This article shows how Cox models can be used to study multiepisode-multistate
processes as well as which computer programs can be used to estimate semiparametric
models with multispell data. The application of a multiepisode Cox model is
demonstrated using data on career trajectories of German males from the German Life
History study.
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INTRODUCTION

In recent years, more and more social scientists have used con-
tinuous-time models and event history data to study economic and
social processes. This approach has led to the use of general multi-
state-multiepisode models. Most of the available software (e.g.,
BMDP, SAS, GLIM), however, is designed to deal with single-spell
models. When reducing the analysis of multiple-spell data to the
analysis of single-spell models, some restrictive assumptions are
usually made. Forexample, itis assumed that (1) duration distributions
only depend on the time from entry to the present state, (2) successive
episodes of an individual are independent, and (3) the effects of the
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explanatory variables are the same for all episodes. In most cases,
these assumptions are not stated explicitly. If they are valid, then
consecutive spells of an individual may be treated as if they stemmed
from different individuals with the corresponding covariate values,
and all spells can be analyzed together within the framework of
single-spell models and with single-spell programs. Nevertheless, one
should keep in mind that the assumptions that allow such a procedure
are restrictive and must be examined empirically.

Several authors, including Kalbfleisch and Prentice (1980:chp. 7),
Tuma and Hannan (1984), and Heckman and Singer (1984), have
studied models for multiepisode duration data without the restrictive
assumptions mentioned above. Most of the articles consider special
cases, Semi-Markov models in particular. In light of this burgeoning
literature, the purpose of this article is fourfold: First, to present a
partially parametric model (Cox 1972, 1975) that leaves the form of
time variation in multiepisode models unspecified but makes the
“baseline” hazard rate dependent on the number of the episode;
second, to investigate the implications of different time scales thatlead
to different underlying stochastic processes; third, to discuss to what
extent available computer programs can process multispell data; and
fourth, to illustrate empirically the specification, estimation, and test-
ing of a multiepisode proportional hazards model in order to study
career mobility.

COX MODELS FOR MULTIEPISODE PROCESSES

Let us suppose that for every individual and episode k, a vector xy
of relevant covariates is measured. The vector of covariates may
contain metric or dummy variables or both. For the moment, assume
that the covariates are time invariant, although most of the methods
can be generalized to allow for time-dependent covariates. If an
individual is in the kth episode, his previous history of the process until
tx_1 is collected in Hy_1 (dropping the subscript i to simplify notation);
that is,
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Hict = {YotnY1,Ximees thets Yo t:Xko1}

Now we define a new regression vector z, k=1, 2, . . . , which
includes xy, the covariates measured at the beginning of the kth
episode, and all relevant elements of Hy_;. The dimension of zy is py.
The duration process is characterized by a hazard rate (exit rate), and
is defined by

M(t|z)= lim P(ts Ty <t+ At| Ty 2 t2,)/ At, t= t, 1]
At—0 :

Note that A(t|z,) will be identically zero for t < t,_;. Equation (1)
is the overall exit rate for the kth episode. In addition, “transition
specific” exit rates (hazard rates) are defined:

M(t]z) = lim P(ts Ty <t+ ALY, =j| Ty 2 t,7) / At [2]
At—0

The possibility that some states are not attainable from certain states
or that the set of attainable states varies with k in a more general
manner can be accommodated in (2) by restrlctmg it to be identically
zero for the appropriate (k,j) values.

The relationship between (1) and (2) is

At z) = z A(t| 7)) (3]
j

Survivor function and density function of the kth episode can be
defined analogously to the single-spell case. For the exact definitions
and for the relationship between survivor function, density function,
and exit rate, see Blossfeld et al. (1988) or Tuma and Hannan (1984).

For a complete specification of the exit rate, the following must be
fixed: (1) the time dependence of the exit or hazard rate, (2) how much
of the previous history is included, and (3) the dependence on the
incorporated covariates.

