated by standard
methods. For example, logistic regression may be performed. Consider now the

presmoothed version of (2.2) given by

~ mln(Zivfi)
s = ] [1—7~

in (2.5)
L nMyn(T5)
s<T;<t,Z;<T;

where mq,(z,t) stands for an estimator of the binary regression function
mi(z,t) = P(A = 1Z = 2,T = t,A1p = 1). Then, m1(Z,T) is the condi-
tional probability of the event A = 1 given (2 ,T) and given that transition
1 — 2 is observed (A1p = 1). Amorim et al. (2011) [2] discussed the role of
the function my(z,t) as a suitable presmoothing strategy for pao(s, t); although
these authors considered a different context in which the Markov assumption
may not hold, their discussion on the presmoothing issue remains valid here.
As before, Z, T, A and A;p are observable, allowing the function mq(z,t) to be
estimated by standard methods. Finally the transition probability pi2(s,t) can
be estimated by plugging (2.4) and (2.5) into equation (2.3).

The estimator mq, (z) is based on the whole sample, while m1,(z,t) is based
on the subsample i : Ay;p; = 1. We assume that these two empirical functions
approximate well their targets in a uniform sense; more specifically, set

Ui : sup |mon(z) —mo(z)] =0 w. p. 1,

and
Uy : sup|mip(z,t) —ma(z,t)) =0  w.p. L
z,t

Conditions under which U; and U; can be fulfilled were investigated in a
number of papers, including Dikta (1998 [15], 2000 [16]), Devroye (1978a [13],
b [14]), Mack and Silverman (1982) [23] and Héardle and Luckhaus (1984) [19].
The uniform consistency of pIi*/(s,t) will hold on 0 < s < ¢t < 7, where 7 is
strictly smaller than the upper bound of the support of Z. Put Ml (y) = P(Z <
y < T). For the uniform consistency of pLA7 (s, t) and prt7 (s, t) we will refer
to the following assumption:

M : Ml is bounded from below on [y, 71].

This condition allows to handle some denominators which appear in the proofs.
It can be interpreted as a non empty risk set’ assumption for the transition
from State 2 to State 3. By force, 79 > 0, while 7; is (similarly as for 7) strictly
smaller than the upper bound of the support of T. We have the following result.
The proof is deferred to the Appendix.

Theorem 1. (a) Under Uy we have w. p. 1

sup ‘ﬁﬁAJ(s,t) —pll(S,t)‘ — 0.
0<s<t<T
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(b) Besides, under Uy and M, we have w. p. 1

Sup }ﬁéDQAJ(Svt) _p22(87t)’ — 0.
To<s<t<T1

(¢) Finally, under Uy, Us and M we have w. p. 1

|APAJ

sup  |p1g 7 (s,t) — pra(s, t)} — 0.

To<s<t<T

3. Simulation study

In this section, we compare by simulations the presmoothed Aalen-Johansen
estimator for the transition probabilities to the original Aalen-Johansen estima-
tor. More specifically, the AJ and P-AJ type estimators p11 (s,t), D12 (s,t) and
D22 (s,t) introduced in Section 2 are considered. As presmoothing function we
always take a parametric (logistic) family, so we actually have a semiparametric
Aalen-Johansen estimator.

To simulate the data in the illness-death model, we followed the work of
Amorim et al. (2011) [2]. We assume that all individuals are in State 1 (“healthy”)
at time ¢ = 0. Therefore, the patient’s history (or course) may be divided into
two groups according to whether the disease occurred (that is, passing through
State 2) (1 — 2 — 3) or not (1 — 3). We separately consider these two pos-
sible subgroups of individuals. For the first subgroup of individuals (p = 1),
the successive gap times (Z,T — Z) are simulated according to the bivariate
distribution

Fia(z,y) = Fi(z)Fa(y) [1 +0{1 - Fi(2)} {1 - F2(y)}]

with unit exponential margins. The parameter 6 controls for the amount of
dependency between the gap times (7,7 — Z) and was set to 0 and 1, cor-
responding to 0 and 0.25 correlation between Z and T — Z. For the second
subgroup of individuals (p = 0), the value of Z is simulated according to an
exponential with rate parameter 1. In summary the simulation procedure is as
follows:

Step 1 Draw p ~ Ber(p) where p is the proportion of subjects passing through
State 2.
Step 2 If p =1 then:

1. Vi ~U(0,1),V2 ~ U(0,1) are independently generated;
2. Uy =Vi,A=00Q2U; — 1)~ 1,B = (1 — 0(2U; — 1))% + 46V3(2U; — 1)

3. U2:%

4. 7 = 109(1_1U1)7T = lOg(l—le) +Z

Step 3 If p = 0 then:
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In our simulation we consider that 70% of the individuals were in the first
group. The follow-up time was subjected to right censoring, C, according to
uniform models U [0,4] and U [0, 3]. The first model results in 24% of censoring
on the first gap time Z, and in 47% of censoring on the second gap time T — Z,
for those individuals with p = 1. The second model increases these censoring
levels to 32% and about 57%, respectively. N

After some algebra, it is seen that the function my(z,t) = P(A = 1|Z = z,

T = t,Aip = 1) is written as

B 1 RYe100)
mi(z,t) = e where 1 (z,t) = 3T

T|Z== (t]2)
and where Ag(.) and )\1T| 4, (.|z) stand respectively for the hazard rate of the
censoring variable and the hazard rate of T' given Z = z under restriction p = 1.
Note that Ag(t) = 1/(7¢ —t) when C' ~ U [0, 7¢] and that )\1T|Z:Z(t|z) is given
by

_ 24-4dexp(—t) — 2exp(—z) — 2exp(—t + 2)

1 tlz) = if =1
)\T|Z:z( |2) 2+ 2exp(—t) — 2exp(—z) — exp(—t + z) 1

)

being 1 when 6 = 0. The function my(z,t) belongs to the logistic family with
some preliminary transformation of the conditioning variables, namely we have
(fOI‘ ﬂo =0 and ﬂl = 1)

1
1+ exp(Bo + Br n(m (2, 1))

ml(zvtaﬂ) =

This is the parametric model we fit to mq (z, t) in the simulations. For mg(z) =
P(Ay =1|Z = z), we have

_ 1 _ Acal®)
= Trm) where 19(z) =

mo(z)

and where Az (z) stands for the hazard function of Z.

Similarly as above, we_also perform logistic presmoothing for the function
mo(z), with the variable Z transformed by —In(7¢ — Z). This function belongs
to the logistic family with some preliminary transformation. To estimate the
function mg(z) in the simulations, we fit the logistic model

1
1+ exp(y0 + v1 In(no(2)))

mo(z;7y) =

which contains the true presmoothing function mg as a special case (9 = 0,
Y1 = 1)

The [ parameter in model mi(.;3) is estimated via maximization of the
conditional likelihood of the A;’s given the (Z;,T;)’s, for those subjects with
A1p =1 (see Dikta (1998 [15], 2000 [16])). Similarly, the v parameter in model
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mo(.;7y) is estimated via maximization of the conditional likelihood of the Ay;’s
given the Z;’s. Note that the B parameter is needed for estimating pos(s,t)
and pia(s,t), while v enters the estimation of pi1(s,t) and (again) pia(s,t).
The aim of this simulation study is to compare the Aalen-Johansen estimator
(1978) [1] and the new estimator based on presmoothing (P-AJ). Again, for
measuring the estimates’ relative performance, we followed the work of Amorim
et al. (2011) [2]. As in Amorim et al. (2011) [2], we computed the integrated
absolute bias, integrated variance and the integrated MSE of the estimates. For
each simulated setting (¢ = 0 and 6 = 1) we derived the analytic expression of
pij(s,t) so that the bias and the MSE of the estimator could be examined. K =
1000 data sets were generated, with three different sample sizes n = 50, n = 100
and n = 200.

Let ﬁfj (s,t) denote the estimated transition probability based on the kth gen-
erated data set. For each fixed (s, ¢) we obtained the mean for all generated data
sets, pij(s,t) = Eszl ﬁi—“j (s,t). We then computed the pointwise estimates of
the bias, variance, MSE and L1 distance as:

—

bias(s,t) = pi;(s,t) — pij(s,t)

W(]ﬁij(s t) =——— Z[p — Dij (3 t)]

MS’E(pU s, 1)) Z[p — pij(s, )]

Ll(pw S, t Z'ng S t pij(sat)l

To summarize the results we also calculated the integrated absolute bias
(BIAS), integrated variance (VAR), integrated MSE (IMSE) and the integrated
L1 distance (L1), defined in Table 1. We fixed the values of s using the quantiles
0.25, 0.5 and 0.75 of the exponential distribution with rate 1. The results given
in Tables 3 to 6 were obtained by numerical integration on the interval [s, 1]
with ¢; = 4, taking a grid of step J = 0.05.

TABLE 1
Summary statistics measuring bias, variance, mean square error and L1 distance

Statistic Definition Estimator
Integrated Absolute Bias f;l |bias(s, t)|dt Zil:s |b7(Z9(s, t)|d
Integrated Variance f;l var(pi;(s,t))dt S Tar(pij(s,t))0
Integrated MSE [ MSE(pij(s, t))dt L MSE(pij(s,1))6

Integrated L1 S5 LA(Bij (s, 1)) dt B L1(pij (s, )8
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In Tables 3 to 6 we report the results for the summary statistics attained by
the proposed estimator when based on several presmoothing functions (P-AJ),
for all scenarios. In all tables, the row labeled with m corresponds to presmooth-
ing with the true function which is unrealistic in practice, because this function
will be typically unknown. However, this row represents a ‘gold standard’ the
other methods can be compared to. The row labeled with m(.; 8, ) corresponds
to a semiparametric estimator which is obtained using a presmoothing based
on a parametric family which contains the true m. Specifically, we consider a
logistic model with the preliminary transformation of the conditioning variables
Z = z,T =t shown before. In order to investigate the robustness of the pro-
posed estimator with respect to misspecifications of the binary regression family,
we considered also presmoothing via standard logistic models, without any pre-
liminary transformation of the gap times. This is labeled with m(., £). Note that
the true m does not belong to this parametric family. Finally, we also report
the results pertaining to the Aalen-Johansen estimator, which corresponds to
the situation with no presmoothing at all. This is labeled in the Tables as AJ.

It is obvious from the analysis of Tables 3 to 6, that presmoothing leads to
estimators with smaller variance and thus attaining better results with regard to
the integrated MSE also true for the L1 distance. As expected, the (integrated)
MSE, bias, L1 norm and variance of the estimated transition probabilities always
decrease with an increasing sample size, while they increase with the censoring
degree. The estimator which makes use of the true m is the one with the best
performance. However, this estimator is unrealistic since in practice one has to
estimate the function m. In general, the lowest errors among the realistic versions
of the estimators correspond to the estimator based on the correctly specified
parametric family, m(.; 8, v). However, the presmoothed estimator based on the
wrong parametric model m(.;€) is still (much) better than AJ. This means that
it is worthwhile doing some presmoothing even when we are not completely sure
about the parametric family.

Results shown in the Tables 3 to 6 support the idea that presmoothing leads to
variance improvement. When compared to the estimators based on presmooth-
ing, the relative efficiency (defined as the quotient between the two integrated
MSEs) of the Aalen-Johansen estimator is always below 1. For higher values
of s, where the censoring effects are stronger, the relative efficiency can drop
below 50%. These findings agree with the results obtained by Amorim et al.
(2011) [2] and support the intuition that the use of presmoothing for the esti-
mation of transition probabilities will be more clearly seen in the presence of
large censoring degrees.