In this article, a general proportional hazards model is considered.
The proportional hazards model was proposed by Cox (1972), and its
hazard or exit rate is
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Mt|2) = Ao(t) exp(z'B) (4]

In (4), My(t) is an unspecified baseline hazard rate. In the approach
here, Ay(t) as well as B may depend on the origin state yy_;, the
destination state yy, and the number k of the current episode; that is,
Asy(t) and B (given that yy_q = 1 and yy = j), although in (4) the
subscripts have been dropped to simplify notation.

A variety of restrictions could be placed on the baseline exit rates
or on the parameters 3. The focus here is on two classes of restrictions,
namely, restrictions on time dependence and on the covariate effects.
For the estimation of the regression coefficients, a partial likelihood
procedure is used. The partial likelihood for the general model factors
into a separate component for each 1 and j that can be maximized
regarding a specific transition from state 1 to state j. Therefore,
consider a specific (1,j) transition, dropping the subscripts I and j.

With regard to time dependence of the hazard rate, only two
alternatives are distinguished. In the first approach, the time parameter
t means time since the beginning of the process, although only rarely
will the time parameter correspond to calendar time. In this article, the
time parameter of the process corresponds to time since entry into the
labor market, and all subsequent starting and ending times of a
person’s episodes are calculated as the time since this event. In the
second approach, it is assumed that the exit rate only depends on the
time since the occurrence of the last transition, that is, on t — tj_;.
These models are suitable when the exit rates for the duration process
can be more parsimoniously expressed in terms of gaps between
consecutive spells rather than in terms of total observation time, or the
time since entry into the labor market. Semi-Markov processes and
renewal processes are special cases. Models of this type are studied
by Heckman and Singer (1984) in a statistical context. In the follow-
ing, only the formulas for the models with time parameter t are given.
The models that depend ont — t,_; can be derived analogously.

First, consider the multiepisode model with episode-changing re-
gression coefficients and episode-changing baseline hazards:

M|z = Aok(®) exp (zii) [5]
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It can be shown (Hamerle, forthcoming) that an appropriate partial
likelihood for model (5) is

dy :
bL- T oxp Zify)

k=1 2 exp(zuBy)
€R(t,)

(6]

where ty,t, . . . are the uncensored durations of the kth episode and
z; is the covariate vector of the individual with duration t;. The risk
set Ry(t) is the set of individuals at risk of their kth event just before
time t (k — 1 but not k transitions have occurred before t).

If there are no equality restrictions among the By, equation (6) can
be maximized separately for each k. For that purpose common com-
puter programs for single-spell models (e.g., BMDP, RATE, GLIM)
can be used without difficulties if it is assumed that the baseline hazard
rates only depend on the time since entry into the current job, that is,
ont - ty_;. Insingle-spell models, the starting point of the spell usually
is set to 0. The risk set then decreases as time elapses. This also holds
in multiepisode models provided that time is measured as waiting time
in the current state—the clock is reset to 0 after each transition.

If the time scale represents observation time, or the time since the
occurrence of an individual specific event such as birth or entry into
the labor market, the situation is more complicated. In this case, all
subsequent starting and ending times of a person’s episodes are
calculated as the time since the occurrence of this event. Then, for the
kth episode, k = 2, an individual only belongs to the risk set Ry(t) if
he is at risk of his kth event at time t; that is, k — 1 but not k events
have occurred before time t. Here, the risk set may also increase as
time goes on, because in a certain time interval some persons can have
their (k — 1)th event and are then at risk of their kth event, although
no individual has his kth event in this time interval. The risk set is
increasing in this time interval. The situation is illustrated in Figure 1.

The second model investigated here assumes that episode k, k=1,
2, ...has acommon shape function Ay1(t) = Aga(t) = . . . Ao(t). The exit
rate can then be written as

M (t| ) = Ao(t) exp (ziy) (7]
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Figure 1: Length of Two Subsequent Episodes, Measured for Five Persons, and
Construction of Risk Set Ro(t)

An appropriate partial likelihood for model (7) is Kalbfleisch and
Prentice (1980:184)

PL,= [ f-k[ exp (zifBx) 8]
TRk Y 3 exp(EmB
m ER(t)

Because the denominator of (8) contains all B, k = 1,2, . . ., this
partial likelihood does not factor into a separate component for each
k, and the coefficients fx will need to be estimated simultaneously.