In general, presmoothing introduces some bias in estimation, while reducing
the variance. This bias component is larger when there is some misspecification
in the chosen parametric model. Our simulation results serve to illustrate this
issue too. Indeed, it is seen that, despite of offering a smaller IMSE, the bias
associated to the semiparametric Aalen-Johansen estimator is sometimes larger
than that of the original Aalen-Johansen.

Tables 3 and 4 show a systematic bias for all estimators of the transition
probabilities p12(s,t) and paa(s,t). This is because these tables report the re-



1500 A. Moreira et al.

p22(0.2877,1)
p22(0.6931,)
p22(1.3863,1)

p22(0.2877 1)
p22(0.6931,)
p22(1.3863,1)

F1G 2. True p22(s,t) (dotted line), average estimator (solid line), and 95% oscillation limits
of the AJ estimates (first row) and P-AJ (second row) for s = 0.2877, s = 0.6931 and
s = 1.3863. Estimates with n = 200 and U[0,3] censoring. Dependency scenario.

sults attained when generating data from a dependency scenario and therefore
reflects the failure of the Markov assumption. To illustrate these features we
present in Figures 2 and 3 the graphical average results for the two methods (AJ
and P-AJ corresponding to presmoothing via standard logistic models, m(., §)).
These figures plot the data generating functions and pointwise 95% oscillation
limits of the estimates paa(s,t), for sample sizes of n = 200 with percentages of
censored data obtained using C' ~ U|0, 3]. The good performance of the result-
ing estimates (for both methods) is evident for independent gap times (6 = 0),
recovering the functional forms of the corresponding true curves very success-
fully. However, a systematic bias of pia(s,t) (not shown) and paa(s,t) in the
dependent scenario (0 = 1) is also clear, see Figure 2. This bias is much more
evident when s is large, in agreement with the amount of false information in-
troduced by the Markov condition (which increases with s). In all scenarios,
the use of the presmoothing yields estimators with less variability. We have also
considered different scenarios with different proportions of individuals passing
through state 2. A larger value of p = P(p = 1) is favorable for the estimation of
pa2(s,t) (lower values for IMSE, BIAS, L1 norm and variance), whereas a smaller
value of p lead to better estimates for p1a(s,t). When comparing the two meth-
ods (with and without presmoothing) similar conclusions were obtained and
therefore they are not reported here.
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p22(0.6931,)
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Fi1c 3. True p22(s,t) (dotted line), average estimator (solid line), and 95% oscillation limits
of the AJ estimates (first row) and P-AJ (second row) for s = 0.1438, s = 0.3466 and
s =0.6931. Estimates with n = 200 and U/[0,3] censoring. Independency scenario.

4. An example from Heart Transplant data

For illustration purposes, we apply the proposed methods of Section 2 to data
from the Stanford Heart Transplant Study. The data are available as part of the
R survival package, and they are also reported in Crowley and Hu (1977) [8].
This study covers the period from October 1967 to April 1974. It includes 103
patients enrolled in the Stanford Heart transplant program, from which 69 re-
ceived a heart transplant and among these 45 died. The total number of deaths
was 75 (30 without transplantation); the remaining 28 patients contributed with
censored survival times. The transplant can be considered as an associated state
of risk, and we may use the so-called illness-death model with states “own heart”,
“new heart” (or transplant) and “dead”. In most applications, a Markov model
is often assumed for the multi-state model. A Cox model (Cox, 1972 [7]) can be
used to test this assumption (Hougaard, 1999 [21]; Andersen et al., 2000 [4]).
This is usually performed by including covariates depending on the history, such
as the time of transition to the current state or the time since entry into the
current state. This assumption was verified for the Stanford Transplant Study,
e.g. by Hougaard (1999) [21], which conclude that there is no effect of time since
transplant on mortality, and thus that the Markov model is satisfactory. This is
important, because otherwise, the consistency of the Aalen-Johansen estimator
and the new estimator based on presmoothing cannot be ensured. On the other
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F1G 4. Presmoothing functions mo (left) and mq (right) estimated by logistic models. Stanford
Heart Transplant data.

hand, if markovianity is fulfilled, the use of these methods is a wise choice. To
deal with ties, a re-definition of the empiricals My, (y) and M, (y) is needed.
Put Z-:n for the i-th ordered Z-statistics. Similarly, put Tm for the i-th ordered
T-statistics. For y = Zj.,, we define My, (y) = %Z?:k I(Z;., > y) while for
y= Ty, we define Mln(y) = % S I(Z[l-m] <y < ﬁn) where Z[Z—:n] is the i-th
concomitant (i.e. the Z-value attached to in) When there are no ties, these
empiricals reduce to those introduced in section 2.

Our aim with this application is to illustrate the differences between the es-
timated transition probabilities from Aalen-Johansen estimator (AJ) and the
semiparametric estimator based on presmoothing (P-AJ). The semiparametric
estimator was obtained using standard logistic regression for mg,(z) = P(A; =
11Z = 2) and myn(z,t) = P(A = 1|Z = 2,T = t,A1p = 1). Figure 4 displays
these functions for the Stanford heart data. The noise around displayed line
comes from the fact that the variable z is omitted in the plot while it is present
in the model. In Table 2 we present the summary (coefficients, standard errors
between brackets and p-value) of the two presmoothing functions. In this case
the influence of Z is not statistically significant on mq(z,t). The goodness-of-
fit test that we used for testing the parametric presmoothing functions is an
application of the Kolmogorov-Smirnov type version of the model-based boot-
strap approach described in Dikta et al (2006) [18]. The Kolmogorov-Sminorv
test was used for testing the parametric logistic presmoothing functions mq,, (z),
min(z,t). In both cases the test was not able to reject the logistic model (re-
spectively p-values of 0.638 and 0.237). We also show the goodness-of-fit test
proposed by Hosmer and Lemeshow (1989) [20] was used for testing the para-
metric logistic presmoothing functions moy, (2), min(z,t). In both cases the test
was not able to reject the logistic model (without reaching statistical signifi-
cance, p-value=0.218 and p-value=0.566).
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Fic 5. Estimated transition probabilities for p;j(s,t) with s = 16 based on the Aalen-Johansen
estimator (on the left) and based on the presmoothed Aalen-Johansen estimator (on the right)
with the corresponding 95% pointwise confidence bands. Stanford Heart Transplant data.

Figure 5 plot, for the two methods, the estimated transition probabilities
pij(s,t), 1 <i < j <3 together with pointwise confidence bands based on the
bootstrap. The bootstrap estimates were obtained for B = 1000 replicates, by
randomly sampling the n items from the original data set with replacement.
The bootstrap estimates were used to obtain the 95% limits for the confidence
interval of p11(s,t), p12(s,t) and paa(s,t). The value s was chosen to be the
median of the total time (s = 90 days). As expected, the P-AJ estimator has
less variability than the AJ estimator, which has fewer jump points as ¢ in-
creases. For example, the extra jump points of the presmoothed AJ estimator
of paa(s,t) correspond to transplanted patients with censored values of the total
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TABLE 2
Summary of the two presmoothing functions mon and miy, based on logistic models

Presmoothing functions Estimated coefficients p-value
mon(2) = (1 +exp(o +712)) " 7o = 4.2605(0.8310) 2.94e-07

41 = —0.0093(0.0042) 0.0283

min(z,t) = (1 + exp(Bo + B1z + Bat)) L Bo = 2.1148(0.5052) 2.83e-05
Bl = —0.0089(0.0058) 0.1281

Ba = —0.0025(0.0007) 0.0006

time. However, both methods provide similar point estimates for all values of
time. In sum, the new approach provides more reliable curves with less variabil-
ity and accordingly narrower pointwise confidence bands.

5. Conclusions and final remarks

There has been several recent contributions for the estimation of the transition
probabilities in the context of multi-state models. However, the Aalen-Johansen
estimator is still the standard method for estimating these quantities in Markov
models. In this paper we propose a modification of Aalen-Johansen estimator
in the illness-death model, based on a preliminary estimation (presmoothing) of
the censoring probability for the total time (respectively, of the sojourn time in
state 1), given the available information. An interesting open question is if this
idea can be generalized (and how) to more complex multi-state models.

We have derived the consistency of the proposed estimators. The consistency
result is not restricted to parametric presmoothing, but it also includes the pos-
sibility of using some nonparametric estimators to this end. We verified through
simulations that the method based on the presmoothing may be much more
efficient than the original Aalen-Johansen estimators, even when there is some
misspecification in the chosen parametric family. To this regard, it is worth
mentioning that possible misspecifications in the presmoothing model will in-
troduce some bias, while still allowing for a variance reduction. The size of the
bias will depend on the misspecification level of the chosen presmoothing model,
and on the amount of censored information. Dikta et al. (2005) [17] studied this
problem under a misspecified parametric model, showing that the bias compo-
nent increases with the model’s misspecification degree and the proportion of
censored observations.

In a different context, the relative importance of introducing parametric in-
formation with censored data was investigated by Miller (1983) [26]. Similarly,
in our scenario, relative advantages of presmoothing are more clearly seen with
an increasing censoring degree and at the distribution’s right tail. In such a case,
standard corrections for censoring typically exhibit a large variance; however,
presmoothing functions, when accurately estimated, offer a joint control of both
the bias and the variance in estimation. Importantly, the validity of a given
model for presmoothing can be checked graphically or formally, by applying a
goodness-of-fit tests (e.g. Dikta et al, 2006 [18] and Hosmer and Lemeshow,
1989 [20] for the logistic model). This implies that the risk of introducing a
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large bias through a misspecified model can be controlled in practice. We illus-
trated the proposed methodology and all this preliminary investigation of the
presmoothing model using data from the Stanford Heart transplant study.

We have not investigated the semiparametric efficiency of the proposed pres-
moothed Aalen-Johansen estimator. Indeed, there is some lack of research in
this line even for the basic estimators introduced in the seminal papers on semi-
parametric censorship models (Dikta, 1998 [15]; Dikta et al., 2005 [17]). As an
exception, we point out that efficiency results are available for some partic-
ular family of semiparametric censorship models (see e.g. Zhang, 2004 [28]).
We wonder if these type of results can be derived also for the semiparametric
Aalen-Johansen estimator. This is an interesting topic for our future research.

In this paper we have not dealt with the possible effect of covariates on
the transition probabilities. However, it is possible to include covariates in the
presmoothed estimator following the usual approach for Markov models. For
this, one just considers each transition probability as a certain transformation
of the transition intensity functions. Then, transition intensities may be allowed
to depend on covariates following Cox-type regression models. See e.g. Andersen
et al. (2000) [4]. In order to estimate the regression parameters and the baseline
transition intensities, one needs however to adapt the likelihood function to
the new setting of presmoothing in which some parametric information on the
conditional probability of uncensoring is available. Details are not obvious and
will be considered in our future research.