For estimation of models of this type with programs for single-spell
models, a rearrangement of regression vectors and parameter vectors
is necessary. Let K be the maximum number of episodes, and let X;
denote the covariates that are the same across episodes—for example,
sex, race, and demographic variables that remain fixed during the
observation period. The covariates of individual i that vary over
episodes are denoted by X;, . . . Xjp;, i <= nj < K. The number of
episodes of individual i in the observation period is n;. The dimension
of X;is g, the dimension of x; is qx. Now, each individual new design
vector is defined, denoted by zj:
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X;

X; 0

Xi1

0

Zig= |+ |5Zip = [Xin|, 1s =K [9]

0

0 .
0

The dimension of the new design vectors z; is q + Zfqy. Cor-

responding to the design vectors, a suitably dimensioned parameter
vector is defined:

Then, with the above definitions, we have
z P = giﬁ + Xy Py

With this rearrangement, one can use the data of all episodes, and
maximum partial likelihood estimation based on the likelihood ex-
pression (8) can be done with a program for single-spell models.
Assuming that the time scale is time since the last transition—e.g.,
entry into the current job—for a given ty, the denominator of (8)
contains all spells that last at least ;. There may be several spells for
an individual. According to the serial order of the spell, the cor-
responding exp(. . .) term is chosen; in this case only one risk set is
needed. Through the special construction of the design vectors zj, the
correct exp(. . .) term is chosen. For the time scale representing the
time since the occurrence of a specific event, the procedure is similar.


http://smr.sagepub.com/

Blossfeld , Hamerle / USING COX MODELS 439

In this restricted model, tests for equality of some elements of By
across episodes can easily be performed using the likelihood ratio
statistic, the Wald statistic, or the score statistic. In the third propor-
tional hazards model that is investigated, it is assumed that both the
shape functions and the regression coefficients are the same over
episodes. The exit rate is then

M(t]zi) = Mo(t) exp (ziB) (10]

From (8), we have the partial likelihood

dy

) exp (74f)
Pl IT 575 cpnp) (]

m r€R (t)

But PL; is equivalent to the partial likelihood that arises if a
person’s episodes are treated as if they stem from different persons
and all episodes are analyzed together with a single-spell model. Here,
construction of design vectors z;; of the form (9) is not needed.

Here, only the application of Cox models to the multiepisode case
is considered. For the extension of fully parameterized hazard rate
models to the multiepisode case and for a further discussion of
multiple-spell duration models, see Hamerle (forthcoming).

STUDYING CAREER MOBILITY
AS A MULTIEPISODE PROCESS

As an example of the specification, estimation, and testing of a
multiepisode proportional hazards model, the career trajectories of
German men from three birth cohorts will be analzyed. In most studies
in social mobility research, transitions to a destination job are modeled
as a function of the time since entry into an origin job (see Sorensen,
1984; Sorensen and Tuma, 1981; Carroll and Mayer, 1986; Tuma,
1985). The career trajectory of an individual is therefore divided into
a series of job spells, each starting with time equal to 0. In this case,
time-dependence means that the event of a job shift primarily depends
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on the time spent in each of these jobs, regardless of their specific
locations over a person’s life course. Moreover, the effects of causal
variables are mostly regarded as independent of the different job
episodes, and therefore are estimated as constant across episodes. One
can call this type of job-shift analysis “uniepisode models with
episode-constant coefficients.”

Another way to model job mobility is to regard job transitions as
dependent on the general labor-force experience of a person. The time
scale in this case is the amount of general labor-force experience.
Starting and ending times of the job spells in a person’s career are
given as the time since entry into the labor market. In this case,
time-dependence means that the event of a job shift depends on the
specificlocation of the spell within a person’s life course. Consequent-
ly, the job spells of a person’s career are not treated as autonomous
entities, but depend on their specific location on the general labor-
force experience scale. The coefficients of causal variables may be
estimated as constant or as changing across episodes. One can call this
type of job-shift analysis “multiepisode models with episode-constant
or episode-changing coefficients.”