The original and the presmoothed AJ estimators are consistent in Markov
models. If the Markov property is violated, then the consistency of the time-
honored Aalen-Johansen estimator and of its presmoothed version can not be
ensured in general. Exceptions to this are the estimator for pi;(s,t) (for which
the Markov assumption is empty) or for p;;(0,t) (the so-called stage occupation
probabilities, see Datta and Satten, 2001 [9]). Alternative estimators of the tran-
sition probabilities not relying on the Markov condition were recently proposed
(Meira-Machado et al., 2006 [24]; Amorim et al., 2011 [2]). As a drawback, these
alternative methods will suffer from a larger variance in estimation, particularly
when the sample size is small and there is a large censoring degree. Conse-
quently, AJ-type estimators will be preferred when there is no strong evidence
against the Markov condition.
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Appendix: Technical proofs

In this Section we give the proof to Theorem 1. Throughout this Section p;; (s, t)
stands for the presmoothed Aalen-Johansen estimator pP A4J(s,t). Theorem 1(a)
is a consequence of Dikta (1998) [15]. Now we prove Theorem 1(b), that is, the
uniform strong consistency of

I |- min(Zi, T)1(Zi < T;)

Doo(s,t) = —
2(5:1) My (T5)

s<T; <t

where (recall) min(z,t) is an estimator of my(z,t) = P(A = 1|Z =2T=t27<
T) and where (recall) My, (y) = n D I(Z; < y < Tj) is the empirical
counterpart of M- 1(y) = P(Z <y < T). Since continuity is assumed throughout,
note that Alp = I(Z < T). The following notation will be used: I(s,t) = ={i:

s < T, <tZ <T}andI*st —{’L:S<T <tZ <Tz,m1n(Zz,T >O}
With this notation, we have

_ min(Zi, T
p22(57t) — H [1 1 ( )
i€l(s,t) an”(TZ)

mln(Zza T )
ann(Tl)

= 11

ieI*(s,t)

Note that paa(s,t) = 0 may happen; indeed, this is the case whenever
ann(Ti) =1 and m1,(Z;,T;) = 1 for some i € I(s,t). In order to avoid prob-
lems when taking logarithms, introduce the following approximation to paa(s, t):
nj\zln(ﬁ) + mln(Zia ﬁ) '

Paa(s,t) =
i€l(s,t)

Since ’HJ a; — [1b;] < > laj = bj| for |aj|, [bj| <1, we have

mln(ZViu ﬁ)2

D22(8,t) — Doo (s, )| < ——
P2a(5.8) ~ (5. ) i

i€l(s,t)

We will refer to the following Lemma, which follows from e.g. Corollary 5.2.3 in
de la Pena and Giné (1999) [10].

Lemma 1. We have w.p. 1 sup, ’]T/[/M(y) - Ml(y)’ — 0.

Under condition M, from Lemma 1 we have eventually for y € [r9, 1] and
some constant ¢ > 0

Mln(y)z inf Ml()— sup

ToSYST1 To<y<T1

Min(y) —Ml(y)’ >c
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Hence we have w.p. 1

sup  [paa(s,t) = Daa(s, )| = O(n™1). (A1)
To<s<t<T;
Now write
§22 (Sv t) — P22 (Sv t) = exp(logﬁﬂ(s, t)) - eXp(_\I/n(Sa t))
+exp(=Wn(s,t)) — exp(=¥(s,1))
where

t 7l _
W(S’”:/ i\%((dy))’ with H'(y) = P(T <y,A=1,Z <T),
S 1y

and o
mln(Z’i; E)

U, (s,t) = 7 @)

i€l(s,t)

Note that paa(s,t) = exp(—U(s,t)) because of the Markov condition, and that

I(s <T <t)AI(Z <T)
My(T)

| IGs< T <tymi(Z,T)I(Z <T)
My(T)
It will be shown that paa(s,t) = exp(—P(s,t)) is indeed the limit of exp(—¥,, (s,

t)). This will follow from the mean-value theorem after proving the uniform
strong consistency of W, (s, t), which is the goal of the following Lemma.

U(s,t)=F

Lemma 2. Under Uy and M we have w.p. 18up, <o i<r [Wn(s,t)=¥(s, )| —0.
Proof. Write

U, (s,t) = ml(zai‘) l Z mln(Ziafi) _ ml(Zyﬁ‘)
i€I(s,t) nMi(T;) n My, (T3) My (Ty)
=0 (s,1) + Ry (s,t).

i€l(s,t)

By the SLLN we have W0 (s,t) — W¥(s,t) w.p. 1. Furthermore, under M we have
w.p. 1
sup ‘\Ilg(s,t) — (s, t)‘ — 0. (A.2)

To<s<t<Ty

To see this, note that for s,t € [r9, 71] we have under M

1
inf o <y<r, Mi(y)

U(s,t) < E [I(TO <T<m)AI(Z < fﬁ)] < .

Introduce
I(s < v <t)ymy(u,v)I(u<v)

M (v)

Ps,t (uv ’U) =
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Now, {@pst:70 <s<t<m} is a VC-subgraph class (see Proposition 5.1.12
and comments following Definition 5.1.14 in de la Penia and Giné, 1999 [10]),
and ¢, -, is an integrable envelope for that class. Hence, (A.2) follows from
Corollary 5.2.3 in de la Pefia and Giné (1999) [10].