The empirical analysis of career mobility here is based on life
history data collected between October 1981 and May 1983 by Mayer.
The life-history data include information from 2,171 German respon-
dents from the cohorts of 1929-1931, 1939-1941, and 1949-1951. This
sample is representative of the native-born German population of the
Federal Republic of Germany (Briickner et al., 1984; Blossfeld,
1987c¢), and constitutes a unique source of information about the
occupational histories of men and women from selected birth cohorts.
Women are excluded from the present analysis because they show
very different occupational structures and mobility patterns.

The empirical example begins with a description of how. job spells
are distributed across episodes. Table 1 shows that for German men
born in 1929-1931, 1939-1941, and 1949-1951, the first two job
episodes make up more than 50% of all spells, and the first five
episodes some 90% of all spells. Compared to American workers,
German workers have considerably fewer jobs and change jobs less
frequently. The average time in a given job for a man in Germany is
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about 5.98 years (Carroll and Mayer, 1986), while in the United States
it is only 2.17 years (Tuma, 1985).

The stable nature of job trajectories in Germany implies that job
changes are more likely to be substantively meaningful than is job
mobility in the United States. But the stable nature of job transitions
also means that the distribution of job spells across episodes is very
highly skewed toward the early episodes (see Table 1). This has
consequences for the analysis of career mobility as a multiepisode
process: (1) The smaller the number of job spells and job transitions,
the more likely it is to produce statistically insignificant results; hence,
a comparison across job episodes based on significant coefficients
may be misleading. (2) The number of job episodes used to study
career mobility as a multiepisode process is limited. In such a model,
it is not sensible to include episodes with very small numbers of job
spells and job transitions. Therefore, based on the distribution of job
spells and job transitions across episodes, as displayed in Table 1, only
the first five job episodes are included in this multiepisode model. This
ensures that the number of job spells and transitions in each episode
is great enough to compare the estimates across episodes in a mean-
ingful way. Additionally, it guarantees that few job spells are lost in
the analysis. On the basis of this decision, included in this multiepisode
model are 89.92% of all job spells, 92.52% of all upward moves,
90.86% of all lateral moves, and 90.12% of all downward moves (see
Table 1).

The results of these multiepisode job shift models are reported in
Table 2, where only estimates for the rates of upward and downward
moves are displayed. The results of lateral moves are not presented
because they “represent a mixture of gains and losses in job rewards
other than those summarized by status” (Sorensen and Tuma,
1981:83).

The dependent variable is the number of months that a man spent
in the labor market before he moved or before censoring occurred.
This means that the clock that times career processes is the extent of
an individual’s general labor-force experience. Human capital econo-
mists often use this variable to measure general on-the-job training
(Mincer, 1974). In the vacancy competition model, this variable is
used as a measure of the gap between actual and expected rewards
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(Sorensen, 1984). With regard to the direction of job moves,
Wegener’s (1985) magnitude prestige scale defines prestige increases
of 10% and greater as upward moves, prestige increases between 0
and 10% as lateral moves, and all prestige decreases as downward
moves.

In Table 2, the relative magnitude of the effects of different vari-
ables (e.g., prestige or education) are not compared within models
because they depend on the scale in which variables are measured.
Instead, the significance level is used to indicate the statistical sig-
nificance of the variables. In evaluating a model’s performance, a
likelihood ratio test also compares the model to a baseline (Blossfeld
et al., 1988). The baseline for each directional move is the model
without independent wariables. This test gives the chi-square values
that are reported in Table 2.

On the basis of the human capital and vacancy competition theory,
one can argue that the basic explanatory variables for rates of moving
up or down are job rewards and personal resources (Tuma, 1985).
Occupational prestige is used as a measure of job rewards, as measured
here by Wegener’s (1985) magnitude prestige scale (ranging from
22.0 to 186.6). Education is used as a measure of observed personal
resources (Blossfeld, 1987a, 1987b). To control for cohort specific
influences, dummy variables for the three birth cohorts also are
included.