Now,

mln(z,ﬁ) _ ml(Z-,T}) B 1 [ =~ ~ ~ }
My (T5) M\(Ty) My (T,

Under U; and M we have

sup  |Ry(s, 1)
To<s<t<Ty

SUPz <t ro<t<m |m1n(zvt) - ml(zvt)| + SUPro<y<m Mln(y) o Ml(y)
/

- c c
1 & ~ ~ ~
- I T, <m)I(Z; <T;)=o0(1) w.p. 1.
Xn; (to <T; <m)I(Z; <T;) =o0(1) w.p
Then the assertion of Lemma 2 follows. O
By the mean-value theorem,
exp(log Doy (s, 1)) — exp(—T,(s,1))
= (Un(s,t) +logPay(s, t)) exp(—&,(s,t))
for some & between V¥,, and —logp,,. Now:
ann(ﬁ) + mln(Z', Tz)

logPys(s,t) = D log

i€l (s,t)

= > 1og{1—ﬂ

iel*(s,t) ¢

where o
My, (T;

L ILICHISY

mln(Zz;T’z)

Note that x; is well defined for i € I*(s,t) and that x; > 1 (because n]T/[/M(Tl) >
1 for i € I*(s,t)). Use

1 =1
log(1—=)==-Y — 1
og( x) EW v,
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to write
Min Z17T)
ogms(s) == Y Yo
ieI* (s,t) k=1 ”Mln(T)+m1n(Z1,T))
Hence
n Zuﬁ
W, (5,1) + log Poy(s, 1) = mun(Z:, )
i€ (s,t) nMy, (T;)

mMin ZZ,T
S 2

e I*(s,t) k=1 ”Mln(T) + min(Zi, Th))*

Min (Zz; T’l)
n My (T;) (WM (T3) + min(Zs, T3))

i€l (s,t)

-y Z mun(Zi, T)* =TI+ 11

i€l*(s,t) k=2 ann T)+m1n(ZzaT))

Under M we have, uniformly in 7o < s <t < 7, I = O(n~!) w.p. 1. Besides,

by noting
> & 1 T <1
E ¥ = = x
1—x 1—2a’ ’
k=2

we have that the absolute value of IT is bounded by (take z = my,(Z;, T})/
(MM (T3) + m1n(Z, T3)) )

>

i€l (s,t) k=2
- (2, T;)?
P> melB ) o)
eI (s,t) n M (T3) (nMyn(T3) + man(Z:, T;))

oo

mln(Ziu ﬁ)k
(WM (T3) + min(Zs, T))*

w.p. 1. uniformly in 79 < s < t < 77. This shows that

sup |0, (s,t) 4+ logDas (s, t)] = O(nil) w.p. 1
To<s<t<T1

and consequently

sup  |exp(logTas(s,t)) — exp(=¥,(s,1))] = O(n~") w.p. 1. (A.3)

To<s<t<Ty

Now, use the mean-value theorem to write

exp (—W¥(s,t)) —exp (_\I]n(sv t)) = [\I]n(sv t) — (s, t)] exp(—Sn(s, t))
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from which

sup |€Xp (_\P(Sat)) — €Xp (_\Ijn(sat)” < sup |\I/n(sat) - \IJ(Sat” :
To<s<t<T1 To<s<t<T1

Then Theorem 1(b) follows from Lemma 2, (A.3), (A.1), and the decomposition

P22(s,t) —paa(s,t) = Daa(s,t) — Paals, 1)
+ exp(log Pas(s, 1)) — exp (—Wn(s,1))
+ exp (_\I}n(sv t)) — exp (—\I/(S, t)) :

In order to prove Theorem 1(c) write, with J(s,t) = {z L < Z; < t, Zi < TZ},

N D1i(s p22(2i, t)
DPr2(s,t) = E
1€J(s t) MO"(ZZ)

1 .~ ~ Z
+ - Z {pzz(Zz‘, t) — p22(Zi, t)} M
i€J(s,t) MOH(Zl)

1 . .
+- Z p1i(s, Zi)p22(Zi,t)
i€J(s,t)

Z P11(s, Z p22(Zut)
zEJ s,t) MO(Z)
= I(s,t)+1I(s,t)+11I(s,t)+ IV (s,t)

where Mo (y) = P(Z > y). Since, because of the Markov condition,

ol ZoveBil) y 7, <42, < )

E —=
Mo(Z;)

= pia(s, 1),

the SLLN gives IV (s,t) — p12(s,t) w.p. 1. Furthermore, by using Proposition
5.1.12 in de la Penia and Giné (1999) [10] as in Lemma 2 above we get w.p. 1
sup |IV(Svt) _p12(57t)| — 0.
0<s<t<t
It remains to show that I(s,t), [1(s,t), and I1I(s,t) go to zero w.p. 1 uniformly

on [0,7]. But this is easily seen by using Theorem 1(a),(b), Glivenko-Cantelli,
and the fact that My is bounded away from zero on [0, 7].
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TABLE 4. Integrated absolute bias, integrated variance and the integrated MSE of p;j(s,.) along 1,000 trials, case @ =1 and C «~ U[0, 3]
n
P;j(s,t) Method IMSE BIAS VAR L1 IMSE BIAS VAR L1 IMSE BIAS VAR L1
Py1(0.2877,t) m(.;8,7) 0.02953 0.10624 0.02315 0.25453 0.01473 0.07644 0.01102 0.18122 0.00789 0.05496 0.00581 0.13110
m(.;€) 0.02632 0.09326 0.02210 0.24119 0.01188 0.05811 0.01025 0.16371 0.00571 0.03641 0.00514 0.11291
AJ 0.03275 0.07520 0.02880 0.27554 0.01738 0.05731 0.01481 0.20077 0.00960 0.04389 0.00799 0.14793
m 0.01576 0.06984 0.01220 0.19366 0.00829 0.05236 0.00603 0.14179 0.00476 0.04450 0.00316 0.10727
Py5(0.2877,t) m(.;8,7) 0.03195 0.07673 0.02826 0.26335 0.01770 0.06396 0.01549 0.19799 0.01073 0.05867 0.00875 0.15037
m(.; &) 0.03225 0.06543 0.02951 0.26496 0.01670 0.04196 0.01565 0.19267 0.00923 0.03519 0.00859 0.14224
AJ 0.04214 0.07597 0.03878 0.30293 0.02353 0.06286 0.02163 0.22571 0.01424 0.05894 0.01241 0.17096
m 0.02367 0.06837 0.02104 0.23150 0.01404 0.06356 0.01204 0.17697 0.00913 0.06058 0.00727 0.13999
P55 (0.2877,t) m(.;8,7) 0.05085 0.23753 0.03434 0.32685 0.02842 0.21001 0.01528 0.26141 0.02056 0.20695 0.00784 0.23521
m(.;§) 0.05044 0.23121 0.03479 0.32366 0.02757 0.20100 0.01533 0.25427 0.01920 0.19292 0.00777 0.22262
AJ 0.05321 0.20781 0.04065 0.32557 0.02933 0.19422 0.01801 0.25910 0.02112 0.19866 0.00934 0.23384
m 0.03757 0.20957 0.02484 0.28746 0.02325 0.19957 0.01140 0.24403 0.01729 0.19522 0.00594 0.22072
P;1(0.6931,t) m(.;8,7) 0.05636 0.16091 0.04151 0.32809 0.02877 0.11555 0.02023 0.23633 0.01530 0.08120 0.01059 0.17049
m(.; &) 0.04874 0.14156 0.03894 0.30725 0.02217 0.08628 0.01845 0.20967 0.01026 0.05163 0.00902 0.14262
AJ 0.06414 0.11352 0.05495 0.36089 0.03437 0.08654 0.02848 0.26476 0.01884 0.06642 0.01514 0.19472
m 0.02725 0.10585 0.01898 0.24243 0.01502 0.07888 0.00985 0.18085 0.00876 0.06510 0.00515 0.13766
Py5(0.6931, t) m(.;8,7) 0.04722 0.08383 0.04321 0.30800 0.02693 0.07881 0.02411 0.23421 0.01647 0.07472 0.01388 0.17838
m(.; &) 0.04795 0.06495 0.04518 0.31015 0.02577 0.05767 0.02435 0.22921 0.01470 0.05209 0.01351 0.17128
AJ 0.06564 0.08976 0.06141 0.35886 0.03744 0.08014 0.03469 0.26963 0.02259 0.07569 0.02003 0.20522
m 0.03907 0.08358 0.03571 0.28252 0.02342 0.08059 0.02059 0.21697 0.01528 0.07817 0.01260 0.17220
P»3(0.6931, t) m(.;8,7) 0.07295 0.25545 0.04772 0.37608 0.04069 0.22121 0.02272 0.28957 0.02646 0.20766 0.01088 0.24299
m(.; &) 0.07299 0.24931 0.04976 0.37558 0.03866 0.21119 0.02291 0.28075 0.02316 0.18830 0.01075 0.22489
AJ 0.07732 0.20713 0.06053 0.39031 0.04333 0.19808 0.02917 0.29899 0.02816 0.19499 0.01456 0.24824
m 0.04427 0.20789 0.02782 0.30883 0.02715 0.19887 0.01286 0.25162 0.01935 0.18761 0.00665 0.21849
Py1(1.3863,t) m(.;8,7) 0.15828 0.29155 0.10488 0.48913 0.08415 0.21623 0.05218 0.35770 0.04715 0.15201 0.02922 0.26206
m(.;&) 0.11915 0.22087 0.08857 0.42771 0.05278 0.12627 0.04157 0.28755 0.02464 0.06960 0.02130 0.19581
AJ 0.20944 0.23542 0.16998 0.57574 0.11095 0.17679 0.08648 0.41795 0.06199 0.13227 0.04708 0.31014
m 0.07598 0.21746 0.04090 0.35990 0.04199 0.15815 0.02099 0.26782 0.02568 0.12626 0.01136 0.20766
Py5(1.3863,t) m(.;8,7) 0.08819 0.07494 0.08539 0.38556 0.05252 0.07908 0.04934 0.29742 0.03167 0.07506 0.02885 0.22588
m(.; &) 0.08883 0.07613 0.08580 0.38667 0.05214 0.09063 0.04745 0.29747 0.03181 0.09885 0.02603 0.23114
AJ 0.12562 0.07176 0.12305 0.45163 0.07381 0.08038 0.07056 0.34183 0.04413 0.07355 0.04143 0.26023
m 0.09009 0.07455 0.08731 0.38742 0.05502 0.07825 0.05194 0.29976 0.03535 0.07559 0.03251 0.23500
P55(1.3863,t) m(.;8,7) 0.16509 0.35887 0.09329 0.50415 0.08891 0.25952 0.04873 0.36668 0.05575 0.23567 0.02312 0.29257
m(.;€) 0.16617 0.34178 0.10439 0.50378 0.07845 0.23345 0.04957 0.34449 0.04181 0.19140 0.02324 0.25453
AJ 0.20923 0.29425 0.15625 0.57797 0.10352 0.21472 0.07417 0.40258 0.06376 0.21087 0.03698 0.31641
m 0.08661 0.28003 0.03956 0.38979 0.04982 0.22075 0.01907 0.29484 0.03531 0.20314 0.00957 0.24717
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TABLE 6. Integrated absolute bias, integrated variance and the integrated MSE of p;j(s,.) along 1,000 trials, case @ =0 and C «~ U[0, 3]