To estimate this multiepisode proportional hazard model, the pro-
gram RATE (3.0) was used. Compared to BMDP, SAS, or GLIM,
RATE allows one to specify both starting and ending times. Through
this, one can include the specific location of any job spell within a
person’s career.

It will be useful to test step-by-step whether the variables have
episode-changing influences on the job-shift rate. This procedure lets
one begin with a complex model and then gradually introduce sim-
plicity. By using RATE (3.0), this can be done using linear constraints.

Model 1 includes prestige, education, and birth cohort for each of
the first five job episodes. For both upward and downward moves, this
model performs significantly better than the baseline model. The
positive episode-specific effects of education on upward moves are in
accordance with a modified human capital theory (Tuma, 1985) and
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vacancy competition theory (Sorensen, 1981). The negative effects of
prestige on upward moves can also be explained by the vacancy
competition theory. According to Sorensen, opportunities for better
jobs decline as the level of attainment already achieved increases.

The negative effects of education and the positive effects of prestige
on downward moves are also in agreement with a modified form of
the human capital theory (Tuma, 1985).

The effects of the birth cohort dummies are significant for neither
upward nor downward moves (see Table 2). In Model 2 therefore,
these variables are left out, and slightly smaller chi-square values for
upward (189.97) and downward moves (92.01) are obtained while 10
degrees of freedom are saved in each model. The absolute magnitude
of the episode-specific estimates of prestige and education also remain
more or less unchanged.

According to both human capital theory and vacancy competition
theory, one would expect constant effects of prestige and education
across episodes. To test this hypothesis, the absolute magnitude of the
episode-specific coefficients was compared in Model 2. For upward
moves, the effects of education in the first (1), third (83), and fourth
(P4) episodes are more or less the same, and the effects in the second
(B2) and fifth (BS) episodes are also similar; for prestige, the effects
in the first (86) and fifth ($10) episode are comparable, as are the
effects in the third (B8) and fourth (B9) episodes. For downward
moves, the effects of education in the first (1), second (2), and third
(B3) episodes are analogous; and for prestige, the effects in the second
(B7) and fourth (B9) episodes are also similar. In Model 3, constraints
for upward (f1 = 3 = 4; p2 = f5) and downward moves (§1 = 2 =
B3; p7 = B9) were imposed to test the equality of these coefficients
(Tuma, 1986). Table 2 shows that this model performs as well as
Model 2 (189.09; 91.44) for both upward and downward moves but
saves 5 and 3 degrees of freedom, respectively. Hence, these con-
straints are justified.

Model 4 takes this a step further and estimates only episode-con-
stant coefficients for education and prestige. Looking at the change in
chi-square values, it can be seen that the difference is statistically
significant at the 0.05 level for upward moves, but not for downward
moves. This means that with respect to statistical criteria it is ap-
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propriate to use episode-constant coefficients only for downward
moves, but not for upward moves. For upward moves, there is a
statistically significant difference between the effects of education
and prestige in different job episodes, a finding that should not be
neglected.:

CONCLUSION

In sociology, economics, or industrial engineering, the increasing
availability of event history data permits the application of sophisti-
cated statistical techniques to estimate economic and social processes.
Frequently, this leads to general multistate-multiepisode .models in
which successive episodes represent durations in different states. This
article showed how Cox models can be used to estimate these models.
Using a large life history data set of German men born 1929-1931,
1939-1941, and 1949-1951, the estimation of a multiepisode propor-
tional hazards model that controls for the time-dependent effect of
labor-force participation was shown.

This analysis shows that for downward moves using an episode-
constant model it was justified, but for upward moves some statisti-
cally significant differences between the effects of education and
prestige in different job episodes should not be neglected. Social
scientists should, therefore, not only give more attention to the fact
that social processes are usually multiepisode processes, but also
should consider that the use of episode-constant coefficients in these
models requires examining whether these coefficients are, in fact,
statistically the same across episodes.
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