n 50 100 200
P;j(s,t) Method IMSE BIAS VAR L1 IMSE BIAS VAR L1 IMSE BIAS VAR L1
P;1(0.1438410, t) m(.;;8,7) 0.01011 0.05216 0.00903 0.13916 0.00465 0.02690 0.00431 0.09372 0.00232 0.01836 0.00218 0.06636
m(.;§) 0.00987  0.05049 0.00890 0.13673 0.00448 0.02401 0.00422 0.09088 0.00222 0.01329 0.00214 0.06305
AJ 0.01114  0.03199 0.01072 0.13939 0.00523 0.01876 0.00506 0.09742 0.00264 0.01474 0.00255 0.07044
m 0.00721  0.03439 0.00671 0.11514 0.00358 0.01954 0.00339 0.08055 0.00188 0.01396 0.00178  0.05859
P;5(0.14384410,t) m(.;8,7v) 0.01794 0.06344 0.01539 0.20468 0.01053 0.05551 0.00851 0.15756 0.00562 0.03775 0.00458 0.11471
m(.;€) 0.01721  0.05431 0.01536 0.20061  0.00933 0.04606  0.00819 0.14862 0.00465 0.02610 0.00429  0.10501
AJ 0.02001  0.04733 0.01853 0.22012 0.01182 0.04105 0.01052 0.17007 0.00653 0.03120 0.00571  0.12539
m 0.01256  0.05168 0.01079 0.17184 0.00712 0.03777 0.00591 0.13161 0.00401 0.03306 0.00312  0.09939
P»2(0.14384410,t)  m(.;8,v) 0.04573  0.09080 0.04120 0.31646 0.02252 0.07677 0.01925 0.22833 0.01074 0.04930 0.00916  0.15877
m(.;€) 0.04442  0.08009 0.04103 0.31062 0.02068 0.06389 0.01878 0.21654  0.00936 0.03394 0.00880 0.14621
AJ 0.05071  0.05839  0.04834 0.33645 0.02515 0.05380 0.02319  0.24467 0.01271  0.04037 0.01150 0.17462
m 0.03039 0.06363  0.02755 0.25734 0.01440 0.05175 0.01255 0.18305 0.00727 0.03926  0.00602  0.13198
P11(0.3465736, t) m(.;8,7) 0.01766 0.07802 0.01519 0.18081 0.00813 0.04089 0.00733 0.12200 0.00388 0.02710 0.00354  0.08509
m(.;§) 0.01716  0.07535 0.01495 0.17731 0.00777 0.03661 0.00716 0.11783 0.00364 0.01933 0.00346  0.08020
AJ 0.01946  0.04699 0.01853 0.18033 0.00938 0.02837 0.00898 0.12761  0.00450 0.02088  0.00430 0.09097
m 0.01185 0.05129 0.01071 0.14709 0.00601  0.02955 0.00557 0.10369 0.00309 0.02069 0.00288  0.07501
P12(0.3465736, t) m(.;8,v) 0.02448 0.07199 0.02112 0.23327 0.01451 0.06295 0.01180 0.17975 0.00767  0.04143 0.00628  0.13062
m(.;§) 0.02359  0.05989  0.02117 0.22932 0.01296 0.05208 0.01142 0.16969 0.00634 0.02957 0.00587 0.11954
AJ 0.02802  0.05509  0.02599 0.25259 0.01651 0.04770 0.01472 0.19459 0.00898 0.03519 0.00786  0.14334
m 0.01787 0.05939 0.01548 0.19936  0.01006 0.04377 0.00840 0.15132 0.00558 0.03673 0.00437 0.11391
P»3(0.3465736, t) m(.;8,v) 0.04739  0.10555 0.04069 0.31873  0.02563 0.09178 0.02073 0.23817 0.01244 0.05873  0.01007 0.16668
m(.;§) 0.04573  0.09499 0.04068 0.31241 0.02300 0.07892 0.02004 0.22490 0.01041 0.04130 0.00953 0.15216
AJ 0.05282  0.07153  0.04933 0.34248 0.02863 0.06451 0.02571 0.25701 0.01447 0.04638 0.01268 0.18318
m 0.02883  0.07802  0.02464 0.25234 0.01509 0.05921 0.01235 0.18604 0.00787 0.04693 0.00599 0.13592
P;1(0.6931472, t) m(.;;8,7) 0.05074 0.16039 0.04031 0.29141 0.02131 0.08110 0.01808 0.19131 0.00968 0.05098 0.00834  0.13232
m(.;€) 0.04802  0.15437 0.03876  0.28290 0.01959 0.07031 0.01720 0.18189 0.00862 0.03673  0.00789  0.12190
AJ 0.05762  0.10097 0.05343 0.29049 0.02562 0.05671 0.02394 0.20188 0.01161 0.03948 0.01081  0.14210
m 0.02894  0.10975 0.02389 0.22840 0.01380 0.05862 0.01200 0.15725 0.00720 0.03949 0.00637  0.11458
P12(0.6931472, t) m(.;8,7) 0.04507 0.08466 0.04044 0.29743 0.02650 0.07508 0.02238 0.22817 0.01397 0.04836  0.01182  0.16650
m(.;€) 0.04357 0.06638  0.04038 0.29273 0.02376 0.05956  0.02157 0.21536  0.01158 0.03460 0.01090 0.15219
AJ 0.05378  0.06815  0.05080  0.32565 0.03093 0.05686  0.02813 0.24811 0.01627 0.04390 0.01452 0.18248
m 0.03633  0.07501  0.03270 0.26505 0.01927 0.05530 0.01666 0.19652 0.01094 0.04572 0.00899  0.14931
P»2(0.6931472, t) m(.;8,7) 0.06945 0.15333  0.05520 0.36666 0.03880 0.12909 0.02881  0.27527 0.01897 0.08283 0.01421  0.19413
m(.;€) 0.06660 0.13952  0.05570 0.35867 0.03408 0.11298 0.02785 0.25864 0.01517 0.06032 0.01330 0.17557
AJ 0.07825 0.10236  0.07088  0.39785 0.04380 0.09094 0.03791 0.30107 0.02278  0.06504 0.01923  0.21803
m 0.03859  0.10977 0.02990 0.28212 0.02029 0.08309 0.01481 0.20801 0.01138 0.06728 0.00761  0.15700
